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ABSTRACT

The MIT SUMMIT speechrecognitionsystemmodelspronunci-
ation using a phonemicbaseformdictionary along with rewrite
rulesfor modelingphonologicalvariationandmulti-word reduc-
tions. Eachpronunciationcomponentis encodedwithin a finite-
statetransducer(FST)representationwhosetransitionweightscan
be probabilistically trained using a modified EM algorithm for
finite-statenetworks. This paperexplainsthemodelingapproach
weuseandthedetailsof its realization.Wedemonstratethebene-
fits andweaknessesof theapproachbothconceptuallyandempir-
ically usingthe recognizerfor our JUPITER weatherinformation
system.Ourexperimentsdemonstratethattheuseof phonological
rewrite rules within our systemreducesword error ratesby be-
tween4% and8% over differenttestsetswhencomparedagainst
asystemusingno phonologicalrewrite rules.

1. INTRODUCTION

Pronunciationvariationhasbeenidentifiedasa majorcauseof er-
rors for a variety of automaticspeechrecognitiontasks[8]. In
particular, pronunciationvariationcanbe quite severe in sponta-
neous,conversationalspeech.To addressthis problem,this paper
presentsa pronunciationmodelingapproachthat hasbeenunder
developmentat MIT for morethana decade.Our approachsys-
tematicallymodelspronunciationvariantsusinginformationfrom
a varietyof levels in the linguistic hierarchy. Pronunciationvari-
ationcanbeinfluencedby thehigherlevel linguistic featuresof a
word(e.g.,morphology, partof speech,tense,etc.)[12], thelexical
stressandsyllablestructureof a word [5], andthespecificphone-
mic contentof a word sequence[11, 16]. Whenall of theknowl-
edgein the linguistic hierarchyis broughtto bearupontheprob-
lem, it becomeseasierto devise a consistent,generalizedmodel
thataccuratelydescribestheallowablepronunciationvariantsfor
particularwords. This paperpresentsthe pronunciationmodel-
ing approachthathasbeenimplementedandevaluatedwithin the
SUMMIT speechrecognitionsystemdevelopedatMIT.

Pronunciationvariationin today’sspeechrecognitiontechnol-
ogy is typically encodedusingsomecombinationof a lexical pro-
nunciationdictionary, a set of phonologicalrewrite rules, and a
collectionof context-dependentacousticmodels.Thecomponent
which modelsa particulartype of pronunciationvariationcanbe
differentfrom recognizerto recognizer. Somerecognizersrely al-
mostentirelyon their context-dependentacousticmodelsto cap-
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ture phonologicaleffects, while other systemsexplicitly model
phonologicalvariation with a set of phonologicalrewrite rules.
Somesystemsignorephonologicalrulesentirely andsimply ac-
count for alternatepronunciationsdirectly in the pronunciation
dictionary. In this paperwe usethe SUMMIT recognizerto ex-
aminethe advantagesand disadvantagesof accountingfor gen-
eral phonologicalvariationexplicitly with phonologicalrulesus-
ing distinct allophonicmodelsversusimplicitly within context-
dependentmodels. We also describea pronunciationvariation
modelingapproachwhich usesa cascadeof finite-statetransduc-
ers,eachof which modelsdifferentvariationsresultingfrom dif-
ferentunderlyingcauses.

2. OVERVIEW

2.1. Segment-Based Recognition

The experimentspresentedin this paperusethe SUMMIT speech
recognitionsystem.SUMMIT usesa segment-basedapproachfor
acousticmodeling[3]. This approachdiffers from the standard
hiddenMarkov modeling(HMM) approachin that the acoustic-
phoneticmodelsarecomparedagainstpre-hypothesizedvariable-
lengthsegmentsinsteadof fixed-lengthframes.While HMM sys-
temsallow multiple framesto be absorbedby a singlephoneme
modelvia self-loopson the HMM states,our segment-basedap-
proachassumesa one-to-onemappingof hypothesizedsegments
to phoneticevents. This approachallows the multiple framesof
a segment to be modeledjointly, removing the frame indepen-
denceassumptionusedin the standardHMM. Details of SUM-
MIT’sacousticmodelingtechniquecanbefoundin [15].

Figure1 showstherecognizer’sgraphicaldisplaycontaininga
segmentgraph(with therecognizer’s bestpathhighlighted)along
with the correspondingphonetictranscription. It is importantto
notethatSUMMIT pre-generatesasegmentnetwork basedonmea-
suresof localacousticchangebeforethesearchbegins.Thesmall-
esthypothesizedsegmentscanbeasshortasa single10 millisec-
ondframe,but segmentsaretypically longerin regionswherethe
acousticsignalis relatively stationary.

Thesegment-basedapproachpresentsseveralmodelingissues
which areessentiallynot presentin frame-basedHMM systems.
For example,in our segment-basedapproachplosivesmustbeex-
plicitly modeledas two distinct phoneticevents,a closureanda
release.In HMM recognizerstheclosureandburstregionscanbe
implicitly learnedby multi-statephonememodels.However, in a
segment-basedapproachthey mustbeexplicitly separatedinto dif-
ferent phoneticmodelsbecausethe segmentationalgorithm will
observe two distinct acousticregionsandmay not hypothesizea



Fig. 1. The output of a graphical interface displaying a sam-
ple waveform, its spectrogram,the hypothesizedSUMMIT seg-
ment network with the bestpath segmentsequencehighlighted,
the time-alignedphonetictranscriptionof the bestpath, and the
time-alignedword transcriptionof thebestpath.

singlesegmentspanningboththeclosureandtheburstregions.
Anotherissuefacedbyoursegment-basedapproachis itsdiffi-

culty in absorbingdeletedor unrealizedphonemiceventsrequired
in its searchpath. An HMM needonly absorbas little as one
poorly scoringframe when a phonemicevent in its searchpath
is not realized,while SUMMIT must potentially absorba whole
multi-framesegment.As aresult,accuratephoneticmodelingthat
accountsfor potentiallydeletedphonemiceventsis morecrucial
for segment-basedapproachesthanfor HMM approaches.It is our
belief thataccuratephoneticsegmentationandclassificationis im-
portantfor distinguishingbetweenacousticallyconfusablewords.

2.2. FST-Based Search

The SUMMIT recognizerutilizes a finite-statetransducer(FST)
representationfor thelexical andlanguagemodelingcomponents.
The FST representationallows the various hierarchicalcompo-
nentsof the recognizer’s searchspaceto be representedwithin a
singleparsimoniousnetwork throughtheuseof genericFSToper-
ationssuchascomposition,determinizationandminimization[9].
Thefull searchnetwork usedby SUMMIT is illustratedin Figure2.
Thefigureshows thefive primaryhierarchicalcomponentsof the
searchspace:the languagemodel(

�
), a setof word-level rewrite

rules for reductionsandcontractions( � ), the lexical pronuncia-
tion dictionary( � ), the phonologicalrules ( � ), andthe context-
dependentmodelmapping( � ). Eachof thesecomponentscanbe
independentlycreatedandrepresentedasan FST. By composing
theFSTssuchthattheoutputlabelsof thelower-level components
becomethe inputsfor the higher-level components,a singleFST
network is createdwhich encodesthe constraintsof all five indi-
vidual components.The full network canbe representedmathe-
maticallywith thefollowing expression:
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�����
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This paperfocuseson the reductionsFST � , the lexicon FST �
andthephonologicalrulesFST � .
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Fig. 2. Thesetof distinctFSTcomponentswhicharecomposedto
form thefull FSTsearchnetwork within theSUMMIT recognizer.

2.3. Levels of Pronunciation Variation

In our pronunciationmodelingapproachwe distinguishbetween
four differentlevelsof pronunciationvariation: (1) variationsthat
dependon word-level featuresof lexical items (suchas part-of-
speech,case,tense,etc.),(2) variationsthatareparticularto spe-
cific lexical entries,(3) variationsthatdependonthestressandsyl-
lablepositionof phonemes,and(4) variationsthatdependonly on
local phonemicor phoneticcontext. In the following paragraphs
we provide examplesof thesevariantsspecificallyfor English.

Type(1) variantsincludecontractions(what’s, can’t, etc.),re-
ductions(gonna, wanna, etc.), part-of-speechvariants(as in the
noun andverb versionsof record), and tensevariants(as in the
pastandpresenttenseversionsof read). In mostspeechrecogni-
tion systems,thesetypesof variantsarehandledin verysuperficial
manners.Reductionsandcontractionsare typically enteredinto
thepronunciationlexiconasdistinctentriesindependentof theen-
triesof theirconstituentwords.All alternatepronunciationsdueto
partof speechor tensearetypically enteredinto thepronunciation
lexicon within a single entry without regard to their underlying
syntacticproperties.In oursystemreductionsandcontractionsare
handleby thereductionsFST( � ), while all othertype(1) variants
are encodedas alternatepronunciationswithin lexical entriesin
the lexicon FST( � ). In futurework we may investigatemethods
for explicitly delineatingpronunciationvariationscausedby the
part-of-speech,caseor tenseof a word.

Type (2) variantsare simply word-dependentpronunciation
variantswhich arenot the resultof any linguistic featuresof that
word. A simpleexampleof awordwith atype(2) variantis either,
whichhastwo differentphonemicpronunciationsasshown here:

either: � iy � ay � th er

Thesevariantsaretypically encodedmanuallyby lexicographers.
In our systemthesevariantsareall handledasalternatepronunci-
ationsin thelexiconFST( � ).

Variantsof type (3) in Englisharetypically relatedto the re-
alizationof stop(or plosive) consonants.Thesetof possibleallo-
phonesof a stopconsonantin Englishis heavily dependenton its



positionwithin a syllableandthestressassociatedwith thesylla-
blesprecedingandfollowing thestop. For example,a stopin the
suffix or codapositionof a syllablecanbeunreleased,while stops
in the prefix positionof a stressedsyllablemustbe released.An
exampleis shown hereusingtheword laptop:

laptop: l aepd t aapd

In this example,the label /pd/ is usedto representa /p/ within a
syllablesuffix or codawhoseburstcanbedeleted. The /t/ in this
exampleis in theonsetpositionof thesyllableandthereforemust
have a burstrelease.Type(3) variantsareencodedusingsyllable-
position-dependentphonemiclabelsdirectly in the lexicon FST
( � ). Thedetailsof thecreationof thepronunciationlexicon using
thesespeciallabelsarepresentedin Section3.2.

Variantsof type(4) canbeentirelydeterminedby localphone-
mic or phoneticcontext andare independentof any higher-level
knowledgeof lexical features,lexical stress,or syllabification.Ex-
amplesof theseeffectsarevowel fronting, placeassimilationof
stopsand fricatives,geminationof nasalsand fricatives,and the
insertionof epentheticsilences.To accountfor type (4) variants
wehavedevelopedourown FSTmechanismfor applyingcontext-
dependentphonologicalrules.Thedetailsof thesyntaxandappli-
cationof the rulesaredescribedin [6]. Examplesof theserules
will bepresentedin Section3.3. In relationto Figure2, type (4)
variantsaregeneratedby thephonologicalrulesFST( � ).

2.4. Modeling Variation with Context-Dependent Models

Whendevising an approachfor capturingphonologicalvariation
thereis flexibility in the specificmodelin which certaintypesof
phonologicalvariationarecaptured.In particular, certainformsof
phonologicalvariationcaneasilybemodeledeitherexplicitly with
phonologicalrulesusingsymbolicallydistinctallophonicvariants,
or implicitly usingcontext-dependentacousticmodelswhichcap-
ture the acousticvariation from differentallophoneswithin their
probabilitydensityfunctions[7]. Oneexampleis theplaceassim-
ilation effect,whichallows thephoneme/d/ to berealizedphonet-
ically asthe palatalaffricate [jh] whenfollowed by the phoneme
/y/ (asin the word sequencedid you). The effect could be mod-
eled symbolically with a phonologicalrewrite rule allowing the
phoneme/d/ to be optionally realizedas[jh]. Alternately, it can
becapturedin a context-dependentacousticmodelwhich implic-
itly learnsthe [jh] realizationwithin the densityfunction for the
context-dependentmodelfor thephoneme/d/ in theright context
of thephoneme/y/.

Modelingeffectssuchasplaceassimilationwithin thecontext-
dependentacousticmodelhasseveraladvantages.First, this type
of modelsimplifiesthesearchby utilizing fewer alternatepronun-
ciationpathsin thesearchspace.The likelihoodsof thealternate
allophonesareencodeddirectly into theobservationdensityfunc-
tion of theacousticmodels.Additionally, no harddecisionabout
which allophoneis usedis ever madeduringeithertrainingor ac-
tual recognition.

Pushingthemodelingof allophonicvariationinto thecontext-
dependentacousticmodeldoeshave potentialdrawbacksaswell.
In particular, context-dependentacousticmodelsmay not accu-
rately representthe truesetof allophonicvariantsin caseswhere
stressandsyllable-boundaryinformationis requiredfor predicting
the allowable setof allophones. For example,considerthe two
word sequences“the speech” and “this peach” . Both of these
wordsequencescanberealizedwith thesamephoneticsequence:

th ix spcl p iy tcl ch

In this particularexample,therearetwo acousticallydistinctallo-
phonicvariantsof /p/; the/p/ in “the speech” is unaspiratedwhile
the/p/ in “this peach” isaspirated.Theexactvariantof /p/ is deter-
minedby thelocationof thefricative/s/in thesyllablestructure.In
“the speech” the/s/ formsasyllable-initialconsonantclusterwith
the /p/ therebycausingthe /p/ to beunaspirated.In “this peach”
the/s/ belongsto theprecedingsyllabletherebycausingthe/p/ to
be aspirated.A standardcontext-dependentacousticmodelwill
modelthesevariantsinexactly, allowing the /p/ to be eitheraspi-
ratedor unaspiratedin eithercase.In essence,pushingthemodel-
ing of phonologicalvariationinto thecontext-dependentacoustic
modelsrunsthe risk of creatingmodelswhich over-generate the
setof allowablerealizationsfor specificphonemicsequences.

3. PRONUNCIATION MODELING IN SUMMIT

3.1. Deriving the Reduction FST

To handlereductionsandcontractions,a reductionFSTis created
whichencodesrewrite rulesthatmapcontractionsandothermulti-
word reductionsto their underlyingcanonicalform. Someexam-
plesof theserewrite rulesareasfollows:

gonna� goingto
how’s � how is
i’d � i would � i had
lemme � let me

In somecases,suchasthecontractioni’ d, acontractedform could
representmorethanonecanonicalform. All contractionsandre-
ductionswhich areinputsto thereductionFST( � ) arere-written
suchthat the input to thegrammarFST(

�
) containsonly canon-

ical wordstherebyallowing/constrainingthe grammarto operate
on theintendedsequenceof canonicalwords,irrespective of their
surfacerealization. In the JUPITER weatherinformationdomain,
thereductionFST( � ) contains120differentcontractedor reduced
formsof wordsequences.

3.2. Deriving the Lexicon FST

The lexicon FST representsthe phonemicpronunciationsof the
wordsin the system’s vocabulary (including contractionsandre-
ductions).This FSTis createdprimarily by extractingpronuncia-
tions from a syllabifiedversionof thePronLex dictionary, which
expressesthepronunciationswith asetof 41phonemiclabels[10].
A setof rewrite rules is usedto generatespecialphonemicstop
labels,whichcaptureinformationabouttheallowablephoneticre-
alizationsof eachstopbasedon stressandsyllablepositioninfor-
mation.For example,stopsin anonsetpositionof asyllableretain
their standardphonemiclabel (/b/, /d/, /k/, etc.) while stopsin
the suffix or codaof a syllableareconvertedto labelsindicating
that their closurecanbe unreleasedwith the burst beingdeleted
(/bd/, /dd/, /kd/, etc.). In total, the setof 6 standardstop labels
areconvertedinto a setof 20 differentstoplabelsfor thepurpose
of encodingtheallowableallophonesfor eachstop. The remain-
derof thephonemiclabelsareessentiallythesameasthePronLex
phonemiclabels. To provide an exampleaboutthe typical num-
berof alternatepronunciationsin � , roughly17%of theentriesin
our JUPITER weatherinformationlexicon containmorethanone
pronunciation.



3.3. Deriving the Phonological FST

To encodethe possiblepronunciationvariantscausedby phono-
logical effects,we have developeda syntaxfor specifyingphono-
logical rulesanda mechanismfor converting theserules into an
FST representation.In this approachphonologicalrules areex-
pressedas a set of context-dependentrewrite rules. All of the
phonologicalrulesin oursystemhavebeenmanuallyderivedbased
upon acoustic-phoneticknowledge,and upon actualobservation
of phonologicaleffectspresentwithin thespectrogramsof thedata
collectedby our systems.The full setof phonologicalrulescon-
tainsnearly200 context-dependentrewrite rules. A full descrip-
tion of theexpressive capabilitiesof thephonologicalrule syntax
andthe parsingmechanismfor converting the rules into an FST
canbefoundin [6].

Todemonstratesomeof theexpressivecapabilitiesof ourphono-
logical rule syntax,we now provide someexamplesof thephono-
logical rulesusedin our system.Two examplephonologicalrules
for thephoneme/s/are:

�
l m n ng� s

�
l m n w ����� epi� s � epi� ;� � s

�
y ��� ( s � sh) ;

The first rule expressesthe allowed phoneticrealizationsof the
phoneme/s/ when the precedingphonemeis an /l/, /m/, /n/, or
/ng/ andthefollowing phonemeis an/l/, /m/, /n/, or /w/. In these
phonemiccontexts,thephoneme/s/canhaveanepentheticsilence
optionally insertedbeforeand/orafter its phoneticrealizationof
[s]. In the secondrule the phoneme/s/ canbe realizedaseither
thephone[s] or thephone[sh] whenfollowedby thephoneme/y/
(i.e., the/s/ canbepalatalized).

To provide anotherexample,the following rule accountsfor
the optionaldeletionof /t/ in a syllablesuffix positionwhenit is
precededby an/f/ or /s/ (asin thewordswestandcrafts):

�
f s� td

� ����� tcl � t ��� ;

In this examplethe /t/ cancontaina closureanda release,canbe
realizedwith anunreleasedclosure,or canbecompletelydeleted.

To provide onemoreexample,thefollowing rule canbeused
to optionally inserta transitional[y] unit following an /iy/ when
the/iy/ is following by anothervowel or semivowel:

� � iy
�
VOWEL r l w hh��� iy � y � ;

While thisspecifictypeof phonologicaleffect is typically handled
within thecontext-dependentacousticmodelsof a recognizer, this
typeof rulecanbeeffectivefor providing additionaldetailto time-
alignedphoneticsegmentations. This can be especiallyhelpful
whenutilizing automaticallyderived time-alignmentsfor corpus-
basedconcatenative synthesis.

3.4. Training the Pronunciation FSTs

To incorporateknowledgeabout the likelihoodsof the alternate
pronunciationsencodedwithin the variouscomponentFSTs,we
have implementedanEM trainingalgorithmfor trainingarbitrary
FST networks [1, 2]. The full detailsof this algorithm are pre-
sentedin [14]. When using the training algorithm is important
to note that the size of the trainedFSTscan be larger than the
untrainedFSTs. This is a result of a changein the FST topol-
ogy which requiresa determinizationstepduring the creationof
a trainedFST in order to properly to accountfor the probability
space(asexplainedin [14]).

Thetrainingalgorithmcanbeusedto traintheindividualcom-
ponentFSTsindependentlyor jointly. Whentraining thecompo-
nentsindependently(i.e., ����� �!�"������� �#�$������� �%� ) the likelihoods
of specificphonologicalrulescanbegeneralizedacrossall words
sharingtheserules. When training the componentsjointly (i.e.,
�&�'� �(�
�)�*�+� ) thephonologicalrule probabilitiesarenot shared
acrosswords and the likelihood of a particular realizationof a
phonologicalrule becomesdependenton the word in which it is
applied.In previousexperimentswe foundthat joint trainingdra-
maticallyincreasedthesizeof thefinal staticFSTwithout improv-
ing therecognizer’s accuracy [14].

4. EXPERIMENTS & RESULTS

To investigatethe effectivenessof using phonologicalrules, we
evaluatedthreedifferentsetsof rules. Theserule setscanbe de-
scribedasfollows:

, Basicphonemerules: This setof rulesgeneratesa one-to-
onemappingof phonemesto phones. This is essentially
the sameasapplyingno rulesexcept for the fact that we
split stop and affricate phonemesinto two phoneticseg-
mentsto representthe closureandreleaseportionsof the
phoneswith differentmodels.

, Insertionanddeletionrules:This setof rulesaugmentsthe
basicsetwith a collectionof rulesfor insertingor deleting
phoneticsegmentsin certaincontexts. This primarily in-
cludesthedeletionof stopburstsor entirestopconsonants,
thereductionof stopsto flaps,theinsertionof epentheticsi-
lencesnearstrongfricatives,andthereplacementof schwa-
nasalor schwa-liquid combinationswith syllabic nasalor
syllabicliquid units.

, Full rule set: This setaugmentsthe insertionanddeletion
ruleswith a largesetof rulesfor allophonicvariation.This
includestheintroductionof new allophoniclabelsfor stops
andsemivowels aswell asrulesfor placeassimilationand
gemination.

By creatingthesethreedistinct setsof phonologicalruleswe
can first examine the effectivenessof introducingrules that ac-
count for phoneticinsertionsand deletionsagainstthe basicset
of ruleswhich do not allow substitutionsanddeletions.Figure3
shows thephoneticalignmentobtainedby theSUMMIT recognizer
usingonly the basicsetof phonologicalruleson the sameutter-
ancepresentedearlierin Figure1. An examinationof thephonetic
alignmentin Figure3 presentsanecdotalevidencethat therecog-
nizeris notableto modelthetruesequenceof phoneticeventswith
theminimalsetof phonologicalrules.This is particularlyobvious
in the word atlanta wherethe recognizerwasforcedto insert [t]
releasesfor both /t/ phonemesdespitethe fact the speaker actu-
ally usedtheglottal stopallophonefor thefirst /t/ andcompletely
deletedthesecond/t/. Despitethepoorphonetictranscription,the
recognizerwasstill ableto recognizethis utterancecorrectly.

By addingrulesto cover allophonicvariationindependentof
ruleswhichcover phoneticinsertionsanddeletions,we caninves-
tigatetheeffectivenessof modelingallophonicvariationimplicitly
using context-dependentacousticmodelsversusexplicitly using
context-dependentphoneticrewrite rules. Anecdotalevidenceof
theeffectivenessof utilizing explicit rewrite rulesto captureallo-
phonicvariationcanbe seenin the examplein Figure1 (on the
first pageof this paper).By examiningthephonetictranscription
in this figure, it canbe observed that the recognizersuccessfully



Fig. 3. The output of a graphical interface displaying a sam-
ple waveform, its spectrogram,the hypothesizedSUMMIT seg-
ment network with the bestpath segmentsequencehighlighted,
the time-alignedphonetictranscriptionof the bestpath, and the
time-alignedword transcriptionof thebestpath.

Phonological WordErrorRate(%)
RuleSet Full TestSet CleanTestSet
BasicSet 19.2 11.9
Ins./Del.Set 18.4 10.9
Full RuleSet 19.0 11.6

Table 1. Performanceof JUPITER recognizeron the full testset
andon thecleantestsetusingthreedifferentsetsof phonological
rulesanduntrainedFSTs.

identifiedtheuseof theglottal stopvariantof /t/ at thebeginning
of atlantaandtheuseof frontedschwasat theendof bothatlanta
andgeorgia.

Our experimentswere conductedusing the SUMMIT recog-
nizertrainedspecificallyfor theJUPITER weatherinformationsys-
tem,a conversationalinterfacefor retrieving weatherreportsand
informationfor over 500citiesaroundtheworld [4, 19]. This rec-
ognizerhasa vocabulary of 1915words(excludingcontractedor
reducedforms) and includes5 noisemodelsfor modelingnon-
speechartifactsand3 modelsfor filled pauses.The systemwas
testedon a randomlyselectedset of 1888 utterancesfrom calls
madeto JUPITER’s toll-free telephoneline (we call this the full
testset). Resultsarealsoreportedfor a 1293utterancesubsetof
thetestdatacontainingonly in-vocabularyutteranceswith nonon-
speechartifacts(we call this thecleantestset).

Table 1 containsthe resultsof our experimentswhen using
untrainedversionsof thecomponentFSTs.As canbeobservedin
thetable,incorporatingphonologicalrulesfor handlinginsertions
anddeletionsof phoneticeventsresultedin a relative word error
ratereductionof 8% (from 11.9%to 10.9%)on thecleantestset.
Over the full testsetthe error ratereductionwasa moremodest
4% (from 19.2%to 18.4%). Theseresultsdemonstratethat stan-
dard context-dependentmodelsby themselves are not sufficient
for modelingcontextual effectsthatcausethenumberof realized
phoneticeventsto bedifferentfrom theunderlyingcanonicalform.

Table1 also shows that the additionalrules addedto create
the full rule setactuallydegradeperformance.Theseadditional

Training WordErrorRate(%)
Condition Ins./Del.Set Full RuleSet
�����-��� 18.4 19.0
����� �!�.���
��� 18.4 18.6
�����-�#�&�'� �+� 18.2 18.8

Table 2. Performanceof JUPITER recognizeron full testsetwhen
trainingthephonologicalFST( � ) andthereductionsFST( � ).

Phonological CD AcousticModels Full StaticFST
RuleSet Models Gaussians States Arcs
BasicSet 1173 38349 39380 213550
Ins./Del.Set 1388 41677 45212 279340
Full Set 1630 45976 54641 386500

Table 3. Effectof phonologicalrulesonsizeof context-dependent
acousticmodelsanduntrainedstaticFSTsearchnetwork.

rulesexplicitly modelallophonicvariationswhich do not alterthe
numberof phoneticevents(suchaspalatalization,vowel fronting,
etc.). This suggeststhat the context-dependentacousticmodels
aresufficient for modelingallophonicvariationcausedby phonetic
context, andthattheaddedcomplexity requiredto explicitly model
theseeffectshinderstherecognizer’s performance.

Table2 showstheresultsonthefull testsetwhenvariouscom-
ponentFSTsaretrained.By examiningthefirst andsecondlines
of Table2,weseethattrainingthephonologicalFST( � ) improves
theperformanceof thesystemusingthefull rule set(from 19.0%
to 18.6%). This is a similar improvementto pastresultswe have
obtained[14]. Unfortunately, training the � FST for the inser-
tion/deletionrulesetdid not improveperformance.Evenwhenus-
ing anuntrained� , theinsertion/deletionrulesetachievesa lower
errorratethanthefull rule setusinga trained � .

A comparisonof thefirst andthird linesof Table2 shows that
trainingthereductionsFST( � ) providesmodestimprovementsto
both systems.We alsoattemptedto train the lexical FST ( � ) but
did not achieve any performanceimprovementfor eithersystem
from this training.Wearealsounableto reportresultsfor any sys-
temthatcombinesa trained � with a trained � becausethemem-
ory requirementsfor computingthecompositionof theindividual
componentFSTswereprohibitively large. In pastresultsusinga
slightly differentpronunciationapproach,wherereductionswere
encodeddirectly within � , we wereableto build a systemwhich
usedbotha trained� andatrained� within thefinal staticFSTto
achieveamodestperformanceimprovement[14]. Wearecurrently
investigatingapproximationmethodsto helpreducethesizeof the
trainedFSTs(andhencethememoryrequirementsfor building the
final staticFST).

To furtherdemonstratetheeffectthataddingphonologicalrules
hason therecognizer’s complexity, Table3 shows thesizeof the
recognizerfor eachof the threedifferentrule setsin termsof the
numberof context-dependentacousticmodels,thetotalnumberof
Gaussiancomponentsin the acousticmodelset,andthe number
of statesandarcsin thepre-compileduntrainedFSTnetwork. The
numberof acousticmodelsis determinedfor eachrule setauto-
maticallybasedon phoneticcontext decisiontreeclustering.The
numberof Gaussianspercontext-dependentmodelis determined
heuristicallybasedonthenumberof trainingsamplesavailablefor
eachmodel.Thetableshows a dramaticincreasein thenumberof
parametersrequiredfor theacousticmodelandthecomplexity of
thesearchspaceasadditionalphonologicalrulesareaddedto the
system.



5. PRONUNCIATION VARIATION FOR SYNTHESIS

Although this paperhasfocusedon speechrecognition,we have
alsoutilizedthesamepronunciationframework in ourgroup’scon-
catenative speechsynthesissystemENVOICE [17, 18]. Whenap-
plying the framework for synthesis,the FST network is given a
sequenceof words and is searchedin the reversedirection (i.e.,
in generative mode)to find anappropriatesequenceof waveform
segmentsfrom aspeechcorpusto concatenate.In generativemode
the phonologicalrules can also be weightedin order to provide
preferencesfor specifictypesof phonologicalvariation.For exam-
ple, the rulescanbeweightedto preferreducedwords,flapsand
unreleasedor deletedplosivesin orderto generatecasual,highly-
reducedspeech.To generatewell articulatedspeechtherulescan
be weightedto preferunreducedwordsandfully articulatedplo-
sives.

6. SUMMARY

This paperhaspresentedthephonologicalmodelingapproachde-
velopedatMIT for usein thesegment-basedSUMMIT speechrecog-
nitionsystem.Wehaveevaluatedtheapproachin thecontext of the
JUPITER weatherinformationdomain,apublicly-availableconver-
sationalsystemfor providing weatherinformation. Resultsshow
that the explicit modelingof phonologicaleffects that causethe
deletionor insertionof phoneticeventsreducedworderrorratesby
8% on our clean,in-vocabulary testset. Our resultsalsodemon-
stratedthatphonologicaleffectswhich causeallophonicvariation
without altering the numberof phoneticeventscan be modeled
implicitly with context-dependentmodelsto achieve betteraccu-
racy andlesssearchspacecomplexity thanasystemwhichmodels
theseeffectsexplicitly within phonologicalrewrite rules.

Anecdotalvisual examinationsof the phonetictranscriptions
generatedusinga full setof phonologicalrulesalsodemonstrate
a dramaticimprovementin phoneticsegmentationandclassifica-
tion accuracy during forcedpathrecognitionover a systemusing
no phonologicalrules. This maynot beof greatconsequencefor
word recognition,but it is vitally importantfor corpus-basedcon-
catenativesynthesizersthatrely onaccurateautomatically-derived
time-alignedphonetictranscriptionsin orderto generatenatural-
soundingsynthesizedwaveforms.

7. FUTURE WORK

While our work in this paperhasbeenevaluatedon spontaneous
speechcollectedwithin a conversationalsystem,we have found
thathuman-humanconversationstendto haveevengreaterphono-
logical variationthanthehuman-machinedatawe have collected.
Thus,we hopeto evaluateour phonologicalmodelingtechniques
on human-humancorporasuchasSwitchboardor SPINE.We be-
lieve accuratemodelingof phonologicalvariationwill have even
greaterbenefitsfor thesetasks.

While ourpaperhasfocusedonmodelingphonologicalvaria-
tionwithin asequenceof independentFSTlayers,ourgroupis also
pursuingan approachwhich integratesthemultiple layerswithin
a single probabilistichierarchicaltreestructure. This approach,
calledANGIE, hasthepotentialadvantageof learninggeneraliza-
tionsacrossthe layersof thehierarchywhich arecurrentlymod-
eledindependentlyin ourFSTapproach[13].

8. ACKNOWLEDGEMENTS

The authorswould like to acknowledge the efforts of both Jim
Glass,who developedthe initial versionsof the JUPITER recog-
nizerandlexiconusedin thispaper, andJonYi whosyllabifiedthe
PronLex dictionary. Jim andJonarealsotheprimary developers
of theENVOICE synthesizerdiscussedin this paper.

9. REFERENCES

[1] A. Dempster, N. Laird andD. Rubin,“Maximum likelihoodfrom in-
completedatavia theEM algorithm,” Journalof theRoyalStatistical
Society, SeriesB, vol. 39,pp.1-38,June1977.

[2] J. Eisner, “Parameterestimationfor probabilisticfinite-statetrans-
ducers,” Proc.of theAnnualMeetingof theAssociationfor Compu-
tationalLinguistics, Philadelphia,PA, July 2002.

[3] J. Glass,J. Chang,andM. McCandless,“A probabilisticframework
for feature-basedspeechrecognition,” in Proc. ICSLP, Philadelphia,
PA, October1996.

[4] J. Glass,T. J. Hazen,andI. L. Hetherington,“Real-timetelephone-
basedspeechrecognitionin the JUPITER domain,” Proc. ICASSP,
Phoenix,March,1999.

[5] S.Greenberg. “Speakingin shorthand- A syllable-centricperspective
for understandingpronunciationvariation,” Speech Communication,
vol. 29,pp.159-176,November1999.

[6] I. L. Hetherington,“An efficient implementationof phonological
rulesusingfinite-statetransducers,” Proc.EUROSPEECH, Aalborg,
Denmark,September2001.

[7] D. Jurafsky, et al, “What kind of pronunciationvariationis hardfor
triphonesto model?”,Proc. ICASSP, SaltLake City, UT, May 2001.

[8] D. McAllester, L. Gillick, F. Scattone,andM. Newman,“Fabricat-
ing conversationalspeechdatawith acousticmodels:A programto
examinemodel-datamismatch,” in Proc. ICSLP, Sydney, Australia,
December1998.

[9] F. Pereiraand M. Riley, “Speechrecognitionby compositionof
weighted finite automata,” in Finite-State Language Processing
(E. RocheandY. Schabes,eds.),pp.431–453,Cambridge,MA, MIT
Press,1997.

[10] PronLex, COMLEX English PronunciationDictionary, available
from http://www.ldc.upenn.edu.

[11] M. Riley, et al, “Stochasticpronunciationmodelling from hand-
labelledphoneticcorpora,” Speech Communication, vol. 29,pp.209–
224,November1999.

[12] S. Seneff, “The useof linguistic hierarchiesin speechunderstand-
ing,” Keynoteaddressat ICSLP, Sydney, Australia,November1998.

[13] S. Seneff andC. Wang,“Modelling phonologicalrulesthroughlin-
guistichierarchies,” in theseproceedings.

[14] H. Shu and I. L. Hetherington,“EM training of finite-statetrans-
ducersandits applicationto pronunciationmodeling,” Proc. ICSLP,
Denver, CO,September2002.

[15] N. Ström, I. L. Hetherington,T. J. Hazen,E. SandnessandJ. Glass,
“Acousticmodelingimprovementsin asegment-basedspeechrecog-
nizer,” Proc.IEEEASRU Workshop, Keystone,CO,December1999.

[16] G. Tajchman,E. Fosler and D. Jurafsky, “Building multiple pro-
nunciationmodelsfor novel wordsusingexploratorycomputational
phonology,” Proc.EUROSPEECH, Madrid,Spain,September1995.

[17] J. Yi, J. GlassandL. Hetherington,“A flexible, scalablefinite-state
transducerarchitecturefor corpus-basedconcatenative speechsyn-
thesis,” Proc. ICSLP, Beijing, China,October2000.

[18] J. Yi andJ. Glass,“Information-theoreticcriteria for unit selection
synthesis,” Proc.ICSLP, Denver, Colorado,September2002.

[19] V. Zue,et al, “ JUPITER: A telephone-basedconversationalinterface
for weatherinformation,” IEEETrans.onSpeech andAudioProcess-
ing, vol. 8, no.1, January2000.


