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Abstract
This paperpresentsa methodfor learningphonologicalrulesfrom samplepairsof under-
lying andsurfaceforms,without negative evidence. The learnedrulesarerepresentedas
®nitestatetransducersthatacceptunderlyingformsasinputandgeneratesurfaceformsas
output.Thealgorithmfor learningthemis anextensionof theOSTIA algorithmfor learn-
ing generalsubsequential®nitestatetransducers.AlthoughOSTIA is capableof learning
arbitrarys.f.s.t's in thelimit, largedictionariesof actualEnglishpronunciationsdidnotgive
enoughsamplesto correctlyinducephonologicalrules. We thenaugmentedOSTIA with
two kindsof knowledgespeci®cto naturallanguagephonology, representinga naturalness
biasfromªuniversalgrammarº.A biasthatunderlyingphonesareoftenrealizedasphonet-
ically similaror identicalsurfacephoneswasimplementedby usingalignmentinformation
betweenthe underlyingandsurfacestrings. A biasthat phonologicalrulesapply across
naturalphonologicalclasseswasimplementedby learningdecisiontreesbasedonphonetic
featureson eachstateof the transducer. Theadditionshelpedin learningmorecompact,
accurate,andgeneraltransducersthantheunmodi®edOSTIA algorithm.An implementa-
tion of the algorithmsuccessfullylearnsa numberof Englishpostlexical rules,including
¯apping, t-insertionandt-deletion.



1 Intr oduction

Johnson(1972)®rstobservedthattraditionalphonologicalrewrite rulescanbeexpressedasregularrelations
if oneacceptstheconstraintthatno rule mayreapplydirectly to its own output. Asidefrom the interesting
result that the traditionalformalismfor expressingphonologicalrulesis lesspowerful thanit appears,this
®ndingmeantthat ®nitestatetransducerscanbeusedto representphonologicalrules. Sinceparsingwith
®nitestatetransducersis muchsimplerthanparsingcontext-sensitiverewrite rules,thisgreatlysimpli®edthe
problemof parsingtheoutputof phonologicalrulesin orderto obtaintheunderlying,lexical forms(Karttunen
1993).

In thispaperweexploreanotherconsequenceof FSTmodelsof phonologicalrules:theirweakergenerative
capacityalsomakesthemeasierto learn. We describeour preliminaryalgorithmandresultsononemethod
of learningrulesfrom samplepairsof inputandoutputstrings.

2 SubsequentialTransducersand PhonologicalRules

SinceJohnson's(1972)work,researchershaveproposedanumberof differentwaysto representphonological
rulesby transducers.In orderto takeadvantageof recentwork in transducerinduction,we have chosento
representrulesassubsequential®nitestatetransducers. Subsequential®nitestatetransducersarea subtype
of ®nitestatetransducerswith thefollowing properties:

1. Thetransduceris deterministic,thatis, thereis only onearcleaving agivenstatefor eachinputsymbol.

2. Eachtimea transitionis made,exactly onesymbolof theinputstringis consumed.

3. A uniqueendof stringsymbolis introduced.At theendof eachinputstring,thetransducermakesan
additionaltransitionon theendof stringsymbol.

4. All statesareaccepting.

The lengthof the outputstringsassociatedwith a subsequentialtransducer's transitionsis not constrained.
Thesubsequentialtransducerfor theEnglish¯apping rulein 1 is shownin Figure1; anunderlyingt is realized
asa ¯ap aftera stressedvowel andany numberof r's,andbeforeanunstressedvowel.

(1) t � dx / Â�
r � V

Themostpopularformalismfor representphonologicalrulesastransducersis thetwo-level formalismof
Koskenniemi(1983),basedonJohnson(1972)andthe(only recentlypublished)workof Kaplan& Kay(1994),
andthevariousimplementationsandextensionsof thetwo level formalisms(summarizedandcontrastedin
Karttunen(1993);we will henceforthrefer to Karttunen's paperfor detailson two-level phonology). The
mostsigni®cantdifferencebetweenthis andour subsequentialtransducersis that the two-level transducers
describedby Karttunen(1993)arenon-deterministic.In addition,Karttunen's transducersmay have only
zeroor onesymbolaseitherthe input or outputof an arc, andthey have no specialendof string symbol.
Finally, Karttunen'stransducersexplicitly includebothacceptingandnon-acceptingstates;oursubsequential
transducersrepresentthefail statesonly implicitly.

Theserepresentationaldifferencesbetweenthetwo formalismsleadto differentwaysof handlingcertain
classesof phonologicalrules,particularlythosethatdependonthecontext to therightof theaffectedsymbol.

The subsequentialtransducerdoesnot emit any outputuntil enoughof the right handcontext hasbeen
seento determinehow theinputsymbolis to berealized.Noticein thetransducerin Figure1 thatnooutputis
emitteduponseeinga `t' whenthemachineis atstate1. Rather, themachinegoesto state2 andwaitsto see
if thenext inputsymbolis therequisiteunstressedvowel; dependingon this next inputsymbol,themachine
will emit the' t' or a'dx' alongwith thenext inputsymbolwhenit makesthetransitionfrom state2 to state0.

In contrast,the non-deterministictwo-level-styletransducershown in Figure2 hastwo possiblearcs
leaving state1 uponseeinga ' t', onewith ' t' asoutputandonewith 'dx'. If the machinetakesthe wrong
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Figure 1: SubsequentialTransducerfor English Flapping: Labelson arcsare of the form (input sym-
bol):(outputsymbol). Labelswith no colon indicatethesameinput andoutputsymbols. `V' indicatesany
unstressedvowel, ' ÂV' any stressedvowel, `dx' a ¯ap, and`C' any consonantotherthan`t', `r' or `dx'. `#' is
theendof stringsymbol.

transition,the subsequenttransitionswill leave the transducerin a non-acceptingstate,or a statewill be
reachedwith no transitionon thecurrentinputsymbol.Eitherway, thetransductionwill fail.

Generatinga surfaceform from an underlyingform is moreef®cientwith a subsequentialtransducer
thanwith a nondeterministictransducer, asno searchis necessaryin a deterministicmachine.Runningthe
transducertheotherwaytoparseasurfaceintopossibleunderlyingforms,however, remainsnon-deterministic
in subsequentialtransducers.In addition,a subsequentialtransducermayrequiremany morestatesthana
non-deterministictransducerto representthesamerule (this will bediscussedin furtherdetail in

�
7.) Our

reasonfor chosingsubsequentialtransducers,then,is solelythatef®cienttechniquesexist for learningthem,
aswewill seein thenext section.

3 The OSTIA Algorithm

Our phonological-ruleinductionalgorithmis basedon augmentingthe OnwardSubsequentialTransducer
InferenceAlgorithm (OSTIA) of Oncinaet al. (1993). This sectionoutlinestheOSTIA algorithmin order
to provide backgroundfor themodi®cationsdescribedin theremainderof thepaper. For furtherdetail,see
Oncinaet al. (1993).

OSTIA takesasinput a trainingsetof input-output pairs. The algorithmbegins by constructinga tree
transducerwhichcoversall thetrainingsamplesaccordingtothefollowingprocedure:A branchisaddedtothe
treefor eachinputstringby followinga pathfrom theinitial stateof themachinewith onearccorresponding
to eachsymbolin theinputstring. Whenthereis nomove on thenext inputsymbolfrom thepresentstate,a
new branchis grown on thetree.Theentireoutputstringof eachtransductionis initially storedastheoutput
on thelastarcof thetransduction,thatis, thearccorrespondingto theendof stringsymbol.An exampleof
aninitial treetransducerconstructedby this processis shown in Figure3.

As thenext step,theoutputsymbolsareªpushedforwardº asfar aspossibletowardstheroot of thetree.
Thisprocessbeginsat theleavesof thetreeandworksits wayto theroot. At eachstep,thelongestcommon
pre®xof theoutputsonall thearcsleaving onestateis removedfrom theoutputstringsof all thearcsleaving
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Figure2: NondeterministicTransducerfor EnglishFlapping
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Figure3: Initial TreeTransducerfor ªbatº, ªbatterº, andªbandº with FlappingApplied('dx' indicatesa
¯ap)

thestateandsuf®xedto the(single)arcenteringthestate.This processcontinuesuntil thelongestcommon
pre®xof theoutputsof all arcsleaving eachstateis thenull string± thede®nitionof anonward transducer.
Theresultof makingthetransducerof Figure3 onwardis shown in Figure4.

At this point, the transducercovers all andonly the stringsof the training set. OSTIA now attempts
to generalizethe transducer, by merging someof its statestogether. For eachpair of states

���������
in the

transducer, the algorithmwill attemptto merge
�

with
�
, building a new statewith all of the incomingand

outgoingtransitionsof
�

and
�
. Theresultof the®rstmergingoperationonthetransducerof Figure4 is shown

in Figure5.
A con¯ict ariseswhenever two statesaremergedthat have outgoingarcswith the sameinput symbol.

When this occurs,an attemptis madeto merge the destinationstatesof the two con¯icting arcs. First,
all outputsymbolsbeyond the longestcommonpre®xof the outputsof the two arcsareªpushedbackº to
arcsfurther down the tree. This operationis only allowed undercertainconditionswhich guaranteethat
the transductionsacceptedby the machinearepreserved. The pushbackoperationallows the two arcsto
becombinedinto oneandtheir destinationstatesto bemerged. An exampleof a pushbackoperationand
subsequentmerger from a slightly extendeddomainthanthe earlierexamplesis shown in Figure6. This
methodof resolvingcon¯icts repeatsuntil nocon¯icts remain,or until resolutionis impossible.In thelatter
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Figure4: Onward TreeTransducerfor ªbatº, ªbatterº, andªbandº with FlappingApplied
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Figure5: Resultof Merging States0 and1 of Figure 4

case,the transduceris restoredto its con®gurationbeforethe merger causingthe original con¯ict, andthe
algorithmproceedsby attemptingto mergethenext pairof states.

4 ProblemsUsingOSTIA to learn PhonologicalRules

TheOSTIA algorithmcanbeprovento learnany subsequentialrelationin thelimit. Thatis, givenanin®nite
sequenceof valid input/outputpairs,it will atsomepointderivethetargettransducerfromthesamplesseenso
far. However, whentrying to learnphonologicalrulesfrom linguistic data,this resultmaybetooweak.The
necessarynumberof sampletransductionsmaybeseveraltimesthesizeof any naturallanguage'svocabulary,
or the necessarysamplemay requirestringsthat arenot found in the language. In particular, systematic
phonologicalconstraintssuchassyllablestructuremaymakeit impossibleto obtainthesetof examplesthat
would be necessaryfor OSTIA to learn the target rule. For example,given a training setof examplesof
English¯apping, thealgorithmmay inducea transducerthatrealizesanunderlying' t' as'dx' eitherin the
environment Â�

� �
�

or afterany sequenceof six consonants.This is possiblesincesucha transducerwill
accuratelycover thetrainingset,asno Englishwordscontainsix consonantsfollowedby a ' t'. TheOSTIA
algorithmis averygeneralone,makingnoassumptionsabouttheinputor outputalphabetsof thetransducer,

m : p
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ae : ae n

ae : ae m

0
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1

4
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2

Figure6: ExamplePushBack Operation andStateMerger
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or aboutthetargetrelation,beyondtherequirementof subsequentiality. Thusthealgorithmdoesnothavethe
languagebiaswhichwouldallow it to avoid suchanunnaturaltransducer.

0 1

t : 0

er : dx er
# : t

b : b ae
ae : 0
n : n d
d : 0
# : 0

Figure7: Final Resultof Merging ProcessonTransducerfromFigure 4

Anotherunnaturalaspectto the transducersproducedby OSTIA is their tendency toward ªclumpingº.
Thisis illustratedby thearcswith outªb aeºandªn dº in thetransducerin Figure7,or evenFigure4. Because
OSTIA movesall theoutputsymbolsasfar aspossibletowardstherootof theinitial tree,its defaultbehavior
is to emittheremainderof theoutputstringfor atransductionassoonasenoughinputsymbolshavebeenseen
to uniquelyidentify theinputstringin thetrainingset.While thepushbackoperationsperformedduringthe
processof mergingstateswill causemostof theclumpsof outputsymbolsto bespreadout,many will remain
unlessthetrainingsetcoversall possiblesequencesof inputsymbolsrelatively densely. Usingdatafrom the
lexicon of a naturallanguage,suchdensecoverageis not likely. Theclumpingof outputsymbolsresultsin
machineswhich may, seeminglyat random,insertor deletesequencesof four or ®ve phonemes,something
which is linguistically implausible. In addition, the incorrectdistribution of outputsymbolspreventsthe
optimalmerging of statesduringthelearningprocess,resultingin largeandinaccuratetransducers.

OSTIA's lack of languagebiasalsoleadsto casesin which it is unableto generalizefrom theinputdata.
or generalizesin anunnaturalmanner, causingit to performpoorlyonthetestset.An exampleof anunnatural
generalizationis shown in 7, the®naltransducerinducedby OSTIA on thethreeword trainingsetof Figure
3. While this transducerdoescorrectlyhandlethe trainingexamples,it is linguistically unnatural,andwe
expectit to dopoorlyonany testset.For example,thetransducerof Figure7 will insertan'ae' afterany 'b',
anddeleteany 'ae' from theinput. Perhapsworse,it will fail completelyuponseeingany symbolotherthan
'er' or theendof stringsymbolaftera ' t'. While it mightbeunreasonableto expectany transducertrainedon
threesamplesto beperfect,thetransducerof Figure7 illustratesonasmallscalea numberof waysin which
thegeneralizationsof OSTIA algorithmmaybemademorenaturallinguistically.

In a numberof othercases,OSTIA is unableto generalizeat all. For example,a large numberof the
errorsencounteredwhenrunningtransducerslearnedby OSTIA on testdataaresimply casesof falling off
thetransducer, thatis, having no next arcfor thenext inputsymbol. For examplethetransducerof Figure7
will fail onany word thatdoesnot begin with 'b', 'ae', 'n', or ' t'. Again, theinducedtransducersmusthave
a wayto guessthenext move in suchcasesby generalizingfrom observeddata.

Similarly, if theOSTIA algorithmis trainingoncasesof ¯apping in which theprecedingenvironmentis
everystressedvowelbutone,thealgorithmhasnowayof knowingthatit cansafelygeneralizetheenvironment
to all stressedvowels. Thealgorithmneedsknowledgeaboutclassesof phonemes(i.e., theconcepts̀vowel'
or `stressedvowel') to ®ll in accidentalgapsin trainingdatacoverage.

Thenext two sectionssummarizeour work in addingtwo kindsof languagebiasto OSTIA. Alignment
informationis usedtoavoid theunnaturalclumpingphenomena,andphonologicalfeatureinformationis used
to generalizerulesin a phonologicalnaturalway.
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5 UsingAlignment Information

Our®rstmodi®cationof OSTIA wasto addthebiasthat,all thingsbeingequal,thesurfacestringof phones
shouldresembletheunderlyingstringof phones.Thatis, asa default,a phonemeis realizedasitself, or asa
phonologicallysimilarphone.

This bias is a naturalone for phonologicalstrings; besidestwo-level phonology, this biaswasalso a
fundamentaltenetof naturalphonology. As

�
4 discussed,OSTIA lackssucha biasby defaultsincethe

techniqueof pushingthe outputsymbolsof the initial treetransduceras far forwardaspossiblemakesno
assumptionsaboutthecorrespondencebetweensymbolsin theinputandoutputstrings,althoughthemerging
processwill oftenpushtheoutputsymbolsbackto their correctplacesin thetransducer.

In orderto addthisinformation,thealgorithmguessesthemostprobablephonemeto phonemealignment
betweentheinputandoutputstrings,andusesthisinformationto moresensiblydistributetheoutputsymbols
amongthearcsof theinitial treetransducer.1

The modi®cationproceedsin two stages.First, a dynamicprogrammingmethodis usedto distribute
output symbolsamongthe arcsof the tree transducerbuilt at the start of the learningprocess. This is
demonstratedfor thewordªimportanceºin Figures8 and9.

ih    m    p    oa1    r    t    ah    n    s

ih    m    p    oa1    dx    ah    n    t    s

Figure8: Alignmentof ªimportanceºwith ¯apping, r-deletionandt-insertion

oa1 : oa1
40 1 2

ih : ih m : m p : p
3

r : 0
7 8

t : dx ah : ah n : n s : t s
95 6

Figure9: Resultinginitial transducerfor ªimportanceº

Thealignmentusesthealgorithmof Wagner& Fischer(1974),whichcalculatestheinsertions,deletions,
andsubstitutionswhichmakeup theminimumeditdistancebetweentheunderlyingandsurfacestrings.The
costsof edit operationsarebasedon phoneticfeatures;we used26 binary articulatoryfeatures.The cost
functionfor substitutionswasequalto thenumberof featureschangedbetweenthetwo phonemes.Thecost
of insertionsanddeletionswas6 (roughlyonequarterthe maximumpossiblesubstitutioncost). Fromthe
sequenceof edit operations,a mappingof outputphonemesto inputphonemesis generatedaccordingto the
following rules:

4
Any phonememapsto aninputphonemefor which it substitutes

4 Insertedphonemesmapto theinputphonemeimmediatelyfollowing the®rstsubstitutionto theleft of
theinsertedphoneme

Second,whenaddinga new arc to the tree,all the unusedoutputphonemesup to andincluding those
whichmapto thearc's inputphonemebecomethenew arc'soutput,andarenow markedashaving beenused.
Whenwalkingdown branchesof thetreeto adda new input/output sample,thelongestcommonpre®x,n, of
thesample'sunusedoutputandtheoutputof eacharcis calculated.Thenext n symbolsof thetransduction's
outputarenow markedashaving beenused.If the length,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, onwardness is not essential to the correctness of the algorithm, and even the
final transducers induced by our new method tend to be onward.
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necessaryto pushbackthe last l ± n symbolsontoarcsfurtherdown thetree. A treetransducerconstructed
by thisprocessis shown in Figure10, for comparisonwith theunalignedversionin Figure4.

0 1 2

3

4

5 6

7 8 9

t : 0

# : t

er : dx er
# : 0

# : 0

n : n

d : d

ae : aeb : b

Figure10: Initial TreeTransducerConstructedwith AlignmentInformation: Notethatoutputsymbolshave
beenpushedbackacrossstate3 duringtheconstruction

Resultsof our alignmentalgorithmaresummarizedin
�
7. Thedistributionof outputsymbolsresulting

from thealignmentconstrainsthemerging of statesearly in themerging loop of thealgorithmby makingit
lesslikely thattheoutputsymbolsof con¯icting arcscanbepushedback. Interestingly, preventingthewrong
statesfrom merging earlyonallowsmoremerging later, andresultsin morecompacttransducers.

6 GeneralizingBehavior With DecisionTrees

In orderto allow OSTIA to makenaturalgeneralizationsin its rules,weaddeda decisiontreeto eachstateof
themachine,describingthebehavior of thatstate.For example,thedecisiontreefor state2 of themachinein
Figure1 is shown in Figure11. Notethatif theunderlyingphoneis anunstressedvowel ([-cons,-stress]),the
machineoutputsa¯ap, followedby thevowel, otherwiseit outputsa`t' followedby theunderlyingphone.

2

1 2

+

-

-

+

cons

stress

Outcomes:
1: Output: dx [ ], Destination State: 0
2: Output: t [ ], Destination State: 0
3: On end of string: Output: t, Destination State: 0

Figure11: ExampleDecisionTree: This treedescribesthebehavior of State2 of thetransducerin Figure1.
[ ] in theoutputstringindicatesthearc's inputsymbol(with no featureschanged).

Thedecisiontreesdescribethebehavior of themachineatagivenstatein termsof thenext inputsymbol
by generalizingfrom thearcsleaving thestate. In orderto to this, we needa way of describingtheoutput
of anarc in termsof its input symbol. This is quite straightforwardif, for example,the outputconsistsof
onephoneme,identicalto the input phoneme.Often,however, becauseof insertionsor deletionsor mere
context dependencies,the outputphonemeon anarccorrespondsnot to the arc's input phonemebut rather
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to somepositionearlier in the string. The arc may alsohave null output,or may have an outputstring of
severalphonemes.In suchcases,we wish to makegeneralizationssuchasªat this state,on any consonant
inputphoneme,emit 'a' followedby theinputconsonant,andjump to statenumber7.º

Suchgeneralizationsaremademoreeasilyby usingthealignmentinformationgeneratedin the®rststep
of thetrainingprocess.Eacharcis markedwhenit is createdwith theindex of theoutputphoneme(if any)
to which theinput phonemecorrespondsin theoutputstring. During themerging stepof thealgorithm,the
mergingof otherwisesimilararcswith differentstoredindicesis disallowed.(In practice,theotherconstraints
generallypreventthis from happeninganyway.)

For eachstate,thearcsleaving thestatewereclassi®edinto groupsthatagreeon eachof the following
features:

4
theindex i of theoutputsymbolcorrespondingto theinputsymbol4
thedifferenceof thephoneticfeaturevectorsof theinputsymbolandsymboli of theoutputstring4
thepre®xof lengthi ± 1 of theoutputstring4
thesuf®xof theoutputstringbeginningatpositioni + 1

After the processof merging statesterminates,a decisiontree is inducedat eachstateto classify the
outgoingarcs. Thebranchesof thedecisiontreearelabeledwith phoneticfeaturevaluesof thearc's input
symbol,andthe leavesof the treecorrespondto thegroupsdescribedabove. Thesame26 binaryphonetic
featuresusedin calculatingedit distancewasusedto classifyphonemesin the decisiontrees. Arcs whose
input is theendof stringsymbolarenot includedin thedecisiontrees,but rathersimply left asis.

Usingphoneticfeaturesto build a decisiontreeguaranteesthateachleaf of thetreerepresentsa natural
classof phonemes,thatis,asetof phonemesthatcanbedescribedby specifyingvaluesfor somesubsetof the
phoneticfeatures.Thusif we think of thetransducerasa setof rewrite rules,thedecisiontreeexpressesthe
precedingcontext asa regular expressionof naturalclassesof precedingphonemes.Becausetheseclasses
areexpressedin termsof phoneticfeatures,thetransducersaugmentedwith thedecisiontreeswill generalize
to new contextswhichsharephoneticfeatureswith thetrainingcontexts.

Someinducedtransducersmay needto be generalizedeven further, sincethe input transducerto the
decisiontreelearningmayhavearcswhichareincorrectmerelybecauseof accidentalpriorstructure.Consider
againthe English¯apping rule, which appliesin the context of a precedingstressedvowel. Our algorithm
®rstlearneda transducerwhosedecisiontreeis shown in Figure12. In this transducerall arcsleaving state
0 correctlyleadto the¯apping stateon stressedvowels,exceptfor thosestressedvowelswhich happennot
to have occurredin the training set. For theseunseenvowels (which consistedof the roundeddiphthongs
`oy' and`ow' with secondarystress),thetransducersincorrectlyreturnsto state0. In this case,we wish the
algorithmto makethegeneralizationthattheruleappliesafterall stressedvowels.

Thistypeof generalizationcanbeaccomplishedby pruningthedecisiontreesateachstateof themachine.
Pruningis doneby steppingthrougheachstateof themachineandpruningasmany decisionnodesaspossible
at eachstate.Theentiretrainingsetof transductionsis testedaftereachbranchis pruned.If any errorsare
found,theoutcomeof theprunednode'sotherchild is tested.If errorsarestill found,thepruningoperationis
reversed.Thisprocesscontinuesatthefringeof thedecisiontreeuntil nomorepruningis possible.Figure13
showsthecorrectdecisiontreefor ¯apping afterpruning.

Theprocessof pruningthedecisiontreesis complicatedby thefact that thepruningoperationsallowed
at onestatedependon thestatusof thetreesat eachotherstate.Thusit is necessaryto makeseveralpasses
throughthe states,attemptingadditionalpruningat eachpass,until no moreimprovementis possible. In
addition,testingeachpruningoperationagainsttheentiretrainingsetis expensive,but in thecaseof synthetic
datait givesthebestresults.For otherapplicationsit maybedesirableto keepa crossvalidationsetfor this
purpose.

8
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Outcomes:
1: Output: [ ], Destination State: 0
2: Output: [ ], Destination State: 1
On end of string: Output: nil, Destination State: 0

Figure12: DecisionTreeBefore Pruning: Theinitial stateof the¯apping transducer

stress

1 2

− +

Figure13: TheSameDecisionTreeAfter Pruning

7 Resultsand Discussion

We testedour inductionalgorithmona syntheticcorpusof 49,280input/output pairs.Eachpair consistedof
anunderlyinganda surfacepronunciationof an individualword of English. Theunderlyingstringof each
pair wastakenfrom the phoneme-basedCMU pronunciationdictionary. The surfacestring wasgenerated
from eachunderlyingform by mechanicallyapplyingtheoneor moreruleswewereattemptingto inducein
eachexperiment.

In our®rstexperiment,weappliedthe¯apping rulein (2) to trainingcorporaof between6250and50,000
words. Figure14 shows the transducerinducedfrom 50,000training samples,andFigure15 shows some
performanceresults.

(2)
� � ����� Â�

� �
�

As canbeseenfrom Figure15, the useof alignmentinformationin creatingthe initial treetransducer
dramaticallydecreasesthenumberof statesin thelearnedtransducerandtheperformanceon testdata.The
improvedalgorithminduceda ¯apping transducerwith theminimumnumberof stateswith asfew as6250
samples.Theuseof alignmentinformationalsoreducedthelearningtime; theadditionalcostof calculating
alignmentsis morethancompensatedfor by quickermerging.

Thealgorithmalsosuccessfullyinducedtransducerswith theminimumnumberof statesfor thet-insertion
andt-deletionrulesbelow, givenonly 6250samples.

For the r-deletionrule in (3), the algorithminduceda machinewhich wasnot the theoreticalminimal
machine,asFigure16shows. We discusstheseresultsbelow.

(3) � ��� � [ �	��

��������� ] [ �	��

� � 

����� � ��� ]
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Figure14: FlappingTransducerInducedfrom50,000Samples

OSTIA w/o Alignment OSTIA w/ 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: ResultsUsingAlignmentInformationonEnglishFlapping

In oursecondexperiment,weappliedourlearningalgorithmtoamoredif®cultproblem:inducingmultiple
rulesat once.Settingr-deletionasidefor present,a datasetwasconstructedby applyingthet-insertionrule
in (4), thet-deletionrule in (5) andthe¯apping rule alreadyseenin (2) oneafteranother. As theserulesdo
not affect oneanother'senvironment,theorderof their applicationis not signi®cant.Theminimumnumber
of statesfor a subsequentialtransducerperformingthecompositionof the threerulesis ®ve. As is seenin
Figure17,a transducerof minimumsizewasobtainedwith 12500or moresampletransductions.

(4) � � � � � �

(5)
� ��� � �

�
�	��

���������� � �

��� � ���
The effectsof addingdecisiontressat eachstateof the machinefor the compositionof t-insertion,t-

deletionand¯apping areshown in Figure18. By makingit impossibleto fall of the transducer, errorsare
reducedby about80%. Pruningthedecisiontreesfurtherreduceserrorsto underonein 10000.

Figure19showsthe®naltransducerinducedfromthiscorpusof 12,500wordswith pruneddecisiontrees.
An analysisof errorsin the induction suggeststhreeseparateways in which the induction algorithm

couldbeimproved. Our®rstproblemwasthedif®cultyof inducinga transducerfor r-deletion.Theproblem
wasnot deletionperse,sinceour algorithmsuccessfullylearnsthe t-deletionrule. Rather, we believe that
thedif®cultywith r-deletionis thebroadcontext in which therule applies:afterany vowel andbeforeany
consonant.Sinceourphonemesetdistinguishesthreedegreesof stressfor eachvowel, thealphabetsizeis 72;

R-deletion
Samples States % Error

6250 4 0.48
12500 3 0.21
25000 6 0.18
50000 35 0.30

Figure16: ResultsonR-deletionusingAlignmentInformation

10



OSTIA w/Alignment
Samples States % Error

6250 6 0.93
12500 5 0.20
25000 5 0.09
50000 5 0.04

Figure17: ResultsonThreeRulesComposed

Method States % Error
OSTIA 329 22.09

Alignment 5 0.20
Add D-trees 5 0.04

PruneD-trees 5 0.01

Figure18: ResultsonThreeRulesComposed12,500Training,49,280Test

webelievethiswassimplytoolargefor thealgorithmwithoutsomepriorconceptof `vowel' and`consonant'.
While our decisiontreeaugmentationaddstheseconceptsto the algorithm,it only doesso after the initial
transducerhasbeeninduced,andsocannothelpin building theinitial transducer. We needsomemethodof
interleaving thegeneralizationof phonemesinto classes,performedby thedecisiontrees,andtheinduction
of thestructureof thetransducerby merging states.Makinggeneralizationsaboutinputphonemeswould in
effect reducethealphabetsizeon the¯y , makingstructure-learningeasier.

An examinationof thefew errors(threesamples)in theinduced̄ appingandthree-ruletransducerspoints
out another̄ aw in ourmodel.While thelearnedtransducercorrectlymakesthegeneralizationthat¯apping
occursafterany stressedvowel, it doesnot ¯ap after two stressedvowels in a row. Uponseeinga stressed
vowel at theinitial state,a transitionis madeto thestatefrom which ¯apping canoccur. However, from this
state,seeinganotherstressedvowel causesa transitionbackto the initial state.This is possiblebecauseno
samplescontainingtwo stressedvowelsin arow (or separatedby an'r') immediatelyfollowedby a¯ap were
in thetrainingdata.

This transducerwill thus¯ap a ' t' afterany oddnumberof stressedvowels,ratherthansimplyafterany
stressedvowel. Sucha rule seemsquite unnaturalphonologically, andmakesfor anodd context-sensitive
rewrite rule. Any sortof simplesthypothesiscriterionappliedto asystemof rewrite ruleswouldpreferarule
suchas � � ��� � Â� �

to arulesuchas � � ����� Â� � Â� Â� �
�

�

which is theequivalentof the transducerlearnedfrom the trainingdata. Sucha rule, however, is perfectly
naturalfor atransducer. Thissuggeststhat,althoughthetraditionalformalismof context-sensitiverewriterules
maybenomorepowerful than®nitetransducers,it containsimplicit generalizationsabouthow phonological
rulesusuallywork thatarenot presentin the transducersystem.We hopethat furtherexperimentationwill
leadto a wayof expressingthis languagebiasin our inductionsystem.

Finally, subsequentialtransducersarean inef®cientrepresentationof somesortsof rules. While all the
rulesdiscussedabove canberepresentedwith transducersof two or threestates,rulesapplyingto anentire
classof phonemescanleadto anexplosionin thenumberof necessarystates.This is becausethetransducer
mustwait toseetherighthandcontext of arulebeforeemittingtherule'soutput,andmustthereforeremember
whatthatoutputis to be. Oneexampleis word-®naldevoicing of obstruents:

�
�	
�� � � ��� � � ��� � � � ��

��� � � � �

#
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Figure19: ThreeRuleTransducerInducedfrom12,500Samples

In thiscase,aseparatestatemustbecreatedfor eachobstruentsubjectto devoicing. Thetransducerwould
jump to the oneof thesestates,without emittingany output,uponseeingthe appropriateobstruent.Upon
seeingthe endof word symbolat this state,the correspondingunvoicedobstruentwill be emitted. Upon
seeingany othernext symbol,theoriginal voicedobstruentwill beemitted.

Oneway aroundthis would to adda memoryto themodel.Thetransducercouldkeeptrackof theinput
symbolsseenso far. Justasthegeneralizedarcscannow specifyoneof their outputsymbolsasbeingthe
inputsymbolwith certainphoneticfeatureschanged,they wouldbeableto referencepreviousinputsymbols.
This methodwould achieve bestresultsif usedwith analgorithmthat interleavesthemerging of statesand
generalizationsof arcs,sothata transducerwith a largenumberof stateswouldnot have to be®rstcorrectly
learnedbeforemerging statesby usingthememorymechanism.

8 RelatedWork

Recentwork in the machinelearningof phonologyincludesalgorithmsfor learningboth segmentaland
non-segmentalinformation.Non-segmentalapproachesincludethoseof Daelemansetal. (1994)for learning
stresssystems,aswell asapproachesto learningmorphologysuchasGasser's (1993)systemfor inducing
Semiticmorphology, andEllison's (1992)extensive work on syllabicity, sonority, andharmony. Sinceour
approachlearnssolelysegmentalstructure,amorerelevantcomparisonis with otheralgorithmsfor inducing
segmentalstructure;this includesSPEphonologicalrulesaswell asmodernautosegmentalassociationrules.

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

(6) � � � ���

whereC is the featurematrix of thesegmentsarounda. Johnson's algorithmsetsup a systemof constraint
equationswhich C mustsatisfy, by consideringboththepositive contexts, i.e., all thecontexts

���
in which

a � occurson thesurface,aswell asall thenegative contexts
���

in which an � occurson thesurface.The
setof all positive andnegative contexts will not generallydeterminea uniquerule, but will determinea set
of possiblerules. Johnsonthenproposesthat principlesfrom universalgrammarmight be usedto choose
betweencandidaterules,althoughhedoesnot suggestany particularprinciples.
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Johnson'ssystem,while embodyinganimportantinsightabouttheuseof positiveandnegative contexts
for learning,did not generalizeto insertionanddeletionrules,andit is not clearhow to extendhissystemto
modernautosegmentalphonologicalsystems.Touretzky etal. (1990)extendedJohnson'sinsightby usingthe
versionspacesalgorithmof Mitchell (1981)to inducephonologicalrulesin their Many Mapsarchitecture.
Rulesin their architectureresemblea three-level versionof thetwo-level rulesof Koskenniemi(1983).Like
Johnson's,theirsystemlooksattheunderlyingandsurfacerealizationsof singlesegments.For eachsegment,
thesystemusestheversionspacealgorithmto searchfor theproperstatementof thecontext. Themodelalso
hasa separatealgorithmwhich handlesharmoniceffectsby looking for multiple segmentalchangesin the
sameword,andhasseparateprocessesto dealwith epenthesisanddeletionrules.Touretzky etal.'sapproach
seemsquitepromising;ouruseof decisiontreestogeneralizeeachstateisasimilaruseof phonologicalfeature
informationto form generalizations.We hopethat in makingour generalizationoperatormoreon-line,we
canmakeuseof someof thenegative context evidencethathelpsJohnson's andTouretzky et al.'s systems
converge.

Riley (1991)andWithgott & Chen(1993)proposea decision-treeapproachto segmentalmapping. A
decisiontree is inducedfor eachphoneme,classifyingpossiblerealizationsof the phonemein termsof
contextual factorssuchasstressandthe surroundingphonemes.The technique's majoradvantagesareits
probabilisticanddata-drivennature,aswell asits ability to generalizebasedon phonologicalinformation.
Thedisadvantageof thedecision-treetechniqueby itself is thatit missesgeneralizationsaboutthebehavior
of similarphonemes;thedecisiontreefor eachphonemeis learnedseparately. In addition,nogeneralizations
aremadeaboutsimilar context phonemes.In a transducerbasedformalism,generalizationsaboutsimilar
context phonemesnaturallyfollow from generalizationsaboutindividualphonemes'behavior, asthecontext
is representedby thecurrentstateof themachine,which in turn dependson thebehavior of themachineon
thepreviousphonemes.

Thedecisiontreeframeworkalsomakeslongdistancedependenciesharderto learnthandoesatransducer-
basedframework. To modelruleswith moredistantcontexts, suchasvowel harmony rules,onemustadd
moredistantphonemesto thefeaturesusedto learnthedecisiontree. This complicatesthelearningprocess
andmakestheresultingtreesunwieldy. To representsuchavowel harmony rule,a transducercanenteranew
stateuponseeingthetriggerfor theharmony andremainin this state,or a setof relatedstates,for aslongas
theeffectsof theharmony last.

9 Conclusion

Inferring®nitestatetransducersseemsto holdpromiseasa methodfor learningphonologicalrules.Bothof
our initial augmentationsof OSTIA to biasit towardphonologicalnaturalnessimprove performance.Using
informationon thealignmentbetweeninput andoutputstringsallows thealgorithmto learnmorecompact,
moreaccuratetransducers.The additionof decisiontreesat eachstateof the resultingtransducerfurther
improvesaccuracy andresultsin phonologicallymorenaturaltransducers.We believe thatfurtherandmore
integratedusesof phonologicalnaturalness,suchasgeneralizingacrosssimilarphenomenaatdifferentstates
of thetransducer, interleaving themerging of statesandgeneralizationof transitions,andaddingmemoryto
themodelof transduction,couldhelpevenmore.

Our currentalgorithmandmostpreviousalgorithmsaredesignedfor obligatoryrules. Thesealgorithms
fail completelywhen facedwith optional, probabilisticrules, suchas ¯apping. This is the advantageof
probabilisticapproachessuch as the Riley/Withgott approach. One areawe hope to investigateis the
generalizationof our algorithmto probabilisticruleswith probabilistic®nite-statetransducers,perhapsby
augmentingPFSTinductiontechniquessuchasStolcke& Omohundro(1994)with insightsfromphonological
naturalness.

Besidesaidingin thedevelopmentof a practicaltool for learningphonologicalrules,our resultspoint to
theuseof constraintsfrom universalgrammarasa strongfactorin themachineandpossiblyhumanlearning
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of naturallanguagephonology.
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