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Abstract

We have usedTesarand Smolensi¢’s RIP/CD learningalgorithm combinedwith Gerde-
mannandvan Noord’s approacho finite stateOT for learningDutch metrical stress. A

finite statemodelfor Genandmostof the constraintss given andusedfor learninga het-
erogeneoudataset.

1 Intr oduction

The presenpapercombineghreefields. Thefirst oneis Optimality Theory(OT),
a linguistic modelthat hasbeenvery popular especiallyin phonology sinceits
appearanci 1993(PrinceandSmolensk 1993).

The secondcomponentof this paperis finite state(FS) technology It was
claimedby (Johnsorl972)thatthe context-sensitve rulesof Chomslky andHalle’s
The SoundPattern of English(1968) canbe replacedy a regular (rational)rela-
tion betweenthe underlyingrepresentationfUR) andthe surfacerepresentation
(SR) (exceptfor thecyclic rules). Severalapproachebave beenproposedor for-
malizing bothtraditionalgeneratie phonology(KaplanandKay 1994)aswell as
alternatve frameworks (Koskenniemil983,Bird andEllison 1994). A finite state
approacho phonologywould have seseraladvantagesit makespossibleto have
efficientandrobustcomputationalmplementationsandhasa numberof features
thatmight make it a plausiblepsycholinguistianodel.

Thethird ingredients learnability:theadequateness alinguistictheoryfrom
thepointof view of acquiringthelanguageA theoryshouldpossiblyleadto some
learningalgorithmof thelanguageandit is evenbetterif this learningalgorithm
cansomehw 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 basedn data,similarly to achild. Oncethe computethasdeducedhe
grammaiitself, non computationalinguistscould alsomake useof it.

Accordingto the basicsupposition®f OT, both Genandthe setof constraints
areuniversal. Therefordearningmeango find the appropriatehierarchythatpre-
dictscorrectlythe setof learningdata.

By puttingtogethertthesethreeingredientswe cansetup severalgoals.Given
acomple setof dataandalargersetof constraintsfindinganappropriateanking,
or proving thatno rankingexistsis hard,especiallyif the numberof candidateso
be considereds alsohigh. A computertool may be helpful, anddueto the com-
plexity of thetask,therobustnes®f FStechnologymight make it moreefficient.

A secondgoal canbeto createa tool thatlanguageengineeringcould benefit
from. In otherwords,we seekalearningalgorithmfor finite statelinguistics. Why
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not trying thento build in someelementsof Optimality Theory? The algorithm
needsotto beanexactimplementatiorof OT, butan“OT-like” algorithmsufiices
thatcanbeusefulin languageengineering.

A lastpointneedgo be decidedbeforewe startmixing thesengredientswhat
shouldbe the specificlinguistic domainwe wantto work on? Metrical stressas-
sighmenseemgo beagoodcandidatesinceit is relatively independenfrom other
linguistic fields, it hasbeena favorite topicin OT phonologyliterature,including
learnability issues. But, unlike the syllabification example, it hasnot yet been
implementedn finite statemachineriesanadditionalstepwe needto perform.

2 Metrical StressTheory

The standardwvay to analyzestressin currentphonologicalliteratureis basedon
thework by Prince,Hayesandothersin thelate 70sandin the80s(Hayes1981). 1t
is supposethatprosodicwordsarecomposeaf athree-lerel hierarchicametrical
structure.Somesyllablesare organizedinto feet, andthe prosodicword consists
of thesefeet, aswell asthe syllablesthat are not parsednto feet. (Unlike in the
OT syllabificationexample,an unparsecelementis pronounced.)It hasbeena
generabssumptiorthatafoot canincludeoneor two syllablesonly. Eachfoot has
aheadsyllable,andthe prosodicword hasexactly onehead(main)foot. Thehead
syllablesarethe onesbearingstress:the headsyllable of the main foot bearsthe
primarystresswhile theheadsyllablesof thenonmainfeetbearsecondargtress:

olo 02]{ol o}o[o2]

Herecurly bracletsreferto the mainfoot, squaredracletsto the non-mainones.
1 standdor the placeof the primary stressand2 for the placeof secondarynes.

Feetare elementsof the modelthat arerequiredfor the analysis,but do not
effect pronunciation. Thereforethey do not appearon the learningdata. If we
know thata word with threesyllableshasa primary stresson its secondsyllable,
therearethreedifferentpossibilitiesfor parsingt into ametricalstructure:s[o1]o,
olol o] and[o ol]o. This ambiguity of the parsedforms correspondingo the
languagedatawill play animportantrole in thefollowing.

An additionalcomponenbf metrical stresstheoryis the syllable type speci-
fication. Although detailsmay differ from languageto languageijt is generally
acceptedo have light syllables(consistingof onemora)andheary syllables(two
moras),aswell assuperheavy syllablesfor somelanguagesLanguagesliffer in
their definitionsof thesetypes,whethercontaininga coda,along vowel and/ or a
diphthongaffectstheweightof thesyllable.

In the OT approachto metrical stresstheory, the underlying representation
(UR) doesnot includeinformationon stressandthe goalis to determineit. For
theimplementatiorto be presentedin UR string will consistof the phonological
segmentsaswell asof informationaboutsyllabification:syllableborders. ) and
syllabletypes(textttL, textttH or textttS). This informationis thoughtto be deter
minedbeforehandandindependentlyFor examply for the word idéeit would be
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iL.deeL . A learningdatumon the otherhandincludesinformationaboutstress,
aswell: iL.deell ,wherel refersto theplaceof the primarystress.

Genassignghenpossiblemetricalstructurego the UR: its outputis the setof
all imaginableparse®f theinput. Thatincludesall possibledistributionsof main
andnon-mainfeet,andall possibledistributionsof headsyllableswithin eachfoot
(eg.iL. {deell },{ilL }.[dee2L] ,{ilL.deeL 1}, etc.).

Thusthe key notionsof metricalstresstheoryare syllables,feetedgesword
edges,syllable typesand stressdistribution. Most constraintsusedrefer to the
co-occurrencef someof thecombination®f thesenotions.Thefirst type of con-
straintrequirescertaintype of syllablesto bearstress For instancethe Weight-to-
StressPrinciple forcesheary (andsuperheavy) syllablesto bearstress A second
type of constraintrefersto syllablesandfeet: the constraintParseSyllableis sat-
isfiedwhensyllablesareparsednto feet,andthe constraint~oot Binarity prefers
feetcontainingtwo moras(a heavy syllableor two syllables).Thethird constraint
family accountdor the stresgheadsyllable)distribution within eachfoot: some
preferiambic feet (stresson the final syllable), others(Foot-Nonfinal)trochaic
ones(streson theinitial syllable). Lastly, someconstraintgequirethe alignment
of certainedges|ik e thoseof theword with thoseof the mainfoot or of any foot.

Herearethetwelve constraintproposedy TesarandSmolensk (2000)asa
standardsetof constraintdor stressassignmentonsistenwith recentpapersin
thisfield:

Foot Binarity (FootBin): Eachfoot mustbeeitherbimoraicor bisyllabic.

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

Parse-Syllable(Parse): Eachsyllablemustbefooted.

Main-Right: Align thehead-footwith theword, right edge.
Main-Left: Align thehhead-foowith theword, left edge.

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

All-F eet-Left: Align eachfoot with aword, left edge.
Word-Foot-Right (WFR): Align theword with somefoot, right edge.
Word-Foot-Left (WFL): Align theword with somefoot, left edge.
lambic: Align eachfoot with its headsyllable,right edge.
Foot-Nonfinal(FNF): Eachheadsyllablemustnotbefinalin its foot.
Nonfinal: Do notfoot thefinal syllableof theword.

As theseconstraintsdo not refer to superheavry syllablesthat are neededor
Dutch, we addedto this seta further constraint,basedon “Peak-prominencéor
superheavy syllables”in (GilbersandJanseri996):

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

TesarandSmolensl (2000)presenainexperimentaboutthelearnabilityof stress.
They usedformsfrom 124 pseudo-languagdeachof themgeneratedby a permu-
tationof thetwelve constraintpresented)Dependingntheinitial hierarchyused
they succeedetb learn75to 120out of thesdanguages.

Theirlearningalgorithmconsistof two parts.Error Driven Constaint Demo-
tion (EDCD) comparesa pieceof the learningdata(the winner) with the output
producedby the hierarchyfrom the UR correspondingo the learningdata(the
optimal form or the loser). If the two do not coincide,this is becausehereis a
constraintfor which the loser performsbetterand discardsthe winner. In order
to make the winner the better we needto demoteall the constraintsfor which
theloser getslessviolation marks,belov the highestranked constraintfor which
winneris preferred.

This algorithmis provedby TesarandSmolensk to convergetowardsthetar-
gethierarchyin arelatively efficientway. But thereis afurtherproblemin thecase
of stressassignment.For the giventhe languagedata,the URs they derive from
areunambiguousBut, asalreadyexplained,thereis anambiguityin parsingthe
languagedatainto parsedforms. Thereforeit is not obvious which parseshould
be consideredsthewinnerwhencomparingthe learningdatumto someloser.

The solutionproposedy TesarandSmolensk is arecursve algorithmcalled
RohustInterpretiveParsing/ Constaint Demotion(RIP/CD).RIPis similarto the
“production-directegbarsing”,i.e. standargroductionin OT, with the only differ-
encethatthe outputof its Genis restrictedto the candidateshatcorrespondo the
given languagedatum(that are pronouncedhe sameway). From this restricted
set,Eval determineshe optimal parsewith respecto a givenhierarchy

Thereforetherecursve algorithmproposedookslik e this. After supposingan
initial hierarchy RIP assignseachlanguagedatuma parsedstructure which will
thensene asthe winnerin CD. ThenCD learnsa new hierarchy and this new
hierarchycanre-enterRIP leadingto new parsedforms, etc. This continuesas
long asourworking hierarchyis notableto produceall of our parsedorms.

Unlike CD, therecursve RIP/CD algorithmis not guaranteedo cornvergeto-
wardsthetargetranking. Tesarand Smolensly presenthreesituationswherethe
algorithmcangetstuck,for instancef two candidateseachcontradicting-ankings
to thelearningalgorithmor if a parsedcandidatehatis supposedo bethewinner
couldneverbeawinner.

The comparisorof thewinnerto the actualharmonicalform andthe perform-
ing of the demotionslearntfrom this comparisonis called a learningstep. We
adoptedTesarandSmolensk’s standardhateachcandidatds allowed up to five
learningsteps:if thelearnthierarchyis still not ableto producethe correctform,
we returnto our initial hierarchyandproceedo the next candidate.

We go throughthe whole candidatesetfive timesandif no hierarchyis found
thataccountdor thewhole set,the algorithmis saidto have failed.

A lastremarkis neededeforewe goon. CD, asdefinedby TesarandSmolen-
sky, andaswe haveimplementedsofar, refersto stratifiedhierarchies Thismeans
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that constraintsare groupedinto strata,andthe violation marksassignedy the
constrainton a given stratumare summedup, beforedeterminingwhich candi-
datesare sub-optimal,and shouldthereforebe filtered out by that stratum. We
shall seelateronthe consequencesf usingstratifiedhierarchies.

The exactformulationof the CD algorithmwe usedis equivalent,but slightly
differentfrom the oneof TesarandSmolensk (2000). This shavs therole of the
strata:!

io := min{iithere  is a constraint C* in stratum i
such that C*(winner) < C*(loser) }.
for i=0...70
for each constraint C in stratum 3
if  (C(winner) > (C(loser))
then {demote C to stratum o+ 1}.

4 Finite State Optimality Theory

If OT isanadequat@andnottoo powerful modelfor phonologyandif phonologyis
reallyaregularrelationbetweerlJR andSRasit hasbeenclaimedsinceJohnsors
dissertationpnewould expectthatOT canberealizedwith finite statetechnology
Therehave beena few approachesThe ideaof Finite StateOptimality The-
ory is to regardthe grammarasthe compositionof finite statetransducersThe
first onerepresent$Gen, and produceshe set of the candidatesvheninputting
anunderlyingform. The constraintonstitutingEval actasfilters, outputtingthe
harmonicalcandidate(sf theirinput set. They arecomposedy the “optimality
operator”(00) in aserialway, following the hierarchyto beimplemented:

gen oo conl oo con2 00 ... 00 conN

Thefeasibility of Finite StateOptimality Theoryconsistsof threecomponents.
The first andleastexploredone askswhich linguistic modelsusea Genthatcan
be formulatedas a (hon-deterministicfransducer Most theoreticalwork on Fi-
nite StateOT (Frankand Sattal1998, Jager2002) presupposethat Genis itself
arationalrelation. Paperspresentingconcreteproblems(Karttunen1998,Gerde-
mannandvan Noord 2000) have usedthe syllabificationexample— the classical
paradigmsince(Princeand Smolensk 1993)— andthey have shavn the Genof
thisparadigmto bearegularrelation.In this papemwe shallseethatit is possibleto
write a finite transducerealizingthe Genof the OT modelfor metricalstructure
andstress. It would be a challengingtaskto investigatewhat criteria a linguis-
tic modelshouldmeetfor its Gento be a regularrelation(seee.g. reduplicatve
morphologiesasin (Albro 2000)).

The secondquestion the mostelaboratedsofar, asksif it is possibleto build
a model(an optimality operator) supposingone hasthe requiredtransducer$or
Gen,aswell assomesortof transducerfor eachof theconstraintsAlready Frank

1(C(a) refersto thenumberof violation marksassignedy constrainiC' to form a. Thehighestranked
stratumis stratum0, the secondstrongesstratumis calledstratuml, etc.
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andSatta(1998)shaw thatthisis notalwayspossible becausdinite statetoolsare

not ableto countthe numberof violation marks,which is crucialin mary cases.
Sothegoalis to doasgoodaswe can,i.e. to presenfinite statemodelsthatwould

work for wide classe®f constraintausedin linguistics.

Frankand Satta(1998) prove thata modelcanbuilt by usinglenientcompo-
sition, if constraintsassignmaximally one violation mark to eachcandidate. If
thereis an upperboundn on the numberof violation marksassignedo a can-
didate,we can constructa seriesof n filters: the first onefilters out candidates
having at least1 violation marksif therearesomecandidatefiaszing no violation
marks,otherwiseit letsall passihe secondilter eliminatesall candidatesvith at
least2 violation marks,but only if therearesomewith only 1, etc. This“counting
approach’wasimplementedy (Karttunen1998)for the syllabificationparadigm.

The“matchingapproach’proposedy GerdemanmandvanNoord[2000]does
not needan upperboundon the numberof violations. It also usestransducers
assigningviolation marksfor eachconstraint,but the key ideais to createa set
includingthe non-optimalcandidatedy addingextra violation marks.The output
shouldmatchthe complemenbf this set (the latter may alsoinclude stringsnot
beinga candidate).Thisis thetechniquewe have used,andwe will go moreinto
detailsin section5. Therewe shall alsoseethatdueto somepeculiaritiesof the
modelexactnesss not alwaysguaranteedSometime®only anapproximatiorcan
beachieved,althoughit performsbetterthenthe“countingapproach”.

A recentextensionof the approachof Gerdemanrand van Noord (2000)is
(Jager2002). It is basedon a moregeneralapproachto constraints A constraint
canin factbeseerasastrictpartialorderonthesetof candidate§Samek-Lodwici
andPrince1999),andit makesuseof transducerseflectingthis partialorder But
its generatie capacitydoesnot really differ from the approactof Gerdemanmand
vanNoord (2000),thatwe adopted.

Thethird questionconcerninghefeasibility of Finite StateOptimality Theory
is what constraintscan be modeledas a finite transducefollowing the needsof
the approactused?Only “output markedness’constraintshave beenconsidered
sofar, i.e. violations dependonly on the form of the candidate an not on the
underlyingrepresentatioiit is derived from. Furthermoreyiolations shouldbe
assignedisingstandardstring manipulationtechniquesandsomesort of locality
is probablyalsorequired.In arecentpaper(Bird 2003)we have provedthatit is
not possibleto write a transducemlssigningviolation marks,if thereis no linear
boundon the numberof violation marksassignedin functionof theinputstring’s
length(non-linearconstraints).

5 A Finite-State model for stressassignmentin OT

In the following sectionwe shall usea formalism closeto the one of FSA Util-
ities 6.0 by Gertjanvan Noord ((van Noord 1997,van Noord 1999)). The basic
operationsve will needare:
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non-footed-syllable = [phoneme*, syllable-type, eo0s]
insert-1 = [phoneme*, []:1, syllable-type]
insert-2 := [phoneme*, []:2, syllable-type]
no-insert = [phoneme*, syllable-type]
non-head-foot = {0 0L insert-2, 0:. eos],
[ L insert-2, €0s, ho-insert, 0:1s eos],
[ L no-insert, eos, insert-2, 01, eos] }
head-foot = { [ [: {, insert-1, 0: } -eos],
[ 0o { .insert-1, €0s, no-insert, [: }, -eos],
[ 0: { no-insert, eos, insert-1, [: }, eos] }
gen := [bow, {non-footed-syllable, non-head-foot  }*,
head-foot, {non-footed-syllable, non-head-foot  }*, eow]

Figurel: Genof StressAssignmentsaregularrelation.

1] emptystring
[E1, EZ2,.., En] concatenatioof E1 ... En
{E1,E2,...En } unionof E1...En
(E) groupingfor operatorprecedence
E* Kleeneclosure
E+ Kleeneplus
E" optionality
El - E2 difference
"E complement
? ary symbol
Ao B composition
range(E) rangeof transduction

The expressiora:b refersto the transducemappinga to b andall the other
symbolsontothemseles.Furthermorave madeuseof theleft-mostmatchcontext
sensitve replacemenbperatoy replace(Transducer, Left _context,
Right _context) ,describedn (GerdemanmndvanNoord1999).

Figurel1 shows the definition of the Gen-moduleusingthe formalismof FSA
Utilities.

Herephoneme refersto the setof possiblephonemessyllable-type to
the setof syllable-typesymbols({L, H, S}), while eos, bow andeow to the
end-of-syllable peginning-of-wordandend-of-word charactersespectiely (. , *
and#). 1 and2 arethesymbolsusedfor primaryandsecondargtresgespectiely.
Thebracletsusedfor feetare{} for mainfeetand[] for nonmainfeet.fl andfr
includebothpossibldeft (opening)or right (closing)foot braclkets,respectiely.

Thefirst moduleof the RokustInterpretive Parseris the sametransducemwith
theonly differencethatinsteadof insertingprimaryandsecondangtressye need
to checkthem:

check-1 [phoneme*,  1:1, syllable-type]
check-2 := [phoneme*  2:2, syllable-type]
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mark _con(footbin) = replace(:@,

[flphoneme*,stress,ls,fr,eos] )]
mark _con(wsp) = replace([]:@, ["(stress),H,S,fr",eos], m
mark _con(parse) = replace(:@,

[ {bow,eos }, {"{fl, fr, eos}}*eo0s], m
mark _con(main-right) = replace([]:@, [ }eo0s? *eos 1)
mark _con(main-left) = replace(eos:[eos, tmpviol]) o}

replace(tmpviol:[], [{, 2 *D o replace(tmpviol:@)
mark _con(wfr) = replace([l:@, [C(fr), eos], [@* eow])
mark _con(wfl) = replace([l.@, [bow,(" {flleos })*,eos], m
mark _con(iambic) = replace([l:@,

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

[stress,syllable-type,fr,eos], m
mark _con(nonfinal) = replace([]: @, [fr,eos], [@*,eow])
mark _con(pssh) := replace([]:@, [[(1),s,fr",eos], m

Figure2: RegularrelationsmarkingOT constraintviolationsfor stressassignment

takestheplaceof insert-1  andinsert-2

Figure 2 shaws the formulationof 10 out of Tesarand Smolensk’s 12 con-
straints,aswell asthe formulationof the Primary-Stress-Supéieavy constraint.
@standdor theviolation mark.

Whenformulatingthe constraintParse,we heavily build uponthe factthata
foot may containno morethantwo syllables.In otherwords,ary footedsyllable
mustbe alignedat leastwith onefoot edge.

It is usefulfor the implementationto use formulationsthat representrans-
ducersthat can be determinized. Constraintsthat refer to someright edge(e.g.
Main-Right, Nonfinal,...) could have beendescribedusuallyin aneasiemway, but
resultingin atransducethatcannotbedeterminizedandthereforebeingsloweror
causingincorveniencesn applicationsFor instanceonecould have thefollowing
(moreelegant)formulationfor Nonfinal:

replace([|: @, [fr,eos], [(? -e0s)*, eow])

reflectingthe ideathat the word is assignedh violation mark iff the last syllable
endswith aright foot-braclet. The expression(?  -eos)* refersto anything
thatis not a syllable, but this would leadto an undeterminizabléransducer But
supposinghatonly violation markscouldoccurafterthelastend-of-syllablesym-
bol, we getto the earlierformulation,whichis notsogeneralput it is determiniz-
able.

Similarly, the above implementationof the Word-Foot-Right constraintsup-
poseghatonly violationmarkscanappeabetweerthelastend-of-syllablesymbol
andtheend-of-word symbol.

The samemotivation lies behindthe “indirect” formulation of 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 violation mark. Theresultis oneviolation
markassignedo eachsyllableappearingeforethe mainfoot. If we built atrans-
duceranalogougo the onerealizingMain-Right, thatwould not be deterministic,
because¢hetransducerseadtheirinputsfrom left to right.

Thereis someasymetryin the formulationof the lambic andthe Footnonfinal
(FNF)constraintsgdueto theassymetrypbsenedin linguistic data,asexplainedby
(Tesarand Smolensk 2000). Neverthelesgheir above formulationshows nicely
thesymmetryin anothersense.

Two out of thetwelve constraintsisedby (TesarandSmolensl 2000)arenot
regularrelations. Theseare All-Feet-Left and All-Feet-Right,constraintghat as-
signto eachfoot asmary violationsmarksasthe numberof syllablesintervening
betweertheleft (right) edgeof the foot andthe sameedgeof the prosodicword.
Thereforeassigningviolation marksrequiresembeddedycles,andthe numberof
violation marksassignednaximallyto a candidates quadraticin function of the
length of the input string (numberof syllablesin the word). As recentlyproved
(Bird6 2003),constraintof this type cannotbe formulatedasfinite statetransduc-
ers.

As the RIP/CD algorithmusesstratifiedhierarchieswe needto introducean
additionaloperatorcombiningthe violation marksassignedy two constraints:

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

This way we are ableto usestrata, seenas “complex constraints”from the
pointof view of theoptimality operatortheviolationmarksaresummedip before
the stratumfilters out the sub-optimakandidates?

Furthermorewe usedthe optimality operatoras definedby (Gerdemanrand
vanNoord2000):

Inp oo C:= Inp o mark_con(C) o

“range(Inp o mark_con(C) o add.iol) o (@:[])

wherethe add _viol transducelinsertsany numberof violation marksto ary
place,andreomganizeshe bracletsandthe stresssymbols. The key ideaof this
optimality operatoiis thata setis built which includesthe non-optimalcandidates
(aswell asmary otherstrings),but doesnotincludethe optimaloneswith respect
to this constraint.Thereforethe optimal candidatesnatchthe complementf this
set,while thesub-optimalonesarefiltered out.

Theway of constructinghe non-optimalcandidatesn this cases to addaddi-
tional violation marksto the strings(aswell asto remove andaddparsingbraclets
andstresssymbols). By addingviolation marksto candidate$aving lessmarks,
we hopeto be ableto createthe candidatesaving more violation marks. The

2Whenformulatingthetransducerfor theconstraintst wasnecessaryo avoid ary interferenceamong
themin a stratifiedsystem. Thatis the reasorwhy all our constraintdn Fig. 2 inserttheir violation
marksjust afterthe end-of-syllablesymbol.
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problemis thatnot all sub-optimalcandidateganbe constructedhis way. Imag-
ine you have two candidatesthe first onehasone violation markin position1,
while the secondonehastwo marks,in position2 and3 respectiely. In orderto
filter outthe secondcandidateye needto includeit in thefilter-set. But wherever
we put extra violation marksinto the first candidatewe can createonly strings
having aviolation markin position1 aswell.

The solutionproposedoy Gerdemanrandvan Noord s to introducea per-
mute _marker operator This deletesa violation markandaddanotheroneto a
differentplace. Thus,in our example,we canincludethe secondcandidatento
the setto befiltered out, by addinga violation markto thefirst candidateo posi-
tion 2, andthenby applyingthepermute _marker operatothatmovestheother
violation markfrom position1 to position3. A componentf add _viol doesthe
restof thetaskby removing andaddingparsingbracletsandstresssymbols.

Butin somecasesve have moreviolation marks,andwe mightneedarepeated
useof the permutingoperator Thenumberof timeswe needto usethis operatoiis
calledthe level of precisionof thefinite statemodel,andthe questionwe always
have to decideis whatprecisionis actuallyrequired.

Althoughit is not clearwhetherwe canalwaysdecidethe degreeof precision
neededjn mary casesve hopewe cansolve the problem. But in the caseof the
RIP/CD algorithmin the context of which we would like to usethefinite model,
thereareadditionalproblemsarising.First of all, thelearningalgorithmusesstrat-
ified hierarchieswhich can make the numberof violation marksassignedo a
candidatéby a given stratumespeciallyhigh, leadingto the needof a high preci-
sion,which canthencauseroblemdgor thecomputation Furthermoreheranking
changedrom stepto stepin theproces®f learning thereforehealgorithmshould
determinethe degreeof precisionsneededat eachstepfor eachcombinationof
constraint§orming a stratum.

Thereforewe decidedto skip this problem,a point thatwe shall comebackto
later.

6 Putting all the ingredientstogether

Let us put all theseingredientstogether We have built a software packagethat
runsthe RIP/CD algorithmusingthe describedinite stateformulationof the OT-
modelfor stressaassignmentWe have usedvanNoord’s FSA Utilities (vanNoord
1997,vanNoord 1999)for runningthefinite statepartof the packageAs learning
datasetwe used24 Dutchwordsbasedon (GilbersandJanserl996)(cf. figure
3). They representlifferenttypesappearingn Dutch. Syllabificationandsyllable
typedefinitionsfollowedthe standardulesin Dutch. Is it possibleactuallyto learn
arankingof the eleven constraintavhoseformulationwaspresentedn section5?

As TesarandSmolensk show, RIP/CDis notguaranteetb corverge,although
it doesin mostof the casesif thereexistsa singlehierarchythat producesall the
data.Butis it the casenow?

It canbe easilyseenthattherearewordsin Dutchthathave the samesyllable
structure thereforeary rankingof the abose mentionecconstraintavould predict
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ma2L.calL.roll.nieL
a2l.necH.dolL.teL
fo2L.noL.loL.gielL
in2H.diL.viL.dulL
ho2L.riL.zonH.taallS
me2L.lanH.choL.liek1S

calL.deaullL
dicH.teellL
iL.deellL
alL.huis1S

o2L.noL.mal.toL.peellL
en2H.gL.cloL.peL.diellL

gor2H.gonH.zollL.laL
Mul2H.taL.tulL.liL
co2L.rresH.ponH.dent1S
a2l .lekH.sanH.drijn1S
Con2H.stanH.tiL.no1L.pelH
ar2H.chiL.tecH.tuurlS

taL.bak1H
serH.vies1S
helL.laas1S
haL.bijt1S

e2L.tyL.moL.loL.giellL
di2L.alL.lecH.toL.looglS

Figure3: Thelearningdatasetusedin our experiment:24 Dutchwordsincluding syllabi-
fication, syllabletype specificatiorandstressnformation.

thesamestresgatternto them,andstill they do have adifferentstresgattern.For
wordswith threelight syllables,we have the caseof Panamawith the stresson
thefirst syllable,the caseof Tatiti with the stresson the secondoneand chocoh
with the stresson the third syllable. Although the secondcaseis saidto be the
regularone,theRIP/CDalgorithmwill fail to find asinglehierarchysinceit seeks
arankingthatfits all thedata.Anotherminimal pairis presentedy the caseof de
receling (‘rule’) asopposedo deregéring (‘government’).®

Thereforewe needto introducea furtherideain orderto solve the problemof
this hetengeneougor noisy) dataset We take randomsubset®f thelearningdata
setandlook for a hierarchyfor thesesubsetsSupposeave have founda hierarchy
H, for asubset.Thenwe canremove all the datafrom the original learningset
whosestresscancorrectlybe predictedby H;, andlook for furtherhierarchiegor
theremainderaslong assomedataarenot coveredby somehierarchy

Oncewe have a setof hierarchiesH,, Hs,..., H,,, we evaluateall the data
accordingo them. Therearea numberof possiblesituations afterhaving entered
the correspondinginderlyingrepresentationf a givendatuminto the OT-system
usinga given hierarchy Either noneof the output candidategpredictedby the
OT-systemto be the grammaticalforms) correspondgo (is pronouncedas) the
languagedatum. This situationwill be denotedby 0. Anotherpossibility is that
thereis only one output, and this correspondgo the languagedatum (situation

3A furthercomplicatingfactoris the recognitionof compoundwords. And evenif onecould automat-
ically recognizethe mostcommonmorphemessomecasesarenot predictablethe prefix onderis for
instancestressedn ondegaanandunstresseth onderstreperfFurthermore véorkomen’to appeaiin
court’ vs. voorkbmen'to prevent’.
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H 4 = genoo (footbin xx wifl xx pssh)oo (main-rightxx wfr) oo (nonfinalxx main-left)
00 (fnf) oo (iambicxx wspxx parse)

Hp =genoo (foothin xx parsexx wspxx main-rightxx wfr xx wfl xx pssh)
00 (iambicxx main-leftxx nonfinal)oo (fnf)

Hc = genoo (footbin xx fnf xx parsexx wspxx iambicxx main-leftxx main-rightxx wfr
xx wfl xx nonfinalxx pssh)

Hp =genoo (parsexx wspxx footbinxx psshxx main-rightxx wfr xx fnf xx wfl
xx nonfinal)oo (main-leftxx iambic)

Hpg = genoo (nonfinalxx wspxx iambicxx main-leftxx footbin xx main-rightxx wfr
xx wfl xx psshxx parse)oo (fnf)

Hr = genoo (foothin xx fnf xx wspxx main-rightxx wfr xx wfl xx nonfinal
xx pssh)oo (iambicxx main-left)oo (parse)

H¢ = genoo (foothin xx fnf xx wspxx iambicxx main-rightxx wfr xx wfl xx nonfinal
xx pssh)oo (parsexx main-left)

Figure4: Thehierarchy-like transducergound by thelearningalgorithm

data

ma2L.cal.rolL.nieL
gor2H.gonH.zolL.laL
a2l.necH.dolL.teL
mul2H.taL.tulL.liL
fo2L.noL.loL.gielH
co2L.rresH.ponH.dent1S
in2H.diL.viL.dulL
a2l.lekH.sanH.drijn1S
ho2L.riL.zonH.taallS
con2H.stanH.tiL.nol1L.pelH
me2L.lanH.choL.liek1S
ar2H.chiL.tecH.tuurlS
calL.deaullL

taL.bak1H

dicH.teelH

serH.vies1S

iL.deellL

helL.laas1S

al.huislS

hal.bijt1S
o2L.noL.maL.toL.peelH
e2L.tyL.moL.loL.gielH
en2H.gL.cloL.peL.dielH
di2L.aL.lecH.toL.looglS

GwooowwwowooowwwwwowowwwwE
\1oooowwwwoowwooooowoooooouF
4>on—-»—\n—-www»—\n—-»—\w»—\n—-oon—-on—-on—-Hon—-»—\Qm
Boooowwwowowowoowooowwon—-wbm
oooooowwwwwwwwooooon—-ooHoo»—\mm
'_;owwwwwwowowowoowooowwoww$
<.now»—\n—-www»—\n—-»—\w»—\n—-oon—-on—-on—-Hon—-»—\Qm

Numberof wordsin total:

Figure5: Evaluationof the datawith respecto the hierarchiefound
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3). Butit is alsopossiblethatwe have severaloutputs.If someof the outputsdo
correspondo thelanguagedatum,andthe only reasorof having moreoutputsis
thatthey areassignedhe sameviolation marksby all constraint§andtherefore
the givensetof constraintannotdistinguishamongthem),we getto a situation
thatwe denoteby 2, but actuallythis situationdid not occurin our experiment.

Another, andfrequentsituationis whenwe have moreoutputsdueto the strat-
ified natureof the hierarchyusedby RIP/CD: constraintdo not assignthe same
violation marksto them,but the sumof violationsarethe sameon eachstratum.
Thereforethey areequallyharmonical.lf someof theseoutputscorrespondo the
learningdatum,we speakof situation1. During the learningprocessthis situ-
ation would leadto further learningstepsrefining the hierarchy so that only the
languagedatumwould turn to be optimal. But if the languagedatain the subset
usedarefully describedy thepartially rankedhierarchy(situation3), we have no
further way to refinethe hierarchy andthereforesomeotherlanguagedata(not
within thelearningsubsetcangetinto a situation1. (In this stageafurtherlearn-
ing stepwould not be useful becauseve risk to “damage”the evaluationof the
original subset.)

In the first run we have found threehierarchies H 4, Hg and Hc. But there
were five datafor which it was not possibleto find any ranking. Thesewere
fonologie, dictee, onomatopeegtymologieand eng/clopedie Even when run-
ningalearningalgorithmwith adatasetof a singleword, no hierarchywasfound.
All of themhadbeenanalyzedasendingwith alight syllable,andchangingthe
syllabletype specificatiorof thesdastsyllablesto heary solvedtheproblem:four
furtherhierarchiesverefound: Hp, Hg, Hr andHg.

Figure4 shows theseseven hierarchies We presenthemin theform of finite
statetransducersasdefinedin section5. Thereasorfor thatis to emphasizehat
thesetransducerslo not necessarilycoincidewith the correspondindnierarchies.
In afirst approactthe expression

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

couldbereadasthehierarchy:cl,c2,c3>> c4,c5>> c6.

But it is not guaranteedhat the finite statetransduceme built is a correct
implementationof the phonologicalmodel representedy the secondnotation.
Thereasorof thisliesin thepermute _marker problem.As explainedin section
5thelevel of approximatior{(numberof permutationsheededs hardto determine,
thereforewe decidednot to usethemat all. But this could easilyleadto cases
whena sub-optimalcandidatds not filtered out by a stratumwhereit shouldbe,
and may thereinafteralter the whole procedureof evaluation. So thatthe output
of thetransducewould differ from the outputexpectedbasedn a traditional OT
tableau.

Consequentlywe cannotclaim thatwe found OT hierarchiedor Dutchstress,
in its classicalsense. Rather what we may say is that we found regular rela-
tions (transducersphat approximateOT phonology but are not exactimplemen-
tations of 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-
tumdicH.teelL  thehierarchy

all >> WSP FNF

shouldbea solutionaccordingo traditionalOT. But thecorrespondingransducer
(with anapproximatiorievel of 0) would not producethe correctform.

Figure5 shows the evaluationof all the datawith respecto thesehierarchies,
with the numbergeferringto the situationswhenthe datumdoesnot occurasan
output(0), whenthe datumoccursamongthe outputshaving differentviolation
marks(1), andwhenthe datumcoincideswith theonly output(3), respectiely.

7 Conclusion

The combinationof thethreeingredientsOT, learnabilityandfinite statetechnol-
ogy, appliedto Dutch metrical stress raiseda numberof questionandwe could
give differentanswergo them.

First we had to formulate a finite stateimplementationof the standardOT
model for metrical stressassignment. It turnedout that Genis a regular rela-
tion, anda transducethatassignsviolation markscanbe formulatedfor mostof
the constraintgsee(Bird6 2003)for the two onesthatcannot).As still openprob-
lems,| referhereto the questionof the requiredprecision,which makesdifficult
to implementan OT-systemin anexactway.

Therefore commingtothetwo questiongaisedin theintroductionaboutcom-
bining finite statetechnologywith learnability we cansaythatusingfinite state
transducers$or making easierlearnability simulationsis not necessarilysuccess-
ful. Whatwe could achieve on the otherhandis a learningalgorithmfor finite
statephonologyresultingin “OT-like” transducerassigningstress.

The last point concernghe learnability of a heterogeneoudataset. As we
could seeit, Dutch datado not fit into a single grammar(cf. the regéring and
régelingcase* ), but theideaof distributing the datainto randomsubsetgproved
to beasuccessfusolution. The outcomeis a setof hierarchiesassociatedo some
(overlapping)subset®f thelexicon. ®
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