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ABSTRACT

The notion thata word is composedf a sequencef phoneseg-

ments,sometimeseferredto as‘beadsonastring’, hasformedthe
basisof mostspeechrecognitiorwork for over 15years.However,

asmoreresearchertackle spontaneouspeecirecognitiontasks,
thatview is beingcalledinto question.This paperraisesproblems
with thephonemeasthebasicsubword unitin speechrecognition,
suggestinghatfiner-grainedcontrol is neededo capturethe sort
of pronunciatiornvariability obseredin spontaneouspeech.We

offer two differentalternatves— automaticallyderived subword u-

nits andlinguistically motivateddistinctive featuresystems- and
discusscurrentwork in thesedirections. In addition, we look at
problemsthat arisein acousticmodelingwhentrying to incorpo-
ratehigherlevel structurewith thesetwo strategjies.

1. INTRODUCTION

It hasoften beennotedthat automaticspeechrecognitionperfor
manceis much worse on spontaneouspeechthan on carefully
plannedor readspeech.For the bestsystemseportingresultson
the 1999DARPA BroadcastNews benchmarkests errorrateson
thespontaneouspeectportionof thetestset(14-16%)werenear
ly doublethoseonthebaselineconditionof plannedstudiorecord-
ings (8-9%)[1]. Thosesitesthatalsoparticipatedn a workshop
on corversationakpeechrecognitiona few monthslaterreported
word errorratesof roughly40%. Pronunciatiorvariability hasfre-
guentlybeencited asa key reasonfor the poor performanceyet,
phone-basegronunciationmodelingwork hasso far led to only
smallerrorratereduction.Couldit bethattherelianceontheidea
of wordsasa sequencef phonemesggments(‘beadson a string’)
hashadits day?

In this paper we will look at evidenceagainstthe phoneme
asa basicunit in speechrecognitionand at two alternatve lexi-
cal representationsautomaticallyderived (sub-phoneunits and
linguistically motivatedstatesdefinedin termsof cateyorical fea-
tures. In both casesthe goalis finer-level unit control. However,
we alsoacknavledgethe needfor introducingcontext dependence
on syllableandhigherlevel structureanddiscusamechanisméor
doing this. Finally, we discussthe importanceof newv acoustic
modelingresearcho supportthe increasein granularitywithout
anexplosionof modelparameters.

2. THE CASE AGAINST THE PHONEME

Several studieshave pointedto acousticvariability asa key prob-
lemfor systemgecognizingspontaneouspeechFor example,an
SRI study shaved neardoublingof word error rateson the exact
sameword sequencevhenit was spolen spontaneouslys. read

[2]. More recently McAllister et al. usesimulateddatain experi-
mentsthatsuggesthat poor pronunciationmodelingaccountgor
the bulk of the high error rate on the Switchboardtask[3]. Not
surprisingly there have beena large numberof researchefforts
devotedto pronunciatiormodelingin thelastfew years,ncluding
techniqueghat use automaticlearning, hand-writtenphonologi-
cal rulesandvariouscombinationsof the two. Unfortunately the
gainsfrom phone-basegronunciatiormodelingtechniquehave
beendisappointinge.g.reducingword error ratesfrom 40.9%to
38.5%on corversationakpeech4]. Thisgainrepresenta statisti-
cally significantimprovementon a difficult task,but not thefactor
of five reductionpredictedin [3]. Of course,the factor of five
is optimistic becausef the matchbetweermodelingassumption-
s in the recognitionand simulationof data,but mostresearchers
still sharethe intuition thatthereis moreto be gainedfrom pro-
nunciationmodeling.Many of the pronunciatiormodelsthathave
beenappliedarequite sophisticateédindwork well on readspeech,
which raisesthe question:is recognitionperformancdimited by
theassumptiorthatpronunciatiorvariationis represented terms
of phone-leel substitutionsdeletionsandinsertions?

In anextensve seriesof experimentswith differentpronunci-
ationmodelsandtraining conditions Saraclaet al. shav thatim-
proving phonerecognitionaccurag canactuallyhurt word recog-
nition accuray [5]. Resultsn [4] mayexplainthisin part: decision-
treepronunciatiormodelsgeneratevord-level pronunciatiorprob-
abilitiesthatdo not matchthe relative frequeng of thosepronun-
ciationsin the data— a flaw in theassumptiorof conditionalinde-
pendencef phones.(Of course,t is alsothe casethat,in theory
optimizingfor accurag of low-level unitrecognitionis notthebest
choicefor recognizinghigherlevel unitswhenthe low-level unit-
s are sequentiallydependent.)The conditionalindependencas-
sumptioncanbe amelioratedoy syllable-level pronunciationpre-
diction, but word errorratereductionis still lessthan10%]6].

Anotherindicatorof problemswith the phonemas that pho-
netictranscriptiorof corversationakpeechs quitedifficult for hu-
manlabelers.It hasheenobsered,in the Switchboardcorpusand
in otherstudiesthatphonemesvhichappeato be‘deleted’(in the
sensef having little or noidentifiableassociatetime sggmentin a
spectrogramepresentatiorgreoftenstill percevedbecausef the
presencef coarticulationeffectson neighboringseggments.Such
shortsggmentsare quite frequent,as evidencedby distributional
datain hand-labeleghonetictranscriptiong7] and by the high
percentagef phonesmappedto the minimum allowed duration
in aforcedalignmentusinga single-pronunciatiowictionary(ob-
senedin severalstudies).In [6], it is notedthattherelatively high
rateof occurencef phenomenauchasfeaturespreadingandcue
tradingposeddifficultiesfor labelersranscribingthe Switchboard
corpus. Thesephenomenalso posedifficulties for phone-based
computerrecognitionmodels. For example,if a phoneis delet-



edin analernatepronunciationa differenttriphonewill be used
andcoarticulationeffects cannotbe captured.In fact, this sort of
featurespreadingmay be better capturedwithout explicit phone
deletionin theword pronunciationsincethetriphonemodelsmay
have effectively learnedhedeletionpattern.Notethat,in standard
HMM training, which is not constrainedoy hand-labeleghone
segmenttimes, triphoneslearncoarticulationeffectsthat resultin
‘phonetic’ time alignmentghatdo not correspondo wherea hu-
manlabelerwould put a phonesegmentboundary This behavior
of automaticallytrainedtriphonesis yet anotherargumentagainst
thephone.

Analysesof the hand-labeledwitchboardcorpusin termsof
deviationsfrom thecanonicabictionarypronunciatiorshav astrong
dependencen syllablestructure e.g.syllableonsetsare mostof-
tenpresered andcodasaremostoftendeleted7]. For theseand
otherreasonsseveralresearcherbave recentlyarguedfor thesyl-
lable asan alternatve to the phonemeor representingpeech.n
this paperwetake a differenttackandarguefor finer-grainedow-
level representationincorporatingdependencen syllable (and
higher level) structurevia context conditioning. Thereare sev/-
eral reasondor looking at a finer grainedtemporalscale. First,
usinga pronunciatiormodelbasedn phonesut acousticmodels
basedon triphonesmeanghata phonesubstitutiontranslatesnto
a 3-sgment(or, 9-state)substitionwhich may be aninappropri-
atelylong timespanaspointedout by Saraclat al. [5] who find
improved performancaisingstate-leel (vs. phone-lgel) pronun-
ciation modeling. Alternative views of the ‘hidden state’ of the
speechprocess- eitherasa vectorof articulatortrajectories(es-
sentially continuousvalued)or as parallelasynchronoustreams
of binaryfeatures- all pointto the needfor afine-grainedlarger)
statespace. The needfor more temporaldetail is also support-
ed experimentallyby obserationssuchasimproved performance
from increasinghe numberof HMM stategertriphone(e.g.[8])
and bigger gainsfrom addingparameterso characterizéempo-
ral variability vs. mixture componentg9]. Lastly, the needfor a
state-leel generalizatiormechanisnto handleunseentriphones
(andsyllables)aguesfor afiner-grainedrepresentation.

In the two sectionsto follow, we will suggestwo quite dif-
ferentalternatves— data-drven andlinguistically based- for in-
creasingtemporalresolutionwhile at the sametime retaininga
connectiorto syllablestructure.

3. ACOUSTICALLY-DERIVED SUB-WORD UNITS

Acoustically derived sub-word units (ASWUSs) representa data-
drivenapproachto definingthe sub-word units of speechRecog-
nition systendesigninvolvesa combinationof automaticsggmen-
tation into stationaryregions or ‘segments’, clusteringthe seg-
mentsbasednacousticsimilarity, anddictionary’ design. ASWUs
were proposedseveral yearsago[10, 11, 12, 13], but they faded
from view asspeakrindependentecognitionbecameheprimary
goal,becaus®f thedifficulty of distinguishingspealker variability
from real pronunciationdifferences. However, this problemhas
recentlybeenaddressedy integratingthe unit anddictionaryde-
signstep[14, 15], sothatan ASWU systemis now aviableoption
for speakrindependentecognition.For readspeechasksande-
speciallyfor low complity systemsASWU HMM systemson-
sistentlyoutperformphone-basedystemsgiving word errorrate

1The term ‘dictionary’ is usedto mean‘pronouncingdictionary’, pri-
marily for brevity.

reductionsof 10-20%for systemaf equivalentcompleity. Even
thelimiting requiremenbf having severalinstancef eachword
in the vocahulary canbe addressedby usinga hybrid phoneand
ASWU system[16]. The problemof modelingcross-vord con-
textual variationsis addresseth [17], andmultiple pronunciation
dictionarydesignis coveredin [18].

Automatically derived units have the potentialfor capturing
effectsassociatedvith syllableandword position,because¢he as-
signmentof unit sequence® a word pronunciationis complete-
ly basedon acoustics.However, the connectiorto syllable struc-
ture canbe mademoreexplicit by learningASWU unitsandpro-
nunciationsfrom syllabletokensratherthanword tokens. Using
syllable-level tokenswould amelioratethe unseenword problem
in large vocahulary recognitionto someextent, but therewill still
be mary unobsered syllables,particularly with conditioningon
lexical stress.

An alternatve meansof incorporatingsyllable structure(and
modelingstate-l@el pronunciationvariation)is to think of ASWU
designasessentiallythe sameproblemasHMM topologydesign.
Onecouldapplythesuccessie statesplitting (SSS)algorithm[19],
which hasbeenusedfor designingtriphonestatesharing,at the
syllablelevel. The SSSalgorithmis essentiallya generalizatiorof
standardHMM tree-basedlusteringtechniquese.g.[20], which
canlearnboth contextual andtemporalstructure(i.e. thetopology
is not fixed to a certainnumberof statesper phone). Applied at
the syllablelevel, it caneasilylearneffectsof syllable structure.
In addition, SSScanincorporatelexical stressandword position
by labelingsyllableswith thisinformationasanextracontext con-
ditioning variablethat canbe usedin statesplitting. In standard
decisiontreeclustering this stratgyy for addingconditioningvari-
ableshasbeenreferredto as ‘taggedclustering, i.e. phonesare
taggedwith stresandotherfeaturesandtri-tag (vs.triphone)mod-
elsareclustered Theideaof taggedclusteringwasfirstintroduced
in speechsynthesidy Donovan [21], andsubsequenapplication
to recognitionhasbeendescribedn [22, 23, 24]. A limitation of
taggecclusterings thatcodingphonegor syllables)causeshuge
increasein the numberof elementarycontext-dependenmodels,
whichleadsto largememaoryrequirementandincreasedomplex-
ity of training becausef theincreasdn possibledatadivisions.
As aresult,only simpletag setshave beenexploredin large vo-
calulary systemsausingcross-vord context. Work in progresson
multi-stageclusteringmayaddresshis problemby usingdifferent
subset®of featuredn differentstagesf tree(or topology)design.

Another classof approacheshat falls underthe data-drven
themeis thework on state-leel pronunciatiormodeling different
variationsof which have beenproposedn [25, 5]. Themotivation,
asraisedin the previous section,is thattherearemary instances
whereit is more appropriateto substituteor deletepart of a tri-
phoneratherthanthe whole triphone. In this work, the subword
units are sequentialregions’ of phonestrainedusing standard-
riphonedesigntechniquesput the final pronunciatiometwork is
notconstrainedo maintainthe original phone-leel sequenceela-
tionships.While thework reportedsofar hasnot taken adwvantage
of syllablestructurejt is easyto imaginedoingsoby startingwith
triphonestatesdesignedisingtaggedclusteringor usingdecision
treesfor finding statetransformatiorprobabilities.

4. LINGUISTICALLY-MOTIVATED ALTERNATIVES

In linguistics,it is featuresandnotphonemeshatareviewedasthe
fundamentalnits of speech26], wherephonesare specified(or



coded)in termsof distinctive features(Notethattheterm‘feature’

is mostoften usedin the speechrecognitionliteratureto referto

acousticobsenations,suchascepstralvectorsor voiceonsettime,

but herewe use‘features’to meansymbolicindicatorsof phonetic
contrasts.) For the most part, distinctive featuresare relatedto

the mannerin which a speechsoundis produced(the degree of

constrictionin thevocaltract),theparticulararticulatorthatis used
(glottis, soft palate,lips andtongueblade,body androot) and/or
placeof constrictionandhow anarticulatoris usedto producethe

sound. Differentfeaturesystemshave beenproposed,ncluding

binaryandmulti-valuedfeaturesfor simplicity wewill restrictour

discussiorto binary features with the caveatthat featurevalues
cansometimede unspecifiedn the‘code’ for a phonemewhich

could be thoughtof asathird value. Examplesof binaryfeatures
arenasal voiced,continuantjabial, etc.

Pronunciatiorvariationscanbe expressedn termsof context-
dependentulesdescribingchangesn thefeaturevaluesor in fea-
ture associatiorwith sggments. Examplesinclude devoicing of a
vowel or final consonantn the contet of a subsequentoiceless
consonantreducinga tensevowel ‘iy’ to alax ‘ih’, andchang-
ing the placeof articulationsothat‘n’ becomesm’ whenthe‘n’
is followed by a labial stop (asin ‘can be’). Featurechangesan
alsoaccountfor apparenphonesggmentdeletionwherethereis
still evidencefor the segmentin the realizationof neighboring
s@gments,asin a nasalizedae’ in a reducedform of ‘can’t’ or
the single dental-nasabegmentsometimegroducedfor the two
consonanté ‘in the! Featurecannotalwaysbe mappedo syn-
chronougaralleltime functions,andasynchrog canleadto cases
wheresegmentsappearto beinserted,asin an epentheticstopin
‘warmth’ dueto asynchronoushangingof the nasalandcontinu-
antfeatures.

The goal of a feature-basedoding of the HMM statespace
is to representsuch pronunciationvariability in terms of asyn-
chronousdlinguistic featurechanges.A word hasa lexical repre-
sentatiorthatis asequencef d-dimensionasymbolicfeaturevec-
tors, which expandsinto an asynchronousime sequencewhich
is mappedo d-dimensionahypercubeof statesfor decoding.In
otherwords, the bit vectorthat correspondso the featurevalues
indexesan HMM state,andthe statetransitionsare governedby
featurespreadingharacteristicsThekey problemswith usingthe
featurerepresentatioaresimplifying searchandestimatiorof that
highdimensionabpacewhich, like triphoneswill includemary s-
tatesthatarenever obsered.

Dengand colleagueq27, 28] proposeda setof paralleldis-
cretefeaturestreamswith hand-writterrulesfor constrainingea-
ture ‘'spreading. (Their ‘features’correspondo quantizedvocal
tract shapeparametersbut the basicidea appliesdirectly to the
distinctive linguistic featuresdiscussechere.) The featurevector
pointsto a statemodelindex, andthe collectionof statesdefined
by the featurespreadingulescombineto form whatis effectively
a contt-dependenHMM with statesharingdeterminedby hu-
manknowledgeratherthanautomaticclustering. Theinitial work
usedindependentraining of the compositestates,which corre-
spondgo assuminghatall featuresareinterdependerdandhasno
mechanisfor training unseenrstates. Recentwork takes a first
stepat extendingtriphoneclusteringtechniquego this paradigm
[29], thoughmoreresearchis needed.

A moreflexible structuretreatsthe differentfeaturesandtheir
associatedaicousticparametersas independenstreamssynchro-
nizedat the syllablelevel [30, 31]. By treatingthe streamsasin-
dependenta complex statespaceis achieved while at the same

time keepingthe training and decodingproblemsrelatively sim-
ple. The framewvork nicely accommodatea variety of differen-
t acousticmeasureswhich canleadto improved performancen
high noise(0dB) conditions[32] andresultsin reducedconfusion
betweercertainphoneme$33]. Decouplingfeaturedrom phones
may alsoleadto modelsthatgeneralizebetteracrosdanguages.

The useof completelyindependenstreamsmay be a bit too
flexible, however, asevidencedby the factthata moretraditional
phone-basedhodel outperformsthe feature-basegystemin low
noiseconditions[32]. Two mainproblemsstandout. First, it has
beenobseredthatcertainsetsof featuresendto spreacbr modify
togetheiin groupsthatcanbecharacterizetby a hierarchicabrga-
nization[34]. Thus,thetiming of differentfeaturestreamseeds
to bemorecoordinatedthoughthe existenceof thehierarchyfacil-
itatesmodeling,asproposedn [35]. Secondlytheacousticcorre-
latesof thedifferentfeaturesarenotstrictly independentthereare
interactionshetweensomefeatureghat enhancecertainphonetic
contrastg36]. Suchinteractionsmply that acousticobseration
modelsshouldbe conditionedon setsof featuresandnot individ-
ual features.Thework of Bilmeson learningmodelstructure[37]
may provide an automaticmechanisnfor learningan appropriate
dependencstructurethat alsokeepsthe modeldimensionalitys-
mall.

5. DYNAMIC PRONUNCIATION MODELS

Onceone acceptshe role of syllable (and/orword) structurein
modelingacoustiovariability, whichis by now quite clearly estab-
lished, the questionis raisedasto whethertheremight be a role
for higherlevel structure.Indeed thereappearso be evidencefor
word frequeng, syntaxand/orprosodicfactors.FoslerLussieret
al. shav aninteractionbetweerspeakingateandword frequeng
in predictinghov muchaword pronunciatiorwill deviatefrom a
dictionarybaseform[6]. Syntaxappeardo be a factoraswell —
onecansay‘gonna’for ‘going to’ for theinfinitive ‘to’ but notfor
thepreposition.

However, such phenomenanay be more directly described
in termsof prosodicstructure[38], i.e. the perceved emphasis
andchunkingpatternsof speechthat arerelatedto (but notiden-
tical to) syntacticconstituents.Cross-vord boundaryphonolog-
ical changesjncluding ‘gonna’ but also assimilationasin ‘gas
shortage,typically do not occurat major prosodicphrasebound-
aries,andotherinsertion-like effectsdo occurat prosodicbound-
aries. Dilley et al. [39] found that glottalizationwas morelikely
at vowel-initial word boundarieswhen thosewords were pitch-
accenteand/orin word-initial positionof prosodicphrasebound-
aries. The frequeng of glottalizationincreasedwith increased
salieny of the location, suchthat glottalizationwas quite likely
(> 90% for the femalesubjects)f a word wasbothaccentedand
phrase-initial. Theremay alsobe an effect of enhanceghonetic
realizationvia ‘inserted’ featuresat particularly salientregionsof
the speechsignal. In the Switchboardcorpus,thereare at least
anecdotakxamples,e.g. an off-glide of ‘ae’ is ‘enhanced’in an
emphasizegronunciationof ‘and’ resultingin ‘ae ehn d’ (us-
ing a phoneticalphabet).We conjecturethat conditioningfeature
change®n aprosodichierarchy startingfrom thelevel of the syl-
lable,will beneededo betterexplainthepronunciatiorvariability
in speech.

The dependencef pronunciationvariability on higherlevel
linguistic structureis of greatimportanceto speechrecognition
systemsbpecausét providesa meansof dynamicallyvarying pro-



nunciationprobabilities. When all the obsered pronunciation-
s of a word are allowed in speechrecognitiondecoding,perfor

mancedegradesbecauseof the increasedconfusability between
words, e.g. allowing ‘ae n’ asa pronunciationfor ‘and’ increas-
es the possibility of confusing‘and’ and ‘an’. For this reason,
researcherbave begunexploring methoddor introducinghigher

level structurewithin the contet of the standardstatistical(e.g.
HMM) recognitionparadigm but taking advantageof multi-pass
searcharchitectureso condition on hypothesizedvord context.

But how canhigh-level structurebeincorporatecht the sametime

asthegranularityof themodelis shrinking?

The answeris really no differentthan for phone-leel mod-
eling. In a multipasssearchframenork, it is possibleto condi-
tion aword pronunciatiormodelon a broadercontet, leadingto
dynamicpronunciationprobabilities,asin [22, 40, 6]. The criti-
cal, andasyet unansweredjuestion s at whatstageto introduce
higherlevel contect conditioningin unit design. It is impractical
to automaticallylearnstructure— whetherin termsof acoustically
derivedunitsor featureinterdependencewhenclusteringis based
on atomicunitswith only afew (if ary) obsenations.In the data-
driven approachwe arecurrentlyexploring differentalternatves
in amulti-stageclusteringparadigm.

6. IMPLICATIONSFOR ACOUSTIC MODELING

In thispaperwe haveraisedquestionsboutthephonemeasasuit-
ablesub-word unit for speechrecognitionandarguesfor maving
to afinergrainedrepresentationAt the sametime, we acknavl-
edgethatthereis a cleardependencen higherlevel structurethat
shouldbeaccountedor via contet conditioningin adynamicpro-
nunciationmodel. Alternativesfor definingfiner-grainedunitsare
describeasedn acoustically-dexied or data-drvenapproaches
andlinguistically-motivatedfeaturecodingof the statespace.

In the above discussionwe assumedhatthe acousticmodel
is adiscretestateHMM, andthereareseveralinterestingresearch
pathsto pursuewithin this framevork. However, within the dis-
cretestateframework, thereis a seriousproblemof explosion of
the parametespace asalludedto earlier Certainlymuchcanbe
donein the shorttermwith clever clusteringschemegandHMM-
swill long bereliedonin early stagesof a multipasssearch but
the hugenumberof parametersissociateavith simpleHMM ex-
tensionsto a large statespacecalls the approachinto question.
By Occamsé razor we shouldbe striving for a moreparsimonious
model. The distinctive featurerepresentatiomffers the potential
for a simplified modelif the featurestreamsaresuficiently inde-
pendentbut thereis evidencethat the timing is fairly systematic
with respectto higherlevel structure. Resultsin robust recogni-
tion that argue for multi-rate featurestreamsfurther complicate
this picture.

Thekey pointthattheseargumentdeadto is thatmoving away
from the ‘beadson a string’ modelis not simply a pronunciation
modelor unit designissue- it is alsoan acousticmodelingprob-
lem. Changedo the pronunciatiormodelare mostlikely to suc-
ceedif matchedwith an appropriateacousticmodel. Improved
acousticmodelsmay requireadditionallayersof hiddenstatesat
differenttime scalesmixedmemoryMarkov modelg41], amixed
continuousanddiscretehiddenstate[42], a discreteevent model
[43], and/orotheralternatves. Activeresearctonsuchalternatves
is critical to theadwancemenbf speechrecognition.
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