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Abstract
This papempresentsa methodfor learningphonologicarulesfrom samplepairsof under
lying andsurfaceforms, without negative evidence. The learnedrulesarerepresenteds
®nitestatetransducerghatacceptunderlyingformsasinputandgeneratesurfaceformsas
output. Thealgorithmfor learningthemis anextensionof the OSTIA algorithmfor learn-
ing generakubsequentiag®nitestatetransducersAlthoughOSTIA is capableof learning
arbitrarys.f.s.tsin thelimit, largedictionariesof actualEnglishpronunciationslid notgive
enoughsampledo correctlyinducephonologicafrules. We thenaugmentedSTIA with
two kindsof knowledgespeci®d¢o naturallanguagghonologyrepresenting naturalness
biasfrom2universalgrammar®.A biasthatunderlyingphonesareoftenrealizedasphonet-
ically similar or identicalsurfacephonesvasimplementedy usingalignmentinformation
betweenthe underlyingandsurfacestrings. A biasthat phonologicalrulesapply across
naturalphonologicaktlassesvasimplementedy learningdecisiontreesbasednphonetic
featureson eachstateof the transducer The additionshelpedin learningmore compact,
accurateandgeneratransducershanthe unmodi®edSTIA algorithm. An implementa-
tion of the algorithmsuccessfulljearnsa numberof Englishpostleical rules,including
“apping, t-insertionandt-deletion.



1 Intr oduction

Johnsor(1972)®rstobseredthattraditionalphonologicatewrite rulescanbe expressedsregularrelations
if oneacceptghe constrainthatno rule mayreapplydirectly to its own output. Aside from the interesting
resultthat the traditionalformalismfor expressingphonologicalrulesis lesspowerful thanit appearsthis
®ndingmeantthat ®nitestatetransducergan be usedto represenphonologicalrules. Sinceparsingwith
®nitestatetransducerss muchsimplerthanparsingcontext-sensitve rewrite rules,thisgreatlysimpli®edhe
problemof parsingtheoutputof phonologicatulesin orderto obtaintheunderlying Jexical forms(Karttunen
1993).

In thispapemweexploreanothecorsequencef FSTmodelsof phorologicalrules:theirweakeilgeneratre
capacityalsomakeshemeasierto learn. We describeour preliminaryalgorithmandresultson onemethod
of learningrulesfrom samplepairsof inputandoutputstrings.

2 SubsequentialTransducersand PhonologicalRules

SinceJohnsors (1972)work, researchersave propose@numberof differentwaysto represenphonological
rulesby transducersin orderto takeadvantageof recentwork in transducemduction,we have choseno
representulesassubsequentig®nitestatetransducers Subsequentia®nitestatetransducergrea subtype
of ®nitestatetransducersvith thefollowing properties:

1. Thetransducers deterministicthatis, thereis only onearcleaving a givenstatefor eachinputsymbol.
2. Eachtime atransitionis made exactly onesymbolof theinputstringis consumed.

3. A uniqueendof stringsymbolis introduced.At the endof eachinput string,the transducemakesan
additionaltransitionon the endof stringsymbol.

4. All statesareaccepting.

The lengthof the outputstringsassociatedavith a subsequentidransduces transitionsis not constrained.
Thesubsequentiatansducefor theEnglish apping rulein 1 is shovnin Figurel; anunderlyingt is realized
asa ap afterastressedowel andary numberof r's,andbeforeanunstressesowel.

1) t—dx/Ar__v

Themostpopularformalismfor represenphonologicalulesastransducerss thetwo-level formalismof
Koskenniem{1983) basednJohnsor{1972)andthe(only recentlypublished)work of Kaplan& Kay (1994),
andthevariousimplementationandextensionsof the two level formalisms(summarizedaindcontrastedn
Karttunen(1993); we will henceforthreferto Karttunens paperfor detailson two-level phonology). The
mostsigni®cantifferencebetweerthis and our subsequentigtansducerss thatthe two-level transducers
describedby Karttunen(1993) are non-deterministic.In addition, Karttunens transducersnay have only
zeroor one symbolaseitherthe input or outputof an arc, andthey have no specialend of string symbol.
Finally, Karttunenstransducersxplicitly includebothacceptingandnon-acceptingtatespursubsequential
transducersepresenthefail statesonly implicitly.

Theserepresentationalifferencedbetweerthetwo formalismdeadto differentwaysof handlingcertain
classe®f phonologicatules,particularlythosethatdependnthecontext to theright of theaffectedsymbol.

The subsequentigtansducedoesnot emit ary outputuntil enoughof the right handcontext hasbeen
seerto determinehow theinputsymbolis to berealized.Noticein thetransducein Figurel thatno outputis
emitteduponseeinga 't whenthemachineis atstatel. Ratheythe machinegoesto state2 andwaitsto see
if the next input symbolis therequisiteunstressegtowel; dependingpn this next input symbol,the machine
will emitthe't' ora'dx' alongwith thenext inputsymbolwhenit makeghetransitionfrom state? to state0.

In contrast,the non-deterministidwo-level-styletransducershavn in Figure 2 hastwo possiblearcs
leaving statel uponseeinga't’, onewith 't'" asoutputandonewith 'dx'. If the machinetakesthe wrong



Figure 1. Subsequentialransducerfor English Flapping Labelson arcsare of the form (input sym-
bol):(outputsymbol). Labelswith no colonindicatethe sameinput and outputsymbols. 'V' indicatesary
unstressesdowel,' ¥ ary stressedowel, “dx' a ap, and"C' ary consonanbtherthan't', *r' or “dx'. “#'is
theendof stringsymbol.

transition, the subsequentransitionswill leave the transducein a non-acceptingstate,or a statewill be
reachedvith no transitionon the currentinputsymbol. Eitherway, thetransductiorwill fail.

Generatinga surfaceform from an underlyingform is more ef®cientwith a subsequentiairansducer
thanwith a nondeterministi¢ransducerasno searchis necessaryn a deterministicmachine.Runningthe
transducetheotherwayto parseasurfacanto possiblainderlyingforms,however, remainsion-deterministic
in subsequentigransducersln addition,a subsequentiagkansducemay requiremary morestatesthana
non-deterministicransduceto representhe samerule (this will be discussedn further detailin §7.) Our
reasorfor chosingsubsequentidgtansducerghen,is solelythatef®cientechniquegxist for learningthem,
aswe will seein thenext section.

3 The OSTIA Algorithm

Our phonological-ruldnductionalgorithmis basedon augmentinghe Onward Subsequentialransducer
InferenceAlgorithm (OSTIA) of Oncinaet al. (1993). This sectionoutlinesthe OSTIA algorithmin order

to provide backgroundor the modi®cationslescribedn the remaindeiof the paper For furtherdetail, see

Oncinaetal. (1993).

OSTIA takesasinput a training setof input-outpu pairs. The algorithmbegins by constructinga tree
transducewhichcoversall thetrainingsamplesccordingothefollowingprocedureA branchs addedothe
treefor eachinputstringby following a pathfrom theinitial stateof the machinewith onearccorresponding
to eachsymbolin theinput string. Whenthereis no move on the next input symbolfrom the presenstate a
new branchis grown onthetree. Theentireoutputstringof eachtransductions initially storedastheoutput
onthelastarcof thetransductionthatis, the arc correspondingo the endof stringsymbol. An exampleof
aninitial treetransduceconstructedby this processs shavn in Figure3.

As the next step,the outputsymbolsare@pushedorward® asfar aspossibletowardstheroot of thetree.
This procesdeginsattheleavesof thetreeandworksits wayto theroot. At eachstep thelongestcommon
pre®xof theoutputsonall thearcslearzing onestateis removed from the outputstringsof all thearcsleaving
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Figure2: Nondeterministidransducefor EnglishFlapping
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Figure3: Initial Tree Transduceifor 2bat®, 2batter®, and2band® with FlappingApplied('dx' indicatesa
‘ap)

the stateandsuf®xedto the (single)arc enteringthe state. This procescontinueauntil the longestcommon
pre®xof the outputsof all arcsleaving eachstateis the null string+ the de®nitionof anonwai transducer
Theresultof makingthetransduceof Figure3 onwardis shavn in Figure4.

At this point, the transducercovers all and only the stringsof the training set. OSTIA now attempts
to generalizethe transducerby meiging someof its statestogether For eachpair of states(s,t) in the
transducerthe algorithmwill attemptto meige s with ¢, building a new statewith all of theincomingand
outgoingtransitionsof s andt. Theresultof the®rstmeiging operatioronthetransduceof Figure4 is shavn
in Figure5.

A con’ict ariseswheneer two statesare meigedthat have outgoingarcswith the sameinput symbol.
Whenthis occurs,an attemptis madeto meige the destinationstatesof the two con'icting arcs. First,
all outputsymbolsbeyond the longestcommonpre®xof the outputsof the two arcsare?pushedback®to
arcsfurther down the tree. This operationis only allowed undercertainconditionswhich guaranteehat
the transductionscceptedy the machineare presered. The pushback operationallows the two arcsto
be combinedinto oneandtheir destinatiorstateso be meiged. An exampleof a pushback operationand
subsequenmeiger from a slightly extendeddomainthanthe earlierexamplesis shavn in Figure6. This
methodof resolvingconicts repeatsuntil no con icts remain,or until resolutionis impossible.In thelatter



Figure4: Onwaid Tree Transduceifor 2bat®, @batter®, and@band® with FlappingApplied
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Figure5: Resultof Merging State) and 1 of Figure 4

case the transduceis restoredo its con®guratiomeforethe meiger causingthe original con’ict, andthe
algorithmproceeddby attemptingo meige the next pair of states.

4 ProblemsUsing OSTIA to learn PhonologicalRules

The OSTIA algorithmcanbe provento learnary subsequentiaklationin thelimit. Thatis, givenanin®nite
sequencef valid input/outpu pairs,it will atsomepointderivethetargettransducefrom thesampleseerso
far. However, whentrying to learnphonologicalulesfrom linguistic data,this resultmaybetooweak. The
necessarpumberof sampldaransductionsnaybeseveraltimesthesizeof arny naturallanguages vocahulary,
or the necessarngamplemay requirestringsthat are not found in the language. In particular systematic
phonologicakonstraintsuchassyllablestructuremay makeit impossibleto obtainthe setof examplesthat
would be necessaryor OSTIA to learnthe targetrule. For example,given a training setof examplesof
English apping, the algorithmmay inducea transducethatrealizesan underlying't' as'dx' eitherin the
ervironment®*__V or afterary sequencef six consonantsThis is possiblesincesucha transducewill
accuratelycover thetraining set,asno Englishwordscontainsix consonantfollowedby a't'. The OSTIA
algorithmis avery generabne,makingno assumptionabouttheinputor outputalphabet®f thetransducer

Figure6: ExamplePushBad Opeiation and StateMerger



or aboutthetargetrelation,beyondtherequiremenof subsequentialityThusthe algorithmdoesnothave the
languagebiaswhich would allow it to avoid suchanunnaturatransducer

er:dxer
#:t

Figure7: Final Resultof Merging Processon TransducefromFigure 4

Anotherunnaturalaspecto the transducergroducedby OSTIA is their tendeng toward 2clumping®.
Thisisillustratedby thearcswith out@b ae®and?n d° in thetransducem Figure7, or evenFigure4. Because
OSTIA movesall theoutputsymbolsasfar aspossibletowardstherootof theinitial tree,its defaultbehaior
is to emittheremaindepof theoutputstringfor atransductiorassoonasenoughinputsymbolshave beenseen
to uniquelyidentify theinputstringin thetrainingset. While the pushbackoperationgperformedduringthe
proces®f meging stateswill causemostof the clumpsof outputsymbolsto be spreadut, mary will remain
unlesshetrainingsetcoversall possiblesequencesf inputsymbolsrelatively densely Using datafrom the
lexicon of a naturallanguagesuchdensecoverageis not likely. The clumpingof outputsymbolsresultsin
machinesvhich may seeminglyat random,insertor deletesequencesf four or ®e phonemessomething
which is linguistically implausible. In addition, the incorrectdistribution of outputsymbolspreventsthe
optimalmewging of stateduringthelearningprocesstesultingin largeandinaccuratdransducers.

OSTIAslack of languagébiasalsoleadsto casesn whichit is unableto generalizérom theinput data.
or generalize anunnaturamannercausingt to performpoorlyonthetestset. An exampleof anunnatural
generalizations shavn in 7, the®naltransducemducedby OSTIA onthethreeword trainingsetof Figure
3. While this transducedoescorrectly handlethe training examples,it is linguistically unnaturalandwe
expectit to do poorly onary testset. For example thetransduceof Figure7 will insertan'ae’ afterary 'b’,
anddeleteary 'ae' from theinput. Perhapsvorse,it will fail completelyuponseeingary symbolotherthan
‘er' ortheendof stringsymbolaftera't’. While it mightbeunreasonabl® expectary transducetrainedon
threesampledo be perfect thetransducenof Figure7 illustrateson a small scalea numberof waysin which
thegeneralizationsf OSTIA algorithmmaybe mademorenaturallinguistically.

In a numberof othercasesOSTIA is unableto generalizeat all. For example,a large numberof the
errorsencountereadvhenrunningtransducersearnedby OSTIA on testdataaresimply casesf falling off
thetransducerthatis, having no next arcfor the next input symbol. For examplethetransduceof Figure7
will fail onary wordthatdoesnot begin with 'b’, ‘ae’, 'n', or't'. Again,theinducedtransducersmusthave
awayto guesghenext move in suchcasedy generalizingrom obsereddata.

Similarly, if the OSTIA algorithmis trainingon casesf “apping in whichthe precedingervironmentis
everystressedowel butone thealgorithmhasnowayof knowingthatit cansafelygeneralizeheervironment
to all stressedowels. Thealgorithmneedsnowledgeaboutclasse®f phonemegi.e.,theconceptsvowel'
or “stressedowel’) to ®llin accidentabapsin trainingdatacoverage.

The next two sectionssummarizeour work in addingtwo kinds of languagebiasto OSTIA. Alignment
informationis usedto avoid theunnaturatlumpingphenomenandphonologicafeature informationis used
to generalizeulesin a phonologicahaturalway.



5 Using Alignment Information

Our®rstmodi®catiorof OSTIA wasto addthe biasthat,all thingsbeingequal the surfacestringof phones
shouldresemblehe underlyingstringof phones.Thatis, asa default,a phonemas realizedasitself, or asa
phonologicallysimilar phone.

This biasis a naturalone for phonologicalstrings; besideswo-level phonology this biaswasalso a
fundamentakenetof naturalphonology As §4 discussedQOSTIA lackssucha biasby defaultsincethe
techniqueof pushingthe outputsymbolsof the initial treetransduceas far forward as possiblemakesno
assumptionaboutthecorrespondendeetweersymbolsn theinputandoutputstrings,althoughthemeging
procesaill oftenpushtheoutputsymbolsbackto their correctplacesn thetransducer

In orderto addthisinformation,thealgorithmguessethemostprobablephoneméo phonemalignment
betweertheinputandoutputstrings,anduseghisinformationto moresensiblydistributetheoutputsymbols
amongthearcsof theinitial treetransducet

The modi®catiorproceedsn two stages. First, a dynamicprogrammingmethodis usedto distribute
output symbolsamongthe arcsof the tree transducerbuilt at the start of the learningprocess. This is
demonstratefbr thewordimportance®in Figures8 and9.
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Figure8: Alignmentof @importance®with “apping, r-deletionandt-insertion
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Figure9: Resultinginitial transducefor @importance®

Thealignmentuseshealgorithmof Wagner& Fischer(1974),which calculatesheinsertionsdeletions,
andsubstitutionsvhich makeup theminimumedit distancebetweerthe underlyingandsurfacestrings.The
costsof edit operationsare basedon phoneticfeatureswe used26 binary articulatoryfeatures. The cost
functionfor substitutionsvasequalto the numberof featureschangedetweerthetwo phonemesThe cost
of insertionsand deletionswas6 (roughly one quarterthe maximumpossiblesubstitutioncost). Fromthe
sequencef editoperationsa mappingof outputphonemeso input phonemess generatecccordingo the
followingrules:

e Any phonemeamapsto aninput phonemedor whichit substitutes

¢ Insertedohonemesnapto theinput phonememmediatelyfollowing the ®rstsubstitutiorto the left of
theinsertedphoneme

Secondwhenaddinga new arcto the tree, all the unusedoutputphonemesip to andincludingthose
whichmapto thearc's inputphoneméecomehenew arc's output,andarenow markedashaving beenused.
Whenwalking down branche®f thetreeto adda new input/outpu samplethelongestcommonpre®x, of
thesample$ unusedutputandthe outputof eacharcis calculated . Thenext n symbolsof thetransductiors
outputarenow markedashaving beenused. If thelength,l, of thearc's outputstringis greaterthann, it is

1By using the new distribution of output symbols along the arcs of the initial tree transducer, we are no longer guaranteed that it
is onward. The onwardness of the transducer is an invariant of the unmodified algorithm, as indicated by the name OSTIA (Onward
Subsequential Transducer Inference Algorithm). However, onwardnessis not essential to the correctness of the algorithm, and even the
final transducersinduced by our new method tend to be onward.



necessaryo pushbackthe lastl = n symbolsontoarcsfurtherdown thetree. A treetransduceconstructed
by this processs shavn in Figure10, for comparisorwith theunalignedversionin Figure4.

Figure10: Initial Tree TransducetConstructedvith Alignmentinformation Notethatoutputsymbolshave
beenpushedackacrossstate3 duringthe construction

Resultsof our alignmentalgorithmare summarizedn §7. Thedistribution of outputsymbolsresulting
from the alignmentconstrainghe meging of statesarlyin the meging loop of the algorithmby makingit
lesslikely thatthe outputsymbolsof conicting arcscanbe pushedack. Interestingly preventingthewrong
statefrom meiging earlyon allows moremeging later, andresultsin morecompactransducers.

6 GeneralizingBehavior With DecisionTrees

In orderto allow OSTIA to makenaturalgeneralizations its rules,we addeda decisiontreeto eachstateof
themachinedescribinghebehaior of thatstate.For example thedecisiortreefor state? of themachinen
Figurelis shavnin Figurell. Notethatif theunderlyingphoneis anunstressedowel ([-cons,-stress]the
machineoutputsaap, followedby the vowel, otherwiseit outputsa't' followedby theunderlyingphone.

cons
stress 2
1 2

Outcomes:

1: Output: dx [ ], Destination State: 0

2: Qutput: t [], Destination State: 0

3: On end of string: Output: t, Destination State: 0

Figurell: ExampleDecisionTree Thistreedescribeghebehaior of State? of thetransducem Figurel.
[ ] in theoutputstringindicateghearc'sinput symbol(with no featureshanged).

Thedecisiontreesdescribehe behaior of themachineat a givenstatein termsof the next input symbol
by generalizingrom the arcsleaving the state. In orderto to this, we needa way of describingthe output
of anarcin termsof its input symbol. This is quite straightforwardf, for example,the outputconsistsof
one phonemejdenticalto the input phoneme. Often, however, becausef insertionsor deletionsor mere
contt dependencieshe outputphonemeon an arc correspondsiot to the arc's input phonemebut rather



to somepositionearlierin the string. The arc may alsohave null output,or may have an outputstring of
several phonemeslin suchcaseswe wish to makegeneralizationsuchas?at this state,on ary consonant
inputphonemeemit'a’ followedby theinput consonantandjumpto statenumber7 ©

Suchgeneralizationaremademoreeasilyby usingthe alignmentinformationgeneratedh the ®rststep
of thetrainingprocess.Eacharcis markedwhenit is createdwith theindex of the outputphonem€if ary)
to which theinput phonemecorrespond the outputstring. During the meiging stepof the algorithm,the
meging of otherwisesimilararcswith differentstoredndicesis disalloved. (In practicetheotherconstraints
generallypreventthis from happeningaryway.)

For eachstate,the arcsleaving the statewere classi®ednto groupsthat agreeon eachof the following
features:

¢ theindexi of theoutputsymbolcorrespondingo the inputsymbol
¢ thedifferenceof the phoneticfeaturevectorsof theinput symbolandsymboli of the outputstring
o thepre®xof lengthi + 1 of the outputstring

¢ thesuf®xof theoutputstringbeginningat positioni + 1

After the processof meging statesterminatesa decisiontreeis inducedat eachstateto classify the
outgoingarcs. The branche®f the decisiontreearelabeledwith phoneticfeaturevaluesof the arc's input
symbol,andthe learesof the tree correspondo the groupsdescribedabore. The same26 binary phonetic
featuresusedin calculatingedit distancewasusedto classifyphonemesn the decisiontrees. Arcs whose
inputis theendof stringsymbolarenotincludedin thedecisiontrees but rathersimply left asis.

Using phoneticfeatureso build a decisiontreeguaranteethat eachleaf of thetreerepresents natural
classof phonemeshatis, asetof phonemethatcanbedescribedy specifyingvaluesfor somesubsebf the
phoneticfeatures.Thusif we think of thetransducensa setof rewrite rules,the decisiontreeexpresseshe
precedingcontext asa regular expressionof naturalclassef precedingphonemes Becausdheseclasses
areexpressedn termsof phoneticeaturesthetransduceraugmenteavith thedecisiontreeswill generalize
to new contexts which sharephoneticfeatureswith thetraining contexts.

Someinducedtransducersnay needto be generalizedeven further, sincethe input transduceto the
decisiortreelearningmayhavearcswhichareincorrectmerelybecausef accidentaprior structure.Consider
againthe English apping rule, which appliesin the contet of a precedingstressediowel. Our algorithm
®rstlearneda transducewhosedecisiontreeis shovn in Figure12. In thistransducesll arcsleaving state
0 correctlyleadto the “apping stateon stressedrowels, exceptfor thosestressedrowels which happemot
to have occurredin the training set. For theseunseernvowels (which consistedf the roundeddiphthongs
“oy' and ow' with secondanstress)thetransducerincorrectlyreturnsto state0. In this casewe wish the
algorithmto makethe generalizatiorthattherule appliesafterall stressedowels.

Thistypeof generalizatiomanbeaccomplishedy pruningthedecisiortreesateachstateof themachine.
Pruningis doneby steppinghrougheachstateof themachineandpruningasmary decisiomnodesaspossible
at eachstate. The entiretraining setof transductionss testedafter eachbranchis pruned.If ary errorsare
found,theoutcomeof theprunednodesotherchildis tested.If errorsarestill found,thepruningoperationis
reversed.Thisprocesgontinuesatthefringe of thedecisiontreeuntil nomorepruningis possible.Figure13
showvsthecorrectdecisiontreefor “apping after pruning.

The procesf pruningthe decisiontreesis complicatedoy the fact thatthe pruningoperationsallowed
atonestatedependon the statusof the treesat eachotherstate. Thusit is necessaryo makeseveral passes
throughthe states attemptingadditionalpruning at eachpass,until no moreimprovementis possible. In
addition testingeachpruningoperatioragainstheentiretrainingsetis expensve, butin the caseof synthetic
datait givesthe bestresults.For otherapplicationdt maybe desirablgo keepa crossvalidationsetfor this
purpose.
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Outcomes:

1: Output: [ ], Destination State: 0 _/ \+
2: Output: [ ], Destination State: 1

On end of string: Output: nil, Destination State: 0 1 2

Figure12: DecisionTreeBefoe Pruning Theinitial stateof the apping transducer
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Figure13: TheSameDecisionTreeAfter Pruning

7 Resultsand Discussion

We testedour inductionalgorithmon a syntheticcorpusof 49,280input/outpu pairs. Eachpair consistef
anunderlyinganda surfacepronunciatiorof anindividualword of English. The underlyingstring of each
pair wastakenfrom the phoneme-base@MU pronunciationdictionary The surfacestringwasgenerated
from eachunderlyingform by mechanicallyapplyingthe oneor moreruleswe wereattemptingo inducein
eachexperiment.

In our ®rstexperimentwe appliedthe apping rulein (2) to trainingcorporaof betweer6250and50,000
words. Figure 14 shaws the transduceinducedfrom 50,000training samplesand Figure 15 shovs some
performanceesults.

@) t—dz/Pr_V

As canbe seenfrom Figure 15, the useof alignmentinformationin creatingthe initial treetransducer
dramaticallydecreasethe numberof statedn thelearnedtransduceandthe performancen testdata. The
improved algorithminduceda "apping transducewith the minimum numberof stateswith asfew as6250
samples.Theuseof alignmentinformationalsoreducedhe learningtime; the additionalcostof calculating
alignmentss morethancompensatetbr by quickermeiging.

Thealgorithmalsosuccessfullynducedransducersith theminimumnumbeiof statedor thet-insertion
andt-deletionrulesbelow, givenonly 6250samples.

For ther-deletionrule in (3), the algorithminduceda machinewhich wasnot the theoreticalminimal
machineasFigure16 shavs. We discusgheseresultsbelow.

3) r — 0/ [+vocalic] — [+consonantal]



Figure14: Flapping Transduceidnducedfrom50,000Samples

OSTIAw/o Alignment OSTIAw/ Alignment

Samples| States % Error | States % Error
6250 19 2.32 3 0.34
12500| 257 16.40 3 0.14
25000| 141 4.46 3 0.06
50000| 192 3.14 3 0.01

Figure15: ResultdJsing Alignmentinformationon EnglishFlapping

In oursecondxperimentweappliedourlearningalgorithmto amoredif®cultproblem:inducingmultiple
rulesatonce. Settingr-deletionasidefor presenta datasetwasconstructedy applyingthet-insertionrule
in (4), thet-deletionrule in (5) andthe “apping rule alreadyseenin (2) oneafteranother As theserulesdo
not affect oneanothers environment,the orderof their applicationis not signi®cant.The minimumnumber
of statedfor a subsequentiakansduceperformingthe compositionof the threerulesis ®we. As is seenin
Figure17,atransduceof minimumsizewasobtainedwith 125000r moresampleransductions.

4 0—t/n—s

5) 0 [ +vocalic ]

—stress

The effects of addingdecisiontressat eachstateof the machinefor the compositionof t-insertion, t-
deletionand apping areshavn in Figure 18. By makingit impossibleto fall of the transducererrorsare
reducedoy about80%. Pruningthedecisiontreesfurtherreduceserrorsto underonein 10000.

Figure19 shavsthe®naltransduceinducedfrom this corpusof 12,500wordswith pruneddecisiortrees.

An analysisof errorsin the induction suggestghreeseparatavaysin which the induction algorithm
couldbeimproved. Our ®rstproblemwasthe dif®cultyof inducinga transducefor r-deletion. The problem
wasnot deletionper se,sinceour algorithmsuccessfulljfearnsthe t-deletionrule. Rather we believe that
the dif®cultywith r-deletionis the broadcontet in which therule applies: afterary vowel andbeforeary
consonantSinceour phonemesetdistinguisheshreedegreesof stresgor eachvowel, thealphabesizeis 72;

R-deletion
Samples| States % Error
6250 4 0.48
12500 3 0.21
25000 6 0.18
50000 35 0.30

Figure16: Resulton R-deletiorusingAlignmentinformation
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OSTIA w/Alignment

Samples| States % Error
6250 6 0.93
12500 5 0.20
25000 5 0.09
50000 5 0.04

Figurel7: Resultoon ThreeRulesComposed

Method | States % Error
OSTIA 329 22.09

Alignment 5 0.20
Add D-trees 5 0.04
PruneD-trees 5 0.01

Figure18: Resultoon ThreeRulesComposed 2,500Training,49,280Test

we believe thiswassimplytoolargefor thealgorithmwithoutsomeprior concepif “vowel' and consonant'.
While our decisiontreeaugmentatioraddstheseconceptdo the algorithm,it only doesso aftertheinitial
transducehasbeeninduced,andso cannothelpin building theinitial transducerWe needsomemethodof
interleaving the generalizatiorof phonemesnto classesperformedby the decisiontrees,andtheinduction
of the structureof the transduceby meging states.Making generalizationaboutinput phonemesvouldin
effectreducethealphabesizeonthey, makingstructure-learningasier

An examinationof thefew errors(threesamples)n theinduced apping andthree-ruleransducerpoints
outanotheraw in our model. While the learnedrransducecorrectlymakesthe generalizatiorthat apping
occursafterary stressedrowel, it doesnot ap aftertwo stressedrowelsin arow. Uponseeinga stressed
vowel attheinitial state atransitionis madeto the statefrom which “apping canoccur However, from this
state,seeinganotherstressediowel causes transitionbackto theinitial state. Thisis possiblebecauseo
samplegontainingtwo stressediowelsin arow (or separatetty an'r') immediatelyfollowedby a ap were
in thetrainingdata.

Thistransducewill thus™ap a't' afterany oddnumberof stressediowels, ratherthansimply after ary
stressediowel. Sucha rule seemguite unnaturalphonologically and makesfor an odd contet-sensitve
rewrite rule. Any sortof simplesthypothesigriterionappliedto a systenmof rewrite ruleswould preferarule
suchas .

t—de/P_V

to arule suchas o

t — de/WAR_ vV
which is the equivalentof the transduceftearnedfrom the trainingdata. Sucha rule, however, is perfectly
naturalfor atransducerThissuggestthat,althoughthetraditionalformalismof contet-sensitverewriterules
maybe no morepowerful than®nitetransducerst containamplicit generalizationabouthow phonological
rulesusuallywork thatarenot presenin the transducesystem.We hopethatfurther experimentatiorwill
leadto away of expressinghis languagébiasin ourinductionsystem.

Finally, subsequentigtansducersarean inef®cientrepresentationf somesortsof rules. While all the
rulesdiscusse@bore canberepresentediith transducersf two or threestatesyulesapplyingto anentire
classof phonemesganleadto anexplosionin thenumberof necessargtates.Thisis because¢hetransducer
mustwaitto seetherighthandcontext of arulebeforeemittingtherule's output,andmustthereforeemember
whatthatoutputis to be. Oneexampleis word-®nabevoicing of obstruents:

[ +obstruent | — [ —voiced | /— #
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Figure19: ThreeRuleTransduceinducedfrom12,500Samples

In thiscaseaseparatstatemustbecreatedor eachobstruensubjecto devoicing. Thetransducewould
jump to the one of thesestateswithout emittingary output,uponseeingthe appropriateobstruent. Upon
seeingthe end of word symbolat this state,the correspondingirnvoiced obstruentwill be emitted. Upon
seeingary othernext symbol,theoriginal voicedobstruentill beemitted.

Oneway aroundthis would to adda memoryto themodel. Thetransducecouldkeeptrackof theinput
symbolsseensofar. Justasthe generalizedarcscannow specifyone of their outputsymbolsasbeingthe
inputsymbolwith certainphonetideaturechangedthey wouldbeableto referencereviousinputsymbols.
This methodwould achieve bestresultsif usedwith analgorithmthatinterleavesthe meging of statesand
generalizationsf arcs,sothatatransducewith alarge numberof statesvould not have to be®rstcorrectly
learnedbeforemenging statesby usingthe memorymechanism.

8 RelatedWork

Recentwork in the machinelearningof phonologyincludesalgorithmsfor learningboth segmentaland
non-sgmentainformation. Non-s@mentalapproachemcludethoseof Daelemanstal. (1994)for learning
stresssystemsaswell asapproacheto learningmorphologysuchas Gasses (1993) systemfor inducing
Semiticmorphology and Ellison's (1992) extensize work on syllabicity, sonority andharmoty. Sinceour
approachearnssolelysggmentalstructure amorerelevantcomparisons with otheralgorithmsfor inducing
segmentalstructurethisincludesSPEphonologicatulesaswell asmodernautosgmentalassociatiomules.

Johnson(1984) gives one of the ®rstcomputationaklgorithmsfor phonologicalrule induction. His
algorithmworksfor rulesof theform

6) a—b/C

whereC is the featurematrix of the sggmentsarounda. Johnsors algorithmsetsup a systemof constraint
equationsvhich C mustsatisfy by consideringooththe positive contexts, i.e., all the contets C; in which
ab occurson the surface aswell asall the negative contexts C; in which ana occurson the surface. The
setof all positive andnegative contexts will not generallydeterminea uniquerule, but will determinea set
of possiblerules. Johnsorthen proposeghat principlesfrom universalgrammarmight be usedto choose
betweercandidateules,althoughhe doesnot suggesary particularprinciples.
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Johnsors systemwhile embodyinganimportantinsightaboutthe useof positive andnegative contexts
for learning,did not generalizeo insertionanddeletionrules,andit is not clearhow to extendhis systento
modernautosgmentalphonologicabystemsTouretzly etal. (1990)extendedlohnsorsinsightby usingthe
versionspaceslgorithmof Mitchell (1981)to inducephonologicakulesin their Many Mapsarchitecture.
Rulesin their architectureesemblea three-leel versionof the two-level rulesof Koskenniem{1983). Like
Johnsors, theirsystemooksatthe underlyingandsurfaceealizationf singlesggments.For eachsegment,
thesystemusestheversionspacealgorithmto searcHor theproperstatemenof the context. Themodelalso
hasa separatelgorithmwhich handlesharmoniceffects by looking for multiple segmentalchangesn the
sameword,andhasseparat@rocessew dealwith epenthesianddeletionrules. Touretzly etal.'sapproach
seemguitepromising;ouruseof decisiortreeso generalizeeachstateis asimilaruseof phonologicafeature
informationto form generalizationsWe hopethatin makingour generalizatioroperatormore on-line, we
canmakeuseof someof the nggative context evidencethathelpsJohnsors andTouretzly et al.'s systems
cornveme.

Riley (1991)and Withgott & Chen(1993)proposea decision-treeapproacho segmentalmapping. A
decisiontreeis inducedfor eachphoneme classifyingpossiblerealizationsof the phonemein termsof
contetual factorssuchasstressandthe surroundingphonemes.The techniques major advantagesareits
probabilisticand data-drven nature,aswell asits ability to generalizebasedon phonologicalinformation.
Thedisadwantageof the decision-tregechniqueby itself is thatit misseggeneralizationaboutthe behaior
of similarphonemesthedecisiontreefor eachphonemes learnedseparatelyln addition,no generalizations
are madeaboutsimilar context phonemes.In a transducebasedormalism,generalizationgboutsimilar
context phonemesaturallyfollow from generalizationaboutindividualphonemesbehaior, asthecontext
is representeddy the currentstateof the machinewhich in turn depend®n the behaior of the machineon
thepreviousphonemes.

Thedecisionreeframevork alsomakedongdistancalependencidsardeto learnthandoesatransducer
basedframevork. To modelruleswith moredistantcontets, suchasvowel harmoty rules,one mustadd
moredistantphonemeso the featuresusedto learnthe decisiontree. This complicateghelearningprocess
andmakesheresultingtreesunwieldy To represensuchavowel harmoly rule,atransducecanenteranev
stateuponseeingthetriggerfor the harmoly andremainin this stateor a setof relatedstatesfor aslong as
theeffectsof theharmoty last.

9 Conclusion

Inferring ®nitestatetransducerseemgo hold promiseasa methodfor learningphonologicatules. Both of
our initial augmentationsf OSTIA to biasit towardphonologicahaturalnesgmprove performance Using
informationon the alignmentbetweerinput andoutputstringsallows the algorithmto learnmorecompact,
more accurateransducers.The additionof decisiontreesat eachstateof the resultingtransducefurther
improvesaccurag andresultsin phonologicallymorenaturaltransducersWe believe thatfurtherandmore
integratedusesof phonologicahaturalnesssuchasgeneralizingacrossimilar phenomenatdifferentstates
of thetransducerinterleaving the meiging of statesandgeneralizatiorof transitionsandaddingmemoryto
themodelof transductiongould helpevenmore.

Our currentalgorithmandmostprevious algorithmsaredesignedor obligatoryrules. Thesealgorithms
fail completelywhenfacedwith optional, probabilisticrules, suchas "apping. This is the adwantageof
probabilisticapproachesuch as the Riley/Withgott approach. One areawe hopeto investigateis the
generalizatiorof our algorithmto probabilisticruleswith probabilistic®nite-statdransducersperhapsy
augmentindg®FSTinductiontechniguesuchasStolcke& Omohundrq1994)with insightsfrom phonological
naturalness.

Besidesidingin the developmenif a practicaltool for learningphonologicakules,our resultspointto
theuseof constraint§rom universalgrammarasa strongfactorin the machineandpossiblyhumanlearning
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