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ABSTRACT

The MIT suMMIT speechrecognitionsystemmodelspronunci-
ation using a phonemicbaseformdictionary along with rewrite
rulesfor modelingphonologicalvariation and multi-word reduc-
tions. Eachpronunciationcomponenis encodedwithin a finite-
statetransduce(FST)representatiomwhosetransitionweightscan
be probabilistically trained using a modified EM algorithm for
finite-statenetworks. This paperexplainsthe modelingapproach
we useandthe detailsof its realization.We demonstrat¢he bene-
fits andweaknessesf the approachhoth conceptuallyandempir
ically usingthe recognizerfor our JUPITER weatherinformation
system.Our experimentsdlemonstratéhatthe useof phonological
rewrite rules within our systemreducesword error ratesby be-
tween4% and 8% over differenttestsetswhencomparedagainst
asystemusingno phonologicakewrite rules.

1. INTRODUCTION

Pronunciatiorvariationhasbeenidentifiedasa major causeof er
rors for a variety of automaticspeechrecognitiontasks[8]. In
particular pronunciationvariation canbe quite severein sponta-
neous corversationakpeech.To addresghis problem,this paper
presentsa pronunciationmodelingapproactthat hasbeenunder
developmentat MIT for morethana decade.Our approachsys-
tematicallymodelspronunciatiorvariantsusinginformationfrom
avariety of levelsin the linguistic hierarchy Pronunciatiorvari-
ation canbe influencedby the higherlevel linguistic featuresof a
word (e.g.,morphology partof speechtensegtc.)[12], thelexical
stressandsyllablestructureof aword [5], andthe specificphone-
mic contentof aword sequencgll, 16]. Whenall of the knowl-
edgein thelinguistic hierarchyis broughtto bearuponthe prob-
lem, it becomeseasierto devise a consistentgeneralizednodel
thataccuratelydescribeghe allowable pronunciatiorvariantsfor
particularwords. This paperpresentshe pronunciationmodel-
ing approachthathasbeenimplementedandevaluatedwithin the
SUMMIT speechrecognitionsystemdevelopedat MIT.
Pronunciatiorvariationin today’s speectrecognitiontechnol-
ogy s typically encodedisingsomecombinationof alexical pro-
nunciationdictionary a setof phonologicalrewrite rules, and a
collectionof context-dependenacousticmodels. The component
which modelsa particulartype of pronunciationvariationcanbe
differentfrom recognizetto recognizer Somerecognizersely al-
mostentirely on their context-dependenticousticmodelsto cap-
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ture phonologicaleffects, while other systemsexplicitly model
phonologicalvariation with a set of phonologicalrewrite rules.
Somesystemsignore phonologicalrules entirely and simply ac-
count for alternatepronunciationsdirectly in the pronunciation
dictionary In this paperwe usethe SUMMIT recognizerto ex-

aminethe advantagesand disadwantagesof accountingfor gen-
eral phonologicalvariationexplicitly with phonologicalrulesus-
ing distinct allophonic modelsversusimplicitly within context-

dependenimodels. We also describea pronunciationvariation
modelingapproachwhich usesa cascadef finite-statetransduc-
ers, eachof which modelsdifferentvariationsresultingfrom dif-

ferentunderlyingcauses.

2. OVERVIEW

2.1. Segment-Based Recognition

The experimentspresentedn this paperusethe SUMMIT speech
recognitionsystem.SUMMIT usesa sggment-baseépproactHor
acousticmodeling[3]. This approachdiffers from the standard
hiddenMarkov modeling(HMM) approachin that the acoustic-
phoneticmodelsarecomparedagainstpre-hypothesizedariable-
lengthsegmentsinsteadof fixed-lengthframes.While HMM sys-
temsallow multiple framesto be absorbeddy a single phoneme
modelvia self-loopson the HMM states,our sggment-basedp-
proachassumes one-to-onemappingof hypothesizegegments
to phoneticevents. This approachallows the multiple framesof
a sggmentto be modeledjointly, remaving the frame indepen-
denceassumptionusedin the standardHMM. Details of sum-
MIT'sacousticmodelingtechniquecanbefoundin [15].

Figurel shavstherecognizes graphicaldisplaycontaininga
segmentgraph(with therecognizers bestpathhighlighted)along
with the correspondingphonetictranscription. It is importantto
notethatSuMMIT pre-generatessegmentnetwork basecbn mea-
suresf localacousticchangebeforethesearctbegins. Thesmall-
esthypothesizedegmentscanbe asshortasa single 10 millisec-
ondframe,but segmentsaretypically longerin regionswherethe
acousticsignalis relatively stationary

Thesggment-basedpproactpresentseveralmodelingissues
which are essentiallynot presentin frame-basedHMM systems.
For example,in our sggment-basedpproactplosvesmustbe ex-
plicitly modeledastwo distinct phoneticevents,a closureanda
releaseln HMM recognizerghe closureandburstregionscanbe
implicitly learnedby multi-statephonememodels. However, in a
segment-basedpproachhey mustbeexplicitly separateihto dif-
ferent phoneticmodelsbecausehe sggmentationalgorithm will
obsere two distinct acousticregions and may not hypothesizea
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Fig. 1. The output of a graphicalinterface displaying a sam-
ple waveform, its spectrogramthe hypothesizedsumMMIT seg-
mentnetwork with the bestpath segmentsequencéighlighted,
the time-alignedphonetictranscriptionof the bestpath, andthe
time-alignedword transcriptionof the bestpath.

singlesggmentspanningboththe closureandthe burstregions.
Anotherissuefacedby our sggment-basedpproactis its diffi-

culty in absorbingdeletedor unrealizedphonemiceventsrequired
in its searchpath. An HMM needonly absorbaslittle asone
poorly scoring frame when a phonemicevent in its searchpath
is not realized,while sumMIT must potentially absorba whole
multi-framesegment.As aresult,accuratgophoneticmodelingthat
accountgor potentially deletedphonemiceventsis more crucial
for sgment-basedpproachethanfor HMM approachedt is our
beliefthataccuratgphoneticsegmentatiorandclassificationis im-
portantfor distinguishingoetweeracousticallyconfusablevords.

2.2. FST-Based Search

The suMMIT recognizerutilizes a finite-statetransducerFST)
representatiofor thelexical andlanguagenodelingcomponents.
The FST representatiorallows the various hierarchicalcompo-
nentsof the recognizers searchspaceto be representeavithin a
singleparsimoniousetwork throughthe useof genericFSToper
ationssuchascompositiondeterminizatiorandminimization[9].
Thefull searcetwork usedby sumMmIT isillustratedin Figure2.
Thefigure shaws thefive primary hierarchicalcomponent®f the
searchspace:ithelanguagenodel(G), a setof word-level rewrite
rulesfor reductionsand contractiong(R), the lexical pronuncia-
tion dictionary (L), the phonologicalrules (P), andthe context-
dependenmodelmapping(C). Eachof thesecomponentganbe
independentlycreatedandrepresente@san FST. By composing
theFSTssuchthatthe outputlabelsof thelower-level components
becomethe inputsfor the higherlevel componentsa single FST
network is createdwhich encodeghe constraintsof all five indi-
vidual components.The full network canbe representednathe-
maticallywith thefollowing expression:

N=CoPoLoRo(G

This paperfocuseson the reductionsFST R, the lexicon FST L
andthe phonologicakulesFST P.

Canonical\ords
G: Grammar=ST

Canonical\ords
R: Reductiond=ST
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P: PhonologicaRulesFST
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Fig. 2. Thesetof distinctFSTcomponentsvhicharecomposedo
form thefull FST searcmetwork within the SuMMIT recognizer

2.3. Levelsof Pronunciation Variation

In our pronunciationmodelingapproachwe distinguishbetween
four differentlevels of pronunciatiorvariation: (1) variationsthat
dependon word-level featuresof lexical items (suchas part-of-
speechcasetenseetc.),(2) variationsthat areparticularto spe-
cific lexical entries(3) variationsthatdependnthestressandsyl-
lablepositionof phonemesand(4) variationsthatdependonly on
local phonemicor phoneticcontext. In the following paragraphs
we provide examplesof thesevariantsspecificallyfor English.

Type (1) variantsincludecontractiongwhat’s, cant, etc.),re-
ductions(gonna wanna etc.), part-of-speeclvariants(asin the
noun and verb versionsof record), andtensevariants(asin the
pastandpresentenseversionsof read. In mostspeecirecogni-
tion systemsthesetypesof variantsarehandledn very superficial
manners. Reductionsand contractionsare typically enteredinto
thepronunciatioriexicon asdistinctentriesindependensf theen-
triesof theirconstituentvords. All alternatepronunciationslueto
partof speechor tensearetypically enterednto the pronunciation
lexicon within a single entry without regardto their underlying
syntacticpropertiesln our systenreductionsandcontractionsare
handleby thereductiond=ST (R), while all othertype (1) variants
are encodedas alternatepronunciationswithin lexical entriesin
thelexicon FST(L). In future work we may investigatemethods
for explicitly delineatingpronunciationvariationscausedby the
part-of-speech;aseor tenseof aword.

Type (2) variantsare simply word-dependenpronunciation
variantswhich are not the resultof ary linguistic featuresof that
word. A simpleexampleof awordwith atype(2) variantis either,
which hastwo differentphonemigpronunciationssshavn here:

either: (iy |ay)ther

Thesevariantsaretypically encodednanuallyby lexicographers.
In our systemthesevariantsareall handledasalternatepronunci-
ationsin thelexicon FST(L).

Variantsof type (3) in Englisharetypically relatedto there-
alizationof stop(or plosive) consonantsThe setof possibleallo-
phonesof a stopconsonantn Englishis hearily dependenon its



positionwithin a syllableandthe stressassociateavith the sylla-
blesprecedingandfollowing the stop. For example,a stopin the
suffix or codapositionof a syllablecanbe unreleasedyhile stops
in the prefix positionof a stressedyllable mustbe released.An
exampleis shavn hereusingtheword laptop
laptop: | aepdtaapd

In this example,the label /pd/ is usedto represent /p/ within a
syllablesuffix or codawhoseburstcanbedeleted The/t/ in this
exampleis in the onsetpositionof the syllableandthereforemust
have a burstrelease Type (3) variantsareencodedisingsyllable-
position-dependerphonemiclabelsdirectly in the lexicon FST
(L). Thedetailsof thecreationof the pronunciatiorexicon using
thesespeciallabelsarepresentedn Section3.2.

Variantsof type (4) canbeentirelydeterminedy local phone-
mic or phoneticcontext and are independenbf ary higherlevel
knowledgeof lexical features|exical stresspr syllabification.Ex-
amplesof theseeffects are vowel fronting, placeassimilationof
stopsand fricatives, geminationof nasalsand fricatives,andthe
insertionof epentheticsilences. To accountfor type (4) variants
we have developedour own FST mechanisnfor applyingcontext-
dependenphonologicakules. The detailsof the syntaxandappli-
cationof therulesaredescribedn [6]. Examplesof theserules
will be presentedn Section3.3. In relationto Figure2, type (4)
variantsaregeneratedby the phonologicakulesFST (P).

2.4. Modeling Variation with Context-Dependent Models

Whendevising an approachfor capturingphonologicalvariation
thereis flexibility in the specificmodelin which certaintypesof

phonologicalariationarecapturedIn particular certainformsof

phonologicalariationcaneasilybemodeledeitherexplicitly with

phonologicatulesusingsymbolicallydistinctallophonicvariants,
or implicitly usingcontext-dependenacousticnodelswhich cap-
ture the acousticvariation from differentallophoneswithin their

probabilitydensityfunctions[7]. Oneexampleis the placeassim-
ilation effect, which allows the phoneméd/ to berealizedphonet-
ically asthe palatalaffricate [jh] whenfollowed by the phoneme
lyl (asin the word sequencelid you). The effect could be mod-

eled symbolically with a phonologicalrewrite rule allowing the

phoneme/d/ to be optionally realizedas[jh]. Alternately it can

be capturedn a contet-dependenacousticmodelwhich implic-

itly learnsthe [jh] realizationwithin the densityfunction for the

context-dependenmodelfor the phoneméd/ in theright context

of thephonemdy/.

Modelingeffectssuchasplaceassimilatiorwithin thecontext-
dependenacousticmodelhasseveral advantages First, this type
of modelsimplifiesthe searchby utilizing fewer alternatgpronun-
ciation pathsin the searchspace.The likelihoodsof the alternate
allophonesareencodedlirectly into the obsenation densityfunc-
tion of the acousticmodels. Additionally, no harddecisionabout
which allophoneis usedis ever madeduring eithertraining or ac-
tual recognition.

Pushinghemodelingof allophonicvariationinto the context-
dependenacousticmodeldoeshave potentialdravbacksaswell.
In particular context-dependentacousticmodelsmay not accu-
rately representhe true setof allophonicvariantsin caseswvhere
stressandsyllable-boundarynformationis requiredfor predicting
the allowable set of allophones. For example, considerthe two
word sequencesthe speeb” and“this pead”. Both of these
word sequencesanberealizedwith the samephoneticsequence:

thix spclpiy tcl ch

In this particularexample therearetwo acousticallydistinctallo-
phonicvariantsof /p/; the/p/ in “the speeb” is unaspiratedvhile
the/p/in “this pead” is aspiratedTheexactvariantof /p/is deter
minedby thelocationof thefricative/s/in thesyllablestructure.In
“the speeb” the/s/formsasyllable-initialconsonantlusterwith
the /p/ therebycausingthe /p/ to be unaspiratedin “this pead”
the/s/ belongsto the precedingsyllabletherebycausingthe /p/ to
be aspirated. A standardcontet-dependenticousticmodel will
modelthesevariantsinexactly, allowing the /p/ to be eitheraspi-
ratedor unaspiratedn eithercase.In essencepushingthe model-
ing of phonologicalvariationinto the context-dependenacoustic
modelsrunstherisk of creatingmodelswhich over-geneate the
setof allowablerealizationgor specificphonemicsequences.

3. PRONUNCIATION MODELING IN SUMMIT

3.1. Derivingthe Reduction FST

To handlereductionsandcontractionsa reductionFST is created
which encodesewrite rulesthatmapcontractionsandothermulti-

word reductiongo their underlyingcanonicalform. Someexam-
plesof theserewrite rulesareasfollows:

gonna— goingto
howv's — how is
i"d— iwould|ihad
lemme— let me

In somecasessuchasthecontraction’ d, acontractedorm could

representnorethanonecanonicafform. All contractionsandre-

ductionswhich areinputsto thereductionFST (R) arere-written

suchthattheinput to the grammar~ST (G) containsonly canon-
ical wordstherebyallowing/constraininghe grammarto operate
ontheintendedsequenc®f canonicalwords,irrespectve of their

surfacerealization. In the JUPITER weatherinformationdomain,
thereductionFST(R) containsl20differentcontractedr reduced
formsof word sequences.

3.2. DerivingtheLexicon FST

The lexicon FST representshe phonemicpronunciationsof the
wordsin the systems vocalulary (including contractionsandre-
ductions).This FSTis createdorimarily by extractingpronuncia-
tions from a syllabified versionof the PronLe& dictionary which

expresseshepronunciationsvith asetof 41 phonemidabels[10].

A setof rewrite rulesis usedto generatespecialphonemicstop
labels,which capturenformationabouttheallowablephoneticre-
alizationsof eachstopbasedn stressandsyllable positioninfor-

mation.For example stopsin anonsetpositionof asyllableretain
their standardphonemiclabel (/b/, /d/, /k/, etc.) while stopsin

the suffix or codaof a syllable are convertedto labelsindicating
that their closurecan be unreleasedvith the burst being deleted
(/bd/, /dd/, /kd/, etc.). In total, the setof 6 standardstop labels
arecorvertedinto a setof 20 differentstoplabelsfor the purpose
of encodingthe allowable allophonedor eachstop. The remain-
derof the phonemidabelsareessentiallythe sameasthe PronLe

phonemiclabels. To provide an exampleaboutthe typical num-
berof alternatepronunciationsn L, roughly 17%of theentriesin

our JUPITER weatherinformation lexicon containmorethanone
pronunciation.



3.3. Deriving the Phonological FST

To encodethe possiblepronunciationvariantscausedy phono-
logical effects,we have developeda syntaxfor specifyingphono-
logical rulesand a mechanisnfor corverting theserulesinto an
FST representation.In this approachphonologicalrules are ex-
pressedas a set of context-dependentewrite rules. All of the
phonologicatulesin oursystemrhave beermanuallyderivedbased
upon acoustic-phonetiknowledge, and upon actual obsenation
of phonologicakffectspresentvithin the spectrogramef thedata
collectedby our systems.The full setof phonologicalrulescon-
tainsnearly 200 context-dependentewrite rules. A full descrip-
tion of the expressie capabilitiesof the phonologicalrule syntax
andthe parsingmechanisnfor converting the rulesinto an FST
canbefoundin [6].

Todemonstratsomeof theexpressie capabilitiesof ourphono-
logical rule syntax,we now provide someexamplesof the phono-
logical rulesusedin our system.Two examplephonologicakules
for thephonemed's/ are:

{Imnng} s{I mnw} — [epi s[epi ;
{}s{y} = (s[sh);

The first rule expresseghe allowed phoneticrealizationsof the
phoneme/s/ when the precedingphonemeis an/l/, /m/, In/, or
/ng/ andthefollowing phonemes an/l/, /m/, In/, or /w/. In these
phonemiacontets, thephonemés/ canhave anepenthetisilence
optionally insertedbeforeand/orafter its phoneticrealizationof
[s]. In the secondrule the phoneme's/ canbe realizedas either
thephonels] or the phone[sh] whenfollowedby the phonemey/
(i.e.,the/s/ canbepalatalized).

To provide anotherexample, the following rule accountsor
the optionaldeletionof /t/ in a syllablesufiix positionwhenit is
precededy an/f/ or/s/(asin thewordswestandcrafts):

{fs}td{} — [tcl [t]];

In this examplethe /t/ cancontaina closureanda releasecanbe
realizedwith anunreleasedlosure or canbe completelydeleted.

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

{} iy {VOWEL r | w hh} — iy [y] ;

While this specifictype of phonologicakffectis typically handled
within the context-dependenacoustianodelsof arecognizerthis
typeof rule canbeeffective for providing additionaldetailto time-
aligned phoneticsggmentations. This can be especiallyhelpful
whenutilizing automaticallyderived time-alignmentdor corpus-
basecdtoncatenatie synthesis.

3.4. Training the Pronunciation FSTs

To incorporateknowledge aboutthe likelihoodsof the alternate
pronunciationsencodedwithin the variouscomponent=STs,we

have implementedan EM trainingalgorithmfor training arbitrary
FST networks [1, 2]. The full detailsof this algorithm are pre-
sentedin [14]. When using the training algorithmis important
to note that the size of the trained FSTs can be larger than the

untrainedFSTs. This is a resultof a changein the FST topol-

ogy which requiresa determinizatiorstepduring the creationof

atrainedFSTin orderto properlyto accountfor the probability
spacgasexplainedin [14]).

Thetrainingalgorithmcanbeusedto traintheindividual com-
ponentFSTsindependenthyor jointly. Whentrainingthe compo-
nentsindependentlyi.e., tr(P) o tr(L) o tr(R)) thelikelihoods
of specificphonologicalrulescanbe generalizedicrossall words
sharingtheserules. Whentraining the componentgointly (i.e.,
tr(P o L o R)) thephonologicalrule probabilitiesarenot shared
acrosswords and the likelihood of a particularrealizationof a
phonologicalrule becomegdependenbn the word in which it is
applied.In previous experimentswve foundthatjoint trainingdra-
maticallyincreasedhesizeof thefinal staticFSTwithoutimprov-
ing therecognizers accuray [14].

4. EXPERIMENTS & RESULTS

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

e Basicphonemeules: This setof rulesgenerates one-to-
one mappingof phonemego phones. This is essentially
the sameas applying no rules exceptfor the fact that we
split stop and affricate phonemesnto two phoneticseg-
mentsto representhe closureand releaseportionsof the
phoneswith differentmodels.

e Insertionanddeletionrules: This setof rulesaugmentshe
basicsetwith a collectionof rulesfor insertingor deleting
phoneticsggmentsin certaincontets. This primarily in-
cludesthe deletionof stopburstsor entirestopconsonants,
thereductionof stopsto flaps,theinsertionof epenthetici-
lencesearstrongfricatives,andthereplacemenof schwa-
nasalor schwva-liquid combinationswith syllabic nasalor
syllabicliquid units.

e Full rule set: This setaugmentghe insertionanddeletion
ruleswith alarge setof rulesfor allophonicvariation. This
includestheintroductionof new allophoniclabelsfor stops
andsemvowels aswell asrulesfor placeassimilationand
gemination.

By creatingthesethreedistinct setsof phonologicalruleswe
can first examinethe effectivenessof introducingrules that ac-
countfor phoneticinsertionsand deletionsagainstthe basicset
of ruleswhich do not allow substitutionsanddeletions.Figure 3
shavs the phoneticalignmentobtainedby the SUMMIT recognizer
usingonly the basicsetof phonologicalrules on the sameutter
ancepresenteearlierin Figurel. An examinationof the phonetic
alignmentin Figure 3 presentsanecdotakvidencethatthe recog-
nizeris notableto modelthetruesequencef phoneticeventswith
theminimal setof phonologicakules. Thisis particularlyobvious
in the word atlanta wherethe recognizemwasforcedto insert][t]
releasedor both /t/ phonemeglespitethe fact the spealker actu-
ally usedthe glottal stopallophonefor thefirst /t/ andcompletely
deletedthe secondt/. Despitethe poor phonetictranscriptionthe
recognizemwasstill ableto recognizehis utterancecorrectly

By addingrulesto cover allophonicvariationindependenbf
ruleswhich cover phoneticinsertionsanddeletionswe caninves-
tigatetheeffectivenes®f modelingallophonicvariationimplicitly
using context-dependentacousticmodelsversusexplicitly using
context-dependenphoneticrewrite rules. Anecdotalevidenceof
the effectivenesof utilizing explicit rewrite rulesto captureallo-
phonic variation can be seenin the examplein Figure 1 (on the
first pageof this paper).By examiningthe phonetictranscription
in this figure, it canbe obsened that the recognizersuccessfully
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Fig. 3. The output of a graphicalinterface displayinga sam-
ple waveform, its spectrogramthe hypothesizedsumMMIT seg-
mentnetwork with the bestpath segmentsequencéighlighted,
the time-alignedphonetictranscriptionof the bestpath, andthe
time-alignedword transcriptionof the bestpath.

Phonological Word Error Rate(%)
Rule Set Full TestSet | CleanTestSet
BasicSet 19.2 11.9
Ins./Del.Set 18.4 10.9
Full Rule Set 19.0 11.6

Table 1. Performancenf JUPITER recognizeron the full testset
andon thecleantestsetusingthreedifferentsetsof phonological
rulesanduntrained~STs.

identifiedthe useof the glottal stopvariantof /t/ at the beginning
of atlantaandthe useof frontedschwasat theendof bothatlanta
andgeowjia.

Our experimentswere conductedusing the SUMMIT recog-
nizertrainedspecificallyfor the JuPI TER weathelinformationsys-
tem, a corversationalinterfacefor retrieving weatherreportsand
informationfor over 500citiesaroundtheworld [4, 19]. Thisrec-
ognizerhasa vocalulary of 1915words (excluding contractedor
reducedforms) and includes5 noise modelsfor modelingnon-
speechartifactsand 3 modelsfor filled pauses.The systemwas
testedon a randomly selectedset of 1888 utterancedrom calls
madeto JUPITER's toll-free telephoneline (we call this the full
testse). Resultsarealsoreportedfor a 1293 utterancesubsetof
thetestdatacontainingonly in-vocalulary utterancesvith nonon-
speechartifacts(we call thisthe cleantestse).

Table 1 containsthe resultsof our experimentswhen using
untrainedversionsof thecomponenFSTs.As canbeobseredin
thetable,incorporatingphonologicakulesfor handlinginsertions
anddeletionsof phoneticeventsresultedin a relative word error
ratereductionof 8% (from 11.9%to 10.9%)on the cleantestset.
Over the full testsetthe errorrate reductionwasa more modest
4% (from 19.2%to 18.4%). Theseresultsdemonstrat¢hat stan-
dard context-dependenmodelsby themseles are not suficient
for modelingcontectual effectsthat causethe numberof realized
phoneticeventsto bedifferentfrom theunderlyingcanonicaform.

Table 1 also shavs that the additionalrules addedto create
the full rule setactually degradeperformance.Theseadditional

Training Word Error Rate(%)
Condition Ins./Del.Set | Full RuleSet
PoLoR 18.4 19.0
tr(P)oLoR 18.4 18.6
PoLotr(R) 18.2 18.8

Table 2. Performancef JuPITER recognizeion full testsetwhen
trainingthe phonologicaFST (P) andthereductiong=ST (R).

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 phonologicafuleson sizeof context-dependent
acoustiomodelsanduntrainedstaticFST searchnetwork.

rulesexplicitly modelallophonicvariationswhich do notalterthe
numberof phoneticevents(suchaspalatalizationyowel fronting,
etc.). This suggestghat the context-dependenticousticmodels
aresufiicientfor modelingallophonicvariationcausedy phonetic
contet, andthattheaddedcompleity requiredo explicitly model
theseeffectshinderstherecognizers performance.

Table2 shavstheresultsonthefull testsetwhenvariouscom-
ponentFSTsaretrained. By examiningthefirst andsecondines
of Table2, we seethattrainingthephonologicaFST(P) improves
the performancef the systemusingthefull rule set(from 19.0%
to 18.6%). This is a similar improvementto pastresultswe have
obtained[14]. Unfortunately training the P FST for the inser
tion/deletionrule setdid notimprove performanceEvenwhenus-
ing anuntrainedP, theinsertion/deletionule setachieresalower
errorratethanthefull rule setusingatrainedP.

A comparisorof thefirst andthird lines of Table2 shavs that
trainingthereductiong=ST(R) providesmodesimprovementgo
both systems.We alsoattemptedo train the lexical FST (L) but
did not achieve ary performancamprovementfor either system
from thistraining. We arealsounableto reportresultsfor ary sys-
temthatcombinesatrained P with atrained R becaus¢he mem-
ory requirement$or computingthe compositionof theindividual
componenfFSTswere prohibitively large. In pastresultsusinga
slightly differentpronunciationapproachwherereductionswere
encodedlirectly within L, we wereableto build a systemwhich
usedbothatrained P andatrainedL within thefinal staticFSTto
achieve amodesperformancémprovemen{14]. Wearecurrently
investigatingapproximatiommethoddo helpreducethesizeof the
trainedFSTs(andhencethe memoryrequirement$or building the
final staticFST).

Tofurtherdemonstratéheeffectthataddingphonologicatules
hason the recognizers compleity, Table3 shavs the size of the
recognizerfor eachof the threedifferentrule setsin termsof the
numberof contet-dependenacoustianodels thetotal numberof
Gaussiarcomponentsn the acousticmodel set, andthe number
of statesandarcsin the pre-compilecuntrained=ST network. The
numberof acousticmodelsis determinedfor eachrule setauto-
matically basedon phoneticcontext decisiontreeclustering. The
numberof Gaussianger context-dependeninodelis determined
heuristicallypbasednthenumberof trainingsamplesvailablefor
eachmodel. Thetableshavs a dramaticincreasen the numberof
parametersequiredfor the acousticmodelandthe compleity of
the searchspaceasadditionalphonologicakulesareaddedto the
system.



5. PRONUNCIATION VARIATION FOR SYNTHESIS

Although this paperhasfocusedon speectrecognition,we have
alsoutilizedthesamepronunciatiorframevork in ourgroupscon-
catenatre speeclsynthesisystemenvolce [17, 18]. Whenap-
plying the frameavork for synthesisthe FST network is given a
sequencef words andis searchedn the reversedirection (i.e.,
in generatre mode)to find anappropriatesequencef waveform
segmentsrom aspeecltorpusto concatenaten generatre mode
the phonologicalrules can also be weightedin orderto provide
preferencefor specifictypesof phonologicalariation. For exam-
ple, therulescanbe weightedto preferreducedwords, flapsand
unreleasear deletedplosivesin orderto generateasual highly-
reducedspeech.To generatavell articulatedspeechtherulescan
be weightedto preferunreducedvordsandfully articulatedplo-
sives.

6. SUMMARY

This paperhaspresentedhe phonologicaimodelingapproactde-
velopedatMIT for usein thesegment-baseduMMIT speechiecog-
nition system We have evaluatedheapproachn thecontet of the
JUPITER weatheinformationdomain,apublicly-availableconver-
sationalsystemfor providing weatherinformation. Resultsshav
that the explicit modelingof phonologicaleffects that causethe
deletionor insertionof phoneticeventsreducedvord errorratesby
8% on our clean,in-vocahulary testset. Our resultsalsodemon-
stratedthat phonologicaleffectswhich causeallophonicvariation
without altering the numberof phoneticevents can be modeled
implicitly with context-dependenmodelsto achiere betteraccu-
ragy andlesssearchspacecompleity thana systemwhich models
theseeffectsexplicitly within phonologicakewrite rules.
Anecdotalvisual examinationsof the phonetictranscriptions
generatedisinga full setof phonologicalrulesalsodemonstrate
a dramaticimprovementin phoneticsggmentationand classifica-
tion accurag during forced pathrecognitionover a systemusing
no phonologicalrules. This may not be of greatconsequencéor
word recognition,but it is vitally importantfor corpus-basedon-
catenatre synthesizerthatrely on accurateautomatically-devied
time-alignedphonetictranscriptionsn orderto generatenatural-
soundingsynthesizedvaveforms.

7. FUTURE WORK

While our work in this paperhasbeenevaluatedon spontaneous
speechcollectedwithin a conversationalsystem,we have found
thathuman-humawgorversationgendto have evengreatemphono-
logical variationthanthe human-machinéatawe have collected.
Thus,we hopeto evaluateour phonologicalmodelingtechniques
on human-humarorporasuchasSwitchboardor SPINE.We be-
lieve accuratemodelingof phonologicalvariationwill have even
greatebenefitsfor thesetasks.

While our paperhasfocusedon modelingphonologicalvaria-
tionwithin asequencefindependenESTlayers,ourgroupis also
pursuingan approachwhich integratesthe multiple layerswithin
a single probabilistichierarchicaltree structure. This approach,
calledANGIE, hasthe potentialadwantageof learninggeneraliza-
tions acrossthe layersof the hierarchywhich are currentlymod-
eledindependentlyn our FST approacH13].
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