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Abstract

We have usedTesarandSmolensky’s RIP/CD learningalgorithmcombinedwith Gerde-
mannandvan Noord’s approachto finite stateOT for learningDutch metricalstress.A
finite statemodelfor Genandmostof theconstraintsis givenandusedfor learninga het-
erogeneousdataset.

1 Intr oduction

Thepresentpapercombinesthreefields. Thefirst oneis OptimalityTheory(OT),
a linguistic model that hasbeenvery popular, especiallyin phonology, sinceits
appearancein 1993(PrinceandSmolensky 1993).

The secondcomponentof this paperis finite state(FS) technology. It was
claimedby (Johnson1972)thatthecontext-sensitiverulesof Chomsky andHalle’s
TheSoundPatternof English(1968)canbereplacedby a regular (rational)rela-
tion betweenthe underlyingrepresentation(UR) and the surfacerepresentation
(SR)(exceptfor thecyclic rules).Severalapproacheshavebeenproposedfor for-
malizingbothtraditionalgenerativephonology(KaplanandKay 1994)aswell as
alternative frameworks(Koskenniemi1983,Bird andEllison 1994).A finite state
approachto phonologywould have severaladvantages.It makespossibleto have
efficient androbustcomputationalimplementations,andhasa numberof features
thatmightmake it aplausiblepsycholinguisticmodel.

Thethird ingredientis learnability:theadequatenessof alinguistictheoryfrom
thepointof view of acquiringthelanguage.A theoryshouldpossiblyleadto some
learningalgorithmof thelanguage,andit is evenbetterif this learningalgorithm
cansomehow simulatereal life casesof languageacquisition(L1 and / or L2).
Making a computerusea languagecannotonly be achieved by explicitely im-
plementingrules, whosenumbercan be huge,but also by letting the computer
learnitself basedondata,similarly to achild. Oncethecomputerhasdeducedthe
grammaritself, noncomputationallinguistscouldalsomakeuseof it.

Accordingto thebasicsuppositionsof OT, bothGenandthesetof constraints
areuniversal.Thereforelearningmeansto find theappropriatehierarchythatpre-
dictscorrectlythesetof learningdata.

By puttingtogetherthesethreeingredients,we cansetup severalgoals.Given
acomplex setof dataandalargersetof constraints,findinganappropriateranking,
or proving thatno rankingexistsis hard,especiallyif thenumberof candidatesto
beconsideredis alsohigh. A computertool maybehelpful, anddueto thecom-
plexity of thetask,therobustnessof FStechnologymight make it moreefficient.

A secondgoalcanbe to createa tool that languageengineeringcouldbenefit
from. In otherwords,weseekalearningalgorithmfor finite statelinguistics.Why
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not trying thento build in someelementsof Optimality Theory? The algorithm
needsnotto beanexactimplementationof OT, but an“OT-like” algorithmsuffices
thatcanbeusefulin languageengineering.

A lastpointneedsto bedecidedbeforewestartmixing theseingredients:what
shouldbe thespecificlinguistic domainwe want to work on? Metrical stressas-
signmentseemsto beagoodcandidatesinceit is relatively independentfrom other
linguistic fields,it hasbeena favorite topic in OT phonologyliterature,including
learnability issues. But, unlike the syllabificationexample, it hasnot yet been
implementedonfinite statemachineries,anadditionalstepweneedto perform.

2 Metrical StressTheory

The standardway to analyzestressin currentphonologicalliteratureis basedon
thework by Prince,Hayesandothersin thelate70sandin the80s(Hayes1981).It
is supposedthatprosodicwordsarecomposedof athree-levelhierarchicalmetrical
structure.Somesyllablesareorganizedinto feet,andtheprosodicword consists
of thesefeet,aswell asthe syllablesthatarenot parsedinto feet. (Unlike in the
OT syllabificationexample,an unparsedelementis pronounced.)It hasbeena
generalassumptionthatafoot canincludeoneor two syllablesonly. Eachfoot has
aheadsyllable,andtheprosodicwordhasexactlyonehead(main)foot. Thehead
syllablesaretheonesbearingstress:theheadsyllableof themain foot bearsthe
primarystress,while theheadsyllablesof thenonmainfeetbearsecondarystress:

�����������
	�����������������

Herecurly bracketsreferto themainfoot, squaredbracketsto thenon-mainones.� standsfor theplaceof theprimarystress,and � for theplaceof secondaryones.
Feetareelementsof the model that arerequiredfor the analysis,but do not

effect pronunciation. Thereforethey do not appearon the learningdata. If we
know thata word with threesyllableshasa primarystresson its secondsyllable,
therearethreedifferentpossibilitiesfor parsingit intoametricalstructure:����������� ,����������� and ����������� . This ambiguityof the parsedforms correspondingto the
languagedatawill playanimportantrole in thefollowing.

An additionalcomponentof metricalstresstheory is the syllabletype speci-
fication. Although detailsmay differ from languageto language,it is generally
acceptedto have light syllables(consistingof onemora)andheavy syllables(two
moras),aswell assuperheavy syllablesfor somelanguages.Languagesdiffer in
their definitionsof thesetypes,whethercontaininga coda,a longvowel and/ or a
diphthongaffectstheweightof thesyllable.

In the OT approachto metrical stresstheory, the underlyingrepresentation
(UR) doesnot includeinformationon stress,andthe goal is to determineit. For
the implementationto bepresentedanUR stringwill consistof thephonological
segments,aswell asof informationaboutsyllabification:syllableborders(. ) and
syllabletypes(textttL, textttH or textttS).This informationis thoughtto bedeter-
minedbeforehandandindependently. For examplyfor theword idée it would be
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iL.deeL . A learningdatumon theotherhandincludesinformationaboutstress,
aswell: iL.dee1L , where1 refersto theplaceof theprimarystress.

Genassignsthenpossiblemetricalstructuresto theUR: its outputis thesetof
all imaginableparsesof theinput. That includesall possibledistributionsof main
andnon-mainfeet,andall possibledistributionsof headsyllableswithin eachfoot
(e.g. iL. 	 dee1L � , 	 i1L � .[dee2L] , 	 i1L.deeL � , etc.).

Thusthe key notionsof metricalstresstheoryaresyllables,feetedges,word
edges,syllable typesand stressdistribution. Most constraintsusedrefer to the
co-occurrenceof someof thecombinationsof thesenotions.Thefirst typeof con-
straintrequirescertaintypeof syllablesto bearstress.For instance,theWeight-to-
StressPrinciple forcesheavy (andsuperheavy) syllablesto bearstress.A second
typeof constraintrefersto syllablesandfeet: theconstraintParseSyllableis sat-
isfiedwhensyllablesareparsedinto feet,andtheconstraintFoot Binarity prefers
feetcontainingtwo moras(aheavy syllableor two syllables).Thethird constraint
family accountsfor thestress(headsyllable)distribution within eachfoot: some
prefer iambic feet (stresson the final syllable), others(Foot-Nonfinal)trochaic
ones(stresson theinitial syllable).Lastly, someconstraintsrequirethealignment
of certainedges,like thoseof theword with thoseof themainfoot or of any foot.

Herearethetwelve constraintsproposedby TesarandSmolensky (2000)asa
standardsetof constraintsfor stressassignmentconsistentwith recentpapersin
this field:

Foot Binarity (FootBin): Eachfoot mustbeeitherbimoraicor bisyllabic.

Weight-to-StressPrinciple (WSP): Each heavy (and super heavy) syllable must be
stressed.

Parse-Syllable(Parse): Eachsyllablemustbefooted.

Main-Right: Align thehead-footwith theword, right edge.

Main-Left: Align thehead-footwith theword, left edge.

All-F eet-Right: Align eachfoot with aword, right edge.

All-F eet-Left: Align eachfoot with a word, left edge.

Word-Foot-Right (WFR): Align theword with somefoot, right edge.

Word-Foot-Left (WFL): Align theword with somefoot, left edge.

Iambic: Align eachfoot with its headsyllable,right edge.

Foot-Nonfinal(FNF): Eachheadsyllablemustnotbefinal in its foot.

Nonfinal: Do not foot thefinal syllableof theword.

As theseconstraintsdo not refer to superheavy syllablesthat areneededfor
Dutch, we addedto this seta further constraint,basedon “Peak-prominencefor
superheavy syllables”in (GilbersandJansen1996):

Primary-Str ess-Super-Heavy (PSSH): Each super heavy syllable must bear primary
stress.
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3 Learnability in Optimality Theory

TesarandSmolensky (2000)presentanexperimentaboutthelearnabilityof stress.
They usedformsfrom 124pseudo-languages(eachof themgeneratedby apermu-
tationof thetwelveconstraintspresented).Dependingontheinitial hierarchyused
they succeededto learn75 to 120out of theselanguages.

Their learningalgorithmconsistsof two parts.Error DrivenConstraint Demo-
tion (EDCD) comparesa pieceof the learningdata(the winner) with the output
producedby the hierarchyfrom the UR correspondingto the learningdata(the
optimal form or the loser). If the two do not coincide,this is becausethereis a
constraintfor which the loser performsbetteranddiscardsthe winner. In order
to make the winner the better, we needto demoteall the constraintsfor which
the losergetslessviolation marks,below thehighestrankedconstraintfor which
winner is preferred.

This algorithmis provedby TesarandSmolensky to convergetowardsthetar-
gethierarchyin arelatively efficientway. But thereis afurtherproblemin thecase
of stressassignment.For the given the languagedata,the URs they derive from
areunambiguous.But, asalreadyexplained,thereis anambiguityin parsingthe
languagedatainto parsedforms. Thereforeit is not obviouswhich parseshould
beconsideredasthewinnerwhencomparingthelearningdatumto someloser.

Thesolutionproposedby TesarandSmolensky is a recursivealgorithmcalled
RobustInterpretiveParsing/ Constraint Demotion(RIP/CD).RIP is similar to the
“production-directedparsing”,i.e. standardproductionin OT, with theonly differ-
encethattheoutputof its Genis restrictedto thecandidatesthatcorrespondto the
given languagedatum(that arepronouncedthe sameway). From this restricted
set,Eval determinestheoptimalparsewith respectto a givenhierarchy.

Thereforetherecursivealgorithmproposedlookslike this. After supposingan
initial hierarchy, RIP assignseachlanguagedatuma parsedstructure,which will
thenserve as the winner in CD. ThenCD learnsa new hierarchy, and this new
hierarchycan re-enterRIP leadingto new parsedforms, etc. This continuesas
long asourworking hierarchyis notableto produceall of ourparsedforms.

Unlike CD, therecursive RIP/CDalgorithmis not guaranteedto convergeto-
wardsthetargetranking. TesarandSmolensky presentthreesituationswherethe
algorithmcangetstuck,for instanceif two candidatesteachcontradictingrankings
to thelearningalgorithmor if aparsedcandidatethatis supposedto bethewinner
couldneverbea winner.

Thecomparisonof thewinner to theactualharmonicalform andtheperform-
ing of the demotionslearnt from this comparisonis calleda learningstep. We
adoptedTesarandSmolensky’sstandardthateachcandidateis allowedup to five
learningsteps:if thelearnthierarchyis still not ableto producethecorrectform,
we returnto our initial hierarchyandproceedto thenext candidate.

We go throughthewholecandidatesetfive timesandif no hierarchyis found
thataccountsfor thewholeset,thealgorithmis saidto havefailed.

A lastremarkis neededbeforewegoon. CD, asdefinedby TesarandSmolen-
sky, andaswehaveimplementedsofar, refersto stratifiedhierarchies. Thismeans



LearningDutch Stressin OptimalityTheoryusingFSAUtilities 5

that constraintsaregroupedinto strata,andthe violation marksassignedby the
constraintson a given stratumaresummedup, beforedeterminingwhich candi-
datesaresub-optimal,andshouldthereforebe filtered out by that stratum. We
shallseelateron theconsequencesof usingstratifiedhierarchies.

Theexact formulationof theCD algorithmwe usedis equivalent,but slightly
differentfrom theoneof TesarandSmolensky (2000).This shows therole of the
strata:1

��������� ��!�"��
:there is a constraint #%$ in stratum

�
such that # $ (winner) &'# $ (loser) ( .

for
�)�+*�,�,�, � �

for each constraint # in stratum
�
:

if ( # (winner) -'# (loser))

then
"
demote # to stratum

���).0/ ( .

4 Finite StateOptimality Theory

If OT isanadequateandnottoopowerfulmodelfor phonology,andif phonologyis
reallyaregularrelationbetweenUR andSRasit hasbeenclaimedsinceJohnson’s
dissertation,onewouldexpectthatOT canberealizedwith finite statetechnology.

Therehave beena few approaches.The ideaof Finite StateOptimality The-
ory is to regardthe grammarasthe compositionof finite statetransducers.The
first one representsGen,andproducesthe setof the candidateswhen inputting
anunderlyingform. TheconstraintsconstitutingEval actasfilters,outputtingthe
harmonicalcandidate(s)of their input set. They arecomposedby the“optimality
operator”(oo) in aserialway, following thehierarchyto beimplemented:

gen oo con1 oo con2 oo ... oo conN

Thefeasibilityof FiniteStateOptimalityTheoryconsistsof threecomponents.
The first andleastexploredoneaskswhich linguistic modelsusea Genthat can
be formulatedasa (non-deterministic)transducer. Most theoreticalwork on Fi-
nite StateOT (FrankandSatta1998,Jäger2002)presupposesthat Genis itself
a rationalrelation. Paperspresentingconcreteproblems(Karttunen1998,Gerde-
mannandvanNoord 2000)have usedthe syllabificationexample– the classical
paradigmsince(PrinceandSmolensky 1993)– andthey have shown the Genof
thisparadigmto bearegularrelation.In thispaperweshallseethatit is possibleto
write a finite transducerrealizingtheGenof theOT modelfor metricalstructure
andstress. It would be a challengingtask to investigatewhat criteria a linguis-
tic modelshouldmeetfor its Gento be a regular relation(seee.g. reduplicative
morphologies,asin (Albro 2000)).

Thesecondquestion,themostelaboratedso far, asksif it is possibleto build
a model(an optimality operator),supposingonehasthe requiredtransducersfor
Gen,aswell assomesortof transducersfor eachof theconstraints.AlreadyFrank
1(12�354 refersto thenumberof violationmarksassignedby constraint1 to form 3 . Thehighestranked
stratumis stratum6 , thesecondstrongeststratumis calledstratum7 , etc.
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andSatta(1998)show thatthis is notalwayspossible,becausefinite statetoolsare
not ableto countthe numberof violation marks,which is crucial in many cases.
Sothegoalis to doasgoodaswecan,i.e. to presentfinite statemodelsthatwould
work for wide classesof constraintsusedin linguistics.

FrankandSatta(1998)prove that a modelcanbuilt by using lenientcompo-
sition, if constraintsassignmaximally oneviolation mark to eachcandidate.If
thereis an upperbound 8 on the numberof violation marksassignedto a can-
didate,we canconstructa seriesof 8 filters: the first onefilters out candidates
having at least1 violation marksif therearesomecandidateshaving no violation
marks,otherwiseit letsall pass;thesecondfilter eliminatesall candidateswith at
least2 violationmarks,but only if therearesomewith only 1, etc.This “counting
approach”wasimplementedby (Karttunen1998)for thesyllabificationparadigm.

The“matchingapproach”proposedby GerdemannandvanNoord[2000]does
not needan upperboundon the numberof violations. It also usestransducers
assigningviolation marksfor eachconstraint,but the key ideais to createa set
includingthenon-optimalcandidatesby addingextra violationmarks.Theoutput
shouldmatchthe complementof this set (the latter may alsoincludestringsnot
beinga candidate).This is thetechniquewe have used,andwe will go moreinto
detailsin section5. Therewe shall alsoseethatdueto somepeculiaritiesof the
modelexactnessis not alwaysguaranteed.Sometimesonly anapproximationcan
beachieved,althoughit performsbetterthenthe“countingapproach”.

A recentextensionof the approachof Gerdemannandvan Noord (2000) is
(Jäger2002). It is basedon a moregeneralapproachto constraints.A constraint
canin factbeseenasastrictpartialorderonthesetof candidates(Samek-Lodovici
andPrince1999),andit makesuseof transducersreflectingthis partialorder. But
its generativecapacitydoesnot reallydiffer from theapproachof Gerdemannand
vanNoord(2000),thatweadopted.

Thethird questionconcerningthefeasibilityof FiniteStateOptimalityTheory
is what constraintscanbe modeledasa finite transducerfollowing the needsof
the approachused?Only “output markedness”constraintshave beenconsidered
so far, i.e. violations dependonly on the form of the candidate,an not on the
underlyingrepresentationit is derived from. Furthermore,violationsshouldbe
assignedusingstandardstringmanipulationtechniques,andsomesortof locality
is probablyalsorequired.In a recentpaper(Bı́ró 2003)we have provedthat it is
not possibleto write a transducerassigningviolation marks,if thereis no linear
boundon thenumberof violationmarksassigned,in functionof theinputstring’s
length(non-linearconstraints).

5 A Finite-Statemodel for stressassignmentin OT

In the following sectionwe shall usea formalismcloseto the oneof FSA Util-
ities 6.0 by Gertjanvan Noord ((van Noord 1997,van Noord 1999)). The basic
operationswewill needare:
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non-footed-syllable := [phoneme*, syllable-type, eos]
insert-1 := [phoneme*, []:1, syllable-type]
insert-2 := [phoneme*, []:2, syllable-type]
no-insert := [phoneme*, syllable-type]
non-head-foot :=

"
[ []:[, insert-2, []:], eos],

[ []:[, insert-2, eos, no-insert, []:], eos],
[ []:[, no-insert, eos, insert-2, []:], eos] (

head-foot :=
"

[ []:
"
, insert-1, []: ( , eos],

[ []:
"
, insert-1, eos, no-insert, []: ( , eos],

[ []:
"
, no-insert, eos, insert-1, []: ( , eos] (

gen := [bow,
"
non-footed-syllable, non-head-foot ( *,

head-foot,
"
non-footed-syllable, non-head-foot ( *, eow]

Figure1: Genof StressAssignmentasa regularrelation.

[] emptystring9
E1, E2,..., En: concatenationof E1 ... En"

E1,E2,...En ( unionof E1...En
(E) groupingfor operatorprecedence
E* Kleeneclosure
E+ Kleeneplus
Eˆ optionality

E1 - E2 difference
˜E complement
? any symbol

A o B composition
range(E) rangeof transduction

Theexpressiona:b refersto the transducermappinga to b andall theother
symbolsontothemselves.Furthermorewemadeuseof theleft-mostmatchcontext
sensitive replacementoperator, replace(Transducer, Left context,
Right context) , describedin (GerdemannandvanNoord1999).

Figure1 shows thedefinitionof theGen-module,usingtheformalismof FSA
Utilities.

Herephoneme refersto thesetof possiblephonemes,syllable-type to
the setof syllable-typesymbols( 	 L, H, S� ), while eos , bow andeow to the
end-of-syllable,beginning-of-wordandend-of-wordcharactersrespectively (. , *
and#). 1 and2 arethesymbolsusedfor primaryandsecondarystressrespectively.
Thebracketsusedfor feetare 	�� for mainfeetand[] for nonmainfeet. fl andfr
includebothpossibleleft (opening)or right (closing)foot brackets,respectively.

Thefirst moduleof theRobustInterpretiveParseris thesametransducer, with
theonly differencethatinsteadof insertingprimaryandsecondarystress,weneed
to checkthem:

check-1 := [phoneme*, 1:1, syllable-type]

check-2 := [phoneme*, 2:2, syllable-type]
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mark con(footbin) := replace([]:@,
[fl,phoneme*,stress,ls,fr,eos] , [])

mark con(wsp) := replace([]:@, [˜(stress),H,S,frˆ,eos], [])
mark con(parse) := replace([]:@,

[
"
bow,eos ( , "

˜
"
fl, fr, eos (;( *,eos], [])

mark con(main-right) := replace([]:@, [ ( ,eos,? *,eos ],[])
mark con(main-left) := replace(eos:[eos, tmpviol]) o

replace(tmpviol:[], [
"
, ? *],[]) o replace(tmpviol:@)

mark con(wfr) := replace([]:@, [˜(fr), eos], [@*, eow])
mark con(wfl) := replace([]:@, [bow,(˜

"
fl,eos ( )*,eos], [])

mark con(iambic) := replace([]:@,
[˜(stress),syllable-type,fr,eos], [])

mark con(fnf) := replace([]:@,
[stress,syllable-type,fr,eos], [])

mark con(nonfinal) := replace([]: @, [fr,eos], [@*,eow])

mark con(pssh) := replace([]:@, [˜(1),S,frˆ,eos], [])

Figure2: RegularrelationsmarkingOT constraintviolationsfor stressassignment

takestheplaceof insert-1 andinsert-2 .
Figure2 shows the formulationof 10 out of TesarandSmolensky’s 12 con-

straints,aswell astheformulationof thePrimary-Stress-Super-Heavy constraint.
@standsfor theviolationmark.

Whenformulatingthe constraintParse,we heavily build uponthe fact that a
foot maycontainno morethantwo syllables.In otherwords,any footedsyllable
mustbealignedat leastwith onefoot edge.

It is useful for the implementationto useformulationsthat representtrans-
ducersthat canbe determinized.Constraintsthat refer to someright edge(e.g.
Main-Right,Nonfinal,...)couldhave beendescribedusuallyin aneasierway, but
resultingin atransducerthatcannotbedeterminized,andthereforebeingsloweror
causinginconveniencesin applications.For instanceonecouldhavethefollowing
(moreelegant)formulationfor Nonfinal:

replace([]:@, [fr,eos], [(? -eos)*, eow])

reflectingthe ideathat the word is assigneda violation mark if f the last syllable
endswith a right foot-bracket. The expression(? -eos)* refersto anything
that is not a syllable,but this would leadto an undeterminizabletransducer. But
supposingthatonly violationmarkscouldoccurafterthelastend-of-syllablesym-
bol, wegetto theearlierformulation,which is notsogeneral,but it is determiniz-
able.

Similarly, the above implementationof the Word-Foot-Rightconstraintsup-
posesthatonly violationmarkscanappearbetweenthelastend-of-syllablesymbol
andtheend-of-wordsymbol.

The samemotivation lies behindthe “indirect” formulationof the Main-Left
constraint: we introducesometemporaryviolation marks(tempviol ), assign
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oneto eachsyllable, thenwe deletethe onesafter the main foot, andfinally re-
placetheremainingoneswith thefinal violationmark.Theresultis oneviolation
markassignedto eachsyllableappearingbeforethemainfoot. If we built a trans-
duceranalogousto theonerealizingMain-Right,thatwould not bedeterministic,
becausethetransducersreadtheir inputsfrom left to right.

Thereis someasymetryin theformulationof theIambicandtheFootnonfinal
(FNF)constraints,dueto theassymetryobservedin linguisticdata,asexplainedby
(TesarandSmolensky 2000). Neverthelesstheir above formulationshows nicely
thesymmetryin anothersense.

Two outof thetwelveconstraintsusedby (TesarandSmolensky 2000)arenot
regular relations.TheseareAll-Feet-Left andAll-Feet-Right,constraintsthatas-
signto eachfoot asmany violationsmarksasthenumberof syllablesintervening
betweenthe left (right) edgeof thefoot andthesameedgeof theprosodicword.
Thereforeassigningviolationmarksrequiresembeddedcycles,andthenumberof
violation marksassignedmaximally to a candidateis quadraticin functionof the
lengthof the input string (numberof syllablesin the word). As recentlyproved
(Bı́ró 2003),constraintsof this typecannotbeformulatedasfinite statetransduc-
ers.

As the RIP/CD algorithmusesstratifiedhierarchies,we needto introducean
additionaloperatorcombiningtheviolationmarksassignedby two constraints:

mark con(C1 xx C2):= mark con(C1) o mark con(C2)

This way we areable to usestrata, seenas “complex constraints”from the
pointof view of theoptimalityoperator:theviolationmarksaresummedupbefore
thestratumfilters out thesub-optimalcandidates.2

Furthermorewe usedthe optimality operatorasdefinedby (Gerdemannand
vanNoord2000):

Inp oo C := Inp o mark con(C) o

˜range(Inp o mark con(C) o add viol) o (@:[])

wherethe add viol transducerinsertsany numberof violation marksto any
place,andreorganizesthe bracketsandthe stresssymbols. The key ideaof this
optimalityoperatoris thata setis built which includesthenon-optimalcandidates
(aswell asmany otherstrings),but doesnot includetheoptimaloneswith respect
to this constraint.Thereforetheoptimalcandidatesmatchthecomplementof this
set,while thesub-optimalonesarefilteredout.

Thewayof constructingthenon-optimalcandidatesin thiscaseis to addaddi-
tionalviolationmarksto thestrings(aswell asto removeandaddparsingbrackets
andstresssymbols).By addingviolation marksto candidateshaving lessmarks,
we hopeto be able to createthe candidateshaving more violation marks. The
2Whenformulatingthetransducersfor theconstraintsit wasnecessaryto avoid any interferenceamong
themin a stratifiedsystem.That is the reasonwhy all our constraintsin Fig. 2 inserttheir violation
marksjust aftertheend-of-syllablesymbol.
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problemis thatnot all sub-optimalcandidatescanbeconstructedthis way. Imag-
ine you have two candidates:the first onehasoneviolation mark in position1,
while thesecondonehastwo marks,in position2 and3 respectively. In orderto
filter out thesecondcandidate,weneedto includeit in thefilter-set.But wherever
we put extra violation marksinto the first candidate,we cancreateonly strings
having a violationmarkin position1 aswell.

The solutionproposedby Gerdemannandvan Noord is to introducea per-
mute marker operator. This deletesa violation markandaddanotheroneto a
differentplace. Thus,in our example,we canincludethe secondcandidateinto
thesetto befilteredout, by addinga violation markto thefirst candidateto posi-
tion 2, andthenby applyingthepermute marker operatorthatmovestheother
violationmarkfrom position1 to position3. A componentof add viol doesthe
restof thetaskby removing andaddingparsingbracketsandstresssymbols.

But in somecaseswehavemoreviolationmarks,andwemightneedarepeated
useof thepermutingoperator. Thenumberof timesweneedto usethisoperatoris
calledthe level of precisionof thefinite statemodel,andthequestionwe always
have to decideis whatprecisionis actuallyrequired.

Althoughit is not clearwhetherwe canalwaysdecidethedegreeof precision
needed,in many caseswe hopewe cansolve theproblem.But in thecaseof the
RIP/CDalgorithmin thecontext of which we would like to usethefinite model,
thereareadditionalproblemsarising.Firstof all, thelearningalgorithmusesstrat-
ified hierarchies,which can make the numberof violation marksassignedto a
candidateby a givenstratumespeciallyhigh, leadingto theneedof a high preci-
sion,whichcanthencauseproblemsfor thecomputation.Furthermoretheranking
changesfrom stepto stepin theprocessof learning,thereforethealgorithmshould
determinethe degreeof precisionsneededat eachstepfor eachcombinationof
constraintsforminga stratum.

Thereforewe decidedto skip this problem,a point thatwe shallcomebackto
later.

6 Putting all the ingredientstogether

Let us put all theseingredientstogether. We have built a softwarepackagethat
runstheRIP/CDalgorithmusingthedescribedfinite stateformulationof theOT-
modelfor stressassignment.We haveusedvanNoord’sFSA Utilities (vanNoord
1997,vanNoord1999)for runningthefinite statepartof thepackage.As learning
datasetwe used24 Dutchwordsbasedon (GilbersandJansen1996)(cf. figure
3). They representdifferenttypesappearingin Dutch.Syllabificationandsyllable
typedefinitionsfollowedthestandardrulesin Dutch.Is it possibleactuallyto learn
a rankingof theelevenconstraintswhoseformulationwaspresentedin section5?

As TesarandSmolensky show, RIP/CDis notguaranteedto converge,although
it doesin mostof thecases,if thereexistsa singlehierarchythatproducesall the
data.But is it thecasenow?

It canbeeasilyseenthat therearewordsin Dutchthathave thesamesyllable
structure,thereforeany rankingof theabovementionedconstraintswould predict
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ma2L.caL.ro1L.nieL gor2H.gonH.zo1L.laL
a2L.necH.do1L.teL Mul2H.taL.tu1L.liL
fo2L.noL.loL.gie1L co2L.rresH.ponH.dent1S
in2H.diL.viL.du1L a2L.lekH.sanH.drijn1S
ho2L.riL.zonH.taal1S Con2H.stanH.tiL.no1L.pelH
me2L.lanH.choL.liek1S ar2H.chiL.tecH.tuur1S

caL.deau1L taL.bak1H
dicH.tee1L serH.vies1S
iL.dee1L heL.laas1S
aL.buis1S haL.bijt1S

o2L.noL.maL.toL.pee1L e2L.tyL.moL.loL.gie1L
en2H.cyL.cloL.peL.die1L di2L.aL.lecH.toL.loog1S

Figure3: Thelearningdatasetusedin our experiment:24 Dutchwordsincludingsyllabi-
fication,syllabletypespecificationandstressinformation.

thesamestresspatternto them,andstill they dohaveadifferentstresspattern.For
wordswith threelight syllables,we have the caseof Pánamawith the stresson
thefirst syllable,thecaseof Tah́ıti with thestresson thesecondoneandchocoĺa
with the stresson the third syllable. Although the secondcaseis said to be the
regularone,theRIP/CDalgorithmwill fail to find asinglehierarchy, sinceit seeks
a rankingthatfits all thedata.Anotherminimalpair is presentedby thecaseof de
régeling (’rule’) asopposedto deregéring (’government’).3

Thereforewe needto introducea further ideain orderto solve theproblemof
thisheterogeneous(or noisy)dataset. We takerandomsubsetsof thelearningdata
setandlook for a hierarchyfor thesesubsets.Supposewe have founda hierarchy<>=

for a subset.Thenwe canremove all the datafrom the original learningset
whosestresscancorrectlybepredictedby

< =
, andlook for furtherhierarchiesfor

theremainder, aslong assomedataarenot coveredby somehierarchy.
Oncewe have a set of hierarchies

< =
,
< ?

,...,
<A@

, we evaluateall the data
accordingto them.Thereareanumberof possiblesituations,afterhaving entered
thecorrespondingunderlyingrepresentationof a givendatuminto theOT-system
usinga given hierarchy. Either noneof the outputcandidates(predictedby the
OT-systemto be the grammaticalforms) correspondsto (is pronouncedas) the
languagedatum. This situationwill be denotedby B . Anotherpossibility is that
thereis only one output,and this correspondsto the languagedatum(situation
3A furthercomplicatingfactoris therecognitionof compoundwords.And evenif onecouldautomat-
ically recognizethemostcommonmorphemes,somecasesarenot predictable:theprefix onderis for
instancestressedin ondergaanandunstressedin onderstrepen. Furthermore:vóorkomen’to appearin
court’ vs.voorkómen’to prevent’.
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CED
= genoo(footbin xx wfl xx pssh)oo (main-rightxx wfr) oo (nonfinalxx main-left)

oo (fnf) oo (iambicxx wspxx parse)C>F
= genoo(footbinxx parsexx wspxx main-rightxx wfr xx wfl xx pssh)

oo (iambicxx main-leftxx nonfinal)oo (fnf)C>G
= genoo(footbinxx fnf xx parsexx wspxx iambicxx main-leftxx main-rightxx wfr

xx wfl xx nonfinalxx pssh)C>H
= genoo (parsexx wspxx footbinxx psshxx main-rightxx wfr xx fnf xx wfl

xx nonfinal)oo (main-leftxx iambic)C>I
= genoo(nonfinalxx wspxx iambicxx main-leftxx footbinxx main-rightxx wfr

xx wfl xx psshxx parse)oo (fnf)C>J
= genoo(footbin xx fnf xx wspxx main-rightxx wfr xx wfl xx nonfinal

xx pssh)oo (iambicxx main-left)oo (parse)C>K
= genoo(footbinxx fnf xx wspxx iambicxx main-rightxx wfr xx wfl xx nonfinal

xx pssh)oo (parsexx main-left)

Figure4: Thehierarchy-like transducersfoundby thelearningalgorithm

data L D L F L G L H L I L J L K
ma2L.caL.ro1L.nieL 3 0 1 3 1 3 1
gor2H.gonH.zo1L.laL 3 0 1 1 0 3 1
a2L.necH.do1L.teL 3 0 0 0 0 0 0
mul2H.taL.tu1L.liL 3 0 1 3 1 3 1
fo2L.noL.loL.gie1H 0 0 1 3 0 3 1
co2L.rresH.ponH.dent1S 3 0 0 0 0 0 0
in2H.diL.viL.du1L 0 3 1 0 1 0 1
a2L.lekH.sanH.drijn1S 3 0 0 0 0 0 0
ho2L.riL.zonH.taal1S 3 0 1 3 0 3 1
con2H.stanH.tiL.no1L.pelH 3 0 0 0 0 0 0
me2L.lanH.choL.liek1S 3 0 0 0 0 0 0
ar2H.chiL.tecH.tuur1S 3 0 1 3 0 3 1
caL.deau1L 0 3 1 0 3 0 1
taL.bak1H 0 3 3 3 3 3 3
dicH.tee1H 0 0 1 0 3 0 1
serH.vies1S 3 0 1 3 3 3 1
iL.dee1L 0 3 1 0 3 0 1
heL.laas1S 3 3 3 3 3 3 3
aL.buis1S 3 3 3 3 3 3 3
haL.bijt1S 3 3 3 3 3 3 3
o2L.noL.maL.toL.pee1H 0 0 1 0 0 3 1
e2L.tyL.moL.loL.gie1H 0 0 1 0 0 3 1
en2H.cyL.cloL.peL.die1H 0 0 1 0 0 3 3
di2L.aL.lecH.toL.loog1S 3 0 0 0 0 0 0
Numberof wordsin total: 15 7 4 10 8 14 5

Figure5: Evaluationof thedatawith respectto thehierarchiesfound
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M
). But it is alsopossiblethatwe have severaloutputs.If someof theoutputsdo

correspondto the languagedatum,andtheonly reasonof having moreoutputsis
that they areassignedthe sameviolation marksby all constraints(andtherefore
thegivensetof constraintscannotdistinguishamongthem),we getto a situation
thatwedenoteby � , but actuallythis situationdid not occurin ourexperiment.

Another, andfrequentsituationis whenwehavemoreoutputsdueto thestrat-
ified natureof the hierarchyusedby RIP/CD: constraintsdo not assignthesame
violation marksto them,but thesumof violationsarethesameon eachstratum.
Thereforethey areequallyharmonical.If someof theseoutputscorrespondto the
learningdatum,we speakof situation � . During the learningprocess,this situ-
ation would leadto further learningstepsrefining the hierarchy, so that only the
languagedatumwould turn to be optimal. But if the languagedatain thesubset
usedarefully describedby thepartially rankedhierarchy(situation

M
), wehaveno

further way to refinethe hierarchy, andthereforesomeother languagedata(not
within thelearningsubset)cangetinto a situation � . (In this stagea furtherlearn-
ing stepwould not be usefulbecausewe risk to “damage”the evaluationof the
original subset.)

In the first run we have found threehierarchies,
<AN

,
<AO

and
<QP

. But there
were five datafor which it was not possibleto find any ranking. Thesewere
fonologie, dictee,onomatopee,etymologieand encyclopedie. Even when run-
ninga learningalgorithmwith adatasetof asingleword,nohierarchywasfound.
All of themhadbeenanalyzedasendingwith a light syllable,andchangingthe
syllabletypespecificationof theselastsyllablesto heavy solvedtheproblem:four
furtherhierarchieswerefound:

<AR
,
<AS

,
<AT

and
<AU

.
Figure4 shows thesesevenhierarchies.We presentthemin theform of finite

statetransducers,asdefinedin section5. Thereasonfor that is to emphasizethat
thesetransducersdo not necessarilycoincidewith thecorrespondinghierarchies.
In a first approachtheexpression

gen oo (c1 xx c2 xx c3) oo (c4 xx c5) oo c6

couldbereadasthehierarchy:c1,c2,c3 VQV c4,c5 VQV c6.
But it is not guaranteedthat the finite statetransducerwe built is a correct

implementationof the phonologicalmodel representedby the secondnotation.
Thereasonof thisliesin thepermute marker problem.As explainedin section
5 thelevelof approximation(numberof permutations)neededishardto determine,
thereforewe decidednot to usethemat all. But this could easily lead to cases
whena sub-optimalcandidateis not filteredout by a stratumwhereit shouldbe,
andmay thereinafteralter the whole procedureof evaluation. So that the output
of thetransducerwould differ from theoutputexpectedbasedon a traditionalOT
tableau.

Consequently, we cannotclaim thatwe foundOT hierarchiesfor Dutchstress,
in its classicalsense. Rather, what we may say is that we found regular rela-
tions (transducers)thatapproximateOT phonology, but arenot exact implemen-
tationsof them. Furthermore,our claim that no hierarchycould be learnt for
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somedatamay be simply the artifact of this problem. For instance,for the da-
tum dicH.tee1L thehierarchy

all VQV WSP, FNF

shouldbeasolutionaccordingto traditionalOT. But thecorrespondingtransducer
(with anapproximationlevel of B ) would notproducethecorrectform.

Figure5 shows theevaluationof all thedatawith respectto thesehierarchies,
with thenumbersreferringto thesituationswhenthedatumdoesnot occurasan
output (B ), whenthe datumoccursamongthe outputshaving differentviolation
marks( � ), andwhenthedatumcoincideswith theonly output(

M
), respectively.

7 Conclusion

Thecombinationof thethreeingredients,OT, learnabilityandfinite statetechnol-
ogy, appliedto Dutch metricalstress,raiseda numberof questionandwe could
givedifferentanswersto them.

First we had to formulatea finite stateimplementationof the standardOT
model for metrical stressassignment. It turnedout that Gen is a regular rela-
tion, anda transducerthatassignsviolation markscanbeformulatedfor mostof
theconstraints(see(Bı́ró 2003)for thetwo onesthatcannot).As still openprob-
lems,I referhereto thequestionof the requiredprecision,which makesdifficult
to implementanOT-systemin anexactway.

Therefore,commingtothetwo questionsraisedin theintroductionaboutcom-
bining finite statetechnologywith learnability, we cansaythat usingfinite state
transducersfor makingeasierlearnabilitysimulationsis not necessarilysuccess-
ful. What we could achieve on the otherhandis a learningalgorithmfor finite
statephonology, resultingin “OT-like” transducersassigningstress.

The last point concernsthe learnabilityof a heterogeneousdataset. As we
could seeit, Dutch datado not fit into a single grammar(cf. the regéring and
régelingcase4 ), but the ideaof distributing thedatainto randomsubsetsproved
to bea successfulsolution.Theoutcomeis asetof hierarchiesassociatedto some
(overlapping)subsetsof thelexicon. 5
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