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Abstract

This paperdescribespreliminary recognitionexperimentson

PhoneBooK1], acorpusof isolated telephone-bandwidthead
wordsfrom a large (almost8,000-word) vocahulary. We have

chosenthis corpusas a testbedfor experimentson the lan-

guagemodel-independergartsof a sgment-basedecognizer
We presentresultsshaving that a sggment-basedecognizer
performswell on this task, and that a simple Gaussiarmix-

ture phonedurationmodelsignificantlyreduceghe error rate.
We comparecontet-independentstress-dependerdand word

position-dependentduration modelsand obtain relative error
ratereductionsof up to 12% on the testset. Finally, we make

someobsenationsregardingthe effectsof stressandword posi-

tion in this isolated-vord taskanddiscussour plansfor further

researchusingPhoneBook.

1. Introduction

The work describedin this paperwas motivated by a desire
to studyaspectof automaticspeectrecognitionrelatedto the
acoustic-lgical interfaceandsegmentationin a sggment-based
recognizer The PhoneBookdatabasd1], a large-vocaklulary
isolated-vord corpus seemsarticularlywell-suitedto thistype
of investigation:the isolated-verd taskallows usto ignorethe
effectsof alanguagenodelandto explore computationallyin-
tensie low-level modeling,while the large vocalulary makes
thetasksufficiently challenging.This paperdescribe®urbase-
line systemandinitial experimentsvith durationmodels.

Thefollowing sectiongresenthe segment-basedecogni-
tion framevork andthe interpretationof a durationmodelasa
segmentationprobability; describethe PhoneBoolkcorpus,our
baselinerecognizerandtheinitial durationmodelswe have in-
vestigated;and interpretour resultsand suggesftfuture direc-
tions.

2. Segment-based recognition framewor k

We begin by reviewing the probabilistic formulation of the
speechrecognition problem, which is usedin our segment-
basedrecognizer[2]. We presentthe generalcasein which
an utterancemay containmultiple words, althoughthe exper
imentswe discussarelimited to an isolated-vord task. In the
generalformulation, the goal is to determinethe mostlikely
string of wordsW* = wy,... ,wn~ giventhe setof acoustic
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obserations 4, thatis W* = argmax,, P(W|A), whereW
rangeover all possibleword strings.Sincea singleword string
canhave multiple realizationsasstringsof sub-word units (e.g.
phoneslU = uy,... ,ur with differentsegmentationsS, this
becomes

W* = arg m#x\?;g P(W,U, S|A),

whereU rangesover all possiblepronunciationsof the word

stringW and.S rangesover all possiblesggmentationgi.e. lo-

cationsof phoneboundariespr ary otherdefinition of a seg-

mentation). We then make the corventionalassumptiorthat,
givenaword string W, thereexist both an optimal pronuncia-
tion U* andanoptimalsegmentationS™, whicharemuchmore
likely thanary other (U, S) combination,so thatwe may re-

placethe summatiorby a maximization:

{wW*,U*,S"} = argvrvr’lg’}gP(W, U, S|A).

Applying Bayes'rule severaltimes,we canrewrite this as:
w*,us, 8"} =
arg max P(A|W,U, S)P(S|U,W)P(U|W)P(W),

wherethefirst termcorrespondso the acousticmodel,the sec-
ondto the segmentatiorprobability thethird to the pronuncia-
tion model,andthelastto thelanguagemodel.

In a typical frame-basedecognizer an HMM is usedto
jointly modelthe acousticand segmentationterms (the latter
being representedy the state transition probabilities). In a
segment-base@pproach,on the other hand, the acousticand
segmentationtermsare modeledseparately When no explicit
modelis usedfor the P(S|U, W) term,it is in effectassumed
to be a constanfor ary allowablesegmentationof U andzero
for ary othersggmentation.

The segmentationterm, however, canbe interpretedas a
durationmodelasfollows. Definea sggmentationto be a list
of the phoneboundariesn that sggmentation. Thatis, S =
t1,...,tr denoteghatthe first phoneextendsfrom time 0 to
t1, the secondextendsfrom ¢; to ¢», and so on until the Lt®
phone.Thisis equivalentto thedurationof thefirst phonebeing
t1, thatof thesecondeingts —t1, andsoon. Usingthenotation
st to denotetheevent“segments hasdurationd”, we have that

P(S =t1,...,tL|U,W)
= P(sit, s sETIE U W)

L
ti—ti—1 t1 _to—t1 ti_1—t;_o
HP(sl |U, W, s1%, 85 Y )-

=1



In the above we have consideredonly the casein which the
numberof segmentsin the segmentatioris equalto thenumber
of phonesfor othercasegheprobabilityis zero(assuminghat
phonesare not permittedto have zero duration). If we make
theassumptiorthat,giventheunit string,eachphones duration
is independenof the durationsof the otherphonesthe condi-
tioning statemenin thelastexpressiorbecomegU, W) alone.
This assumptiomoughly correspondso ignoring the effectsof
speakingate.

Fromthis generadurationmodel,we canobtainsomesim-
plermodelsby makingvariousassumptionsf-or example,if we
assumehateachphones durationdepend®nly onthe phones
identity andnot ontheidentitiesof otherphonesor ontheword
string, we have the context-independenmodel

L
P(S|UW) =[] P(s;' ™" fw).
=1

Alternately assuminghatthe dependencen U andW is cap-
turedsolelyby thecurrentphones stressand/orpositionwithin
the word or utterance,in additionto the phones identity, we
have

L
P(S|U,W) = H P(sf’_t’_1 |wi, str(ui), pos(ur)),
=1

where str(w;) is the stresslevel of w; and pos(u;) is some
function of the positionof w; within anutterance Effectssuch
aslengtheningof stressediowels andof phrase-finasegments
are well-known [3] and have beenusedsuccessfullyto pre-
dict phonedurations[4]. We discussthe useof suchcontext-
dependentiurationmodels aswell asof acontet-independent
one,in Section4.2.

The above interpretationof the durationmodelis similar
to thatin [5]. Durationmodelswith varioustypesof distribu-
tion have beenattempted(e.g. Poisson[6], Gamma[7], and
Gaussiamixtures[8]) and usedin both frame-based5] and
segment-based9, 10] recognizers.However, durationmodels
are particularly naturalto incorporatein a segment-basedec-
ognizer sincethe searchinherentlyconsidersentire segments
andthereforerequiresno modificationotherthanan additional
scoreon eachsegment.

3. ThePhoneBook database

ThePhoneBooldatabaseontainsapproximately92,000utter
ancef isolatedwordsreadover the phoneby native spealkers
of variousdialectsof AmericanEnglish. The vocalulary con-
sistsof almost8,000wordsof varyinglengthge.g.aced,acous-
tically, winfrey) designedo cover asmary phonemiccontexts
aspossible.Theinclusionof mary confusablevord pairs(e.g.
scheduled/skedules,bulls/bolty malkes the task challenging,
especiallywhenrecognizingwith theentirevocalulary. Phone-
Book hastypically beenusedfor investigationitherinto tasks
wherethetrainingandtestvocalulariesaredifferent[11] orinto
new typesof acousticmodelingandrepresentatioife.g. mod-
eling additionaldependenciein [12] and[13], andarticulatory
statemodelsin [14]).

We usethe samebreakdan of the databasento training,
developmentandtestsetsasdefinedin [11]. Thereis no over
lapbetweerspealkrsor wordsin thedifferentsets.Two training
setsaredefined;the “small” training setcontainsabout20,000
utterancesindthe“large” setcontainsabout80,000utterances.
The developmentand test setscontainabout7,000 utterances

each.Most publishedresultsinvolve training on the 20k train-

ing setandclassifyingeachword in thetestor developmentset
from amonga list of wordsrangingin size betweenabout75

andabout600. We have choserto train on the 80k training set
in orderto gain morefreedomto train complex models,andto

testwith the full (8,000-word) vocalulary in orderto increase
the difficulty of the task. For comparisonwith the literature,
however, we alsoreportour baselineresultswhentraining on

the 20k training setandtestingwith a 600-word vocatulary.

4. Experiments
4.1. Baselinerecognizer

The baselinerecognizerusesthe sSUMMIT sggment-baseadys-

tem[2], [15]. It beginswith a segmentationstepthat hypoth-

esizedandmarks,or locationsin the waveform at which pho-

netic boundariesare likely to occur usingan acousticchange
criterion [10]. This stepcreatesa graphof allowable segmen-
tationsand thereforelimits the numberof sggmentationghat

mustbeconsideredn thesearchLandmarkfeaturesconsisting
of MFCC averagesver severalregionsaroundeachlandmark,
are then extractedand scoredwith phoneticdiphoneacoustic
models,asin [15]. A diphonecancorrespondo a landmarkat

the boundarybetweentwo phonesor to a phone-internaland-

markdetectedy thesegmentatioralgorithm. Segmentmodels,
which modelthe regionsbetweenandmarkscanalsobe used
in sSUMMIT, but we do not currentlyusethemfor PhoneBook
experiments.

Baseformdor eachword aretakenfrom the Pronle dictio-
nary[16] wheneer possible andfrom the dictionaryprovided
with PhoneBooKor wordsnot appearingn Pronlex. Pronunci-
ationrulessuchasflapping,palatalizationgtc. arethenapplied
andstresss removed to obtaina pronunciationgraphfor each
word usinga detailedsetof 69 sggmentlabels(66 phoneglus
silencemodels).We currentlyassumehatall resultingpronun-
ciationsof aword areequallylikely. Sincethetaskis isolated-
wordandeachwordis equallylik ely, thelanguagenodelis also
trivial.

The suMMIT recognizerusesa Viterbi training paradigm,
which wasseededvith phoneticalignmentsobtainedusingex-
isting telephone-speechcousticmodelsfrom conversational
domaing15]. Sincethe amountof training datais insufiicient
to train a modelfor eachdiphoneoccurringin the vocalulary,
thediphoneswverethenclusteredusingtop-davn decisiontree-
basectlusteringon the PhoneBooKraining data. We notethat
usingtop-dawn clusteringis importantin PhoneBookasin ary
domainin which the training and testvocalularies are differ-
ent; bottom-upclusteringwould be unableto assigra classto a
diphoneappearingn atestsetbut notin thetrainingset.

Thefirst line of Table1 shavs the errorratesobtainedwith
this baselinesystemon the 600- and 8,000-vord taskswhen
training on the 20k training set. We note that this recognizer
achieves a lower error rate thanary that we have seenin the
literatureonthe 600-word task. Table2 shaws publishedresults
onthe 600-word taskusingthe 20k training set.

Having establishedhat the recognizemperformscompeti-
tively, we switchedto training on the 80k training setandtest-
ing on the 8,000-vord task. At this point, we alsoswitchedto
a phonesetandpronunciationgraphswith binary vowel stress
information (where “stressed”vowels are thosewith primary
stressand “unstressedvowels eitherarereducedor have sec-
ondarystress)aswell astagsindicatingword-finalvowels, for
subsequengxperimentswith context-dependentiurationmod-



[ Training set | #params [ 600-wd ER | 8,000-wd ER |
20k 627k 3.6 13.6
80k 1.55M 2.3 9.9

Table 1: Error rates (ER, in %) of the baselinerecanizer on the
PhoneBookestset.

| Reference | Description, # params [ ER ]
Dupontetal. [11] hybrid HMM/ANN, 166k 5.3
Bilmes[13] HMM or DynamicBayesian| 5.6

Multinet, ~200k
HMM + Hidden 4.17
Articulator MM, 458k

Richardsoretal. [14]

Table 2: Publishedtestseterror rates(ER, in %) on the 600-wod
PhoneBookaskusingthe 20ktraining set.

els. The pronunciatiorrulesanddiphonemodels,hovever, re-
mainthe same;the stresse@ndunstressecandword-finaland
non-final, versionsof the samevowel are classedn the same
diphoneclassandaresubjectto the samerulesasbefore. The
performanceof this recognizeris shavn in the secondine of
Tablel.

4.2. Duration models

While examining the pathschosenby the baselinerecognizer
we noted that mary misrecognizedutteranceshad unusually
long or short phonesand conjecturedthat a duration model
would be helpful. Figuresl and2 shav two exampledecoded
utteranceglemonstratinghe typesof durationerrorsthat we
have noticedin thebaselineaecognizer

We useda Gaussiarmixture modelfor the phoneduration
density sincethis modelis simpleandversatile;a discretedis-
tribution is inappropriateén our casebecausehe segmentation
algorithmdoesnot producepurely discretedurationvalues. In
fact,we modeledhelog durationratherthanthedurationitself,
sincethe formeris more conducie to modelingwith a Gaus-
sianmixture distribution. The numberof Gaussianper model
was determinedfor eachclassbasedon the numberof train-

ing examples,up to a certainmaximumnumberof Gaussians.

Fromqualitative obseration of the durationdistributionsin the
training set, we setthe maximumnumberof Gaussiango 5,
in orderto allow a goodfit to the datawhile avoiding overfit-
ting. We alsofound it beneficialto scalethe durationscores
relative to the diphonescoresto accountfor the differencein
their scalesaswell asto addan offsetto eachsegments score
to accountfor the recognizers preferencdor longeror shorter
phonesequenceghevaluesof theseparametersveresetbased
ondevelopmentsetperformance.

We beganwith a contet-independentiurationmodel,that
is, P(s;' "U,W) = P(s; " ‘|w). In addition, we
alsotraineddurationmodelswith threekinds of context depen-
dence.In thefirst condition(the “stress-dependentondition),
separatemodelsare trained for stressedand unstressed/ow-
els. However, while stressediowels usuallytendto be longer
thanunstressednes,we found that for somevowel classesn
the PhoneBookraining set, the unstressedersiontendsto be
longer thanthe stressedne. This is lesssurprisingoncewe
realizethat,in this training set,unstressegowelsareabout3.5
timesmorelikely to be word-final thantheir stresseatounter
parts; and sincethe utterancesare isolatedwords, word-final
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Figure1: Spectogram of an utteranceincorrectly recaynizedby the
baselinerecanizerbut correctly recaynizedwhena duration modelis
added. The top transcription showsthe hypothesisproducedby the
baselinerecaynizer correspondingo the word “fr ozen”; notethe un-
usuallyshort[r] (~15 ms)andunusuallylong syllabic[n], [en] (~380
ms). The bottomtranscriptionshowsthe hypothesigproducedwith a
duration model,correspondingo the correctword “ozone” (the label
[ow_f] indicatesa word-final [ow]).

Figure2: Spectogram of an utteranceincorrectly recanizedby the
baselinerecanizerbut correctly recaynizedwhena duration modelis
added. The top transcription showsthe hypothesisproducedby the
baselinerecanizer correspondingo theword “mules”; notethelong
[y] (~170ms)andshort[uw+_f] (stresseduw] in word-final position,
~50ms). Thebottomtranscriptionshowsthe hypothesigproducedwith
a duration model,correspondingo the correctword “r eels”.

vowels are actually subjectto utterancefinal lengthening.We
thereforetraineda secondsetof context-dependentnodelsthat
take into accountwhetheror not a vowel is word-final. Finally,

we traineda setof modelswith both stressand word-position
dependence.

Table 3 summarizeghe resultsof usingall four duration
modelson the developmentandtestsets. All of the duration
modelsproducea statisticallysignificantreductionin errorrate
over the baselinglusinga McNemartestat a significanceevel
of 0.01). Onthedevelopmentset,the four durationmodelsare
statisticallyequivalent. On the testset, the modelswith posi-
tion dependencandthosewith bothstressandpositiondepen-
denceperformsignificantlybetterthanthe context-independent
andstress-onlymodels. The testsetresults,therefore support
our hypothesighatword-final effectstaken alonearemoreim-
portantthan stressin modelingvowel durationin PhoneBook,
althoughthe developmentsetresultsarelesssupportve of this
claim. The best-performingnodelsachiere a 12%relative er-
ror rate reductionon the testset. It is notavorthy that all of



[ Modd | #params | devER | test ER |
baseline 1.55M 10.5 9.9
context-ind’t dur + 954 9.4 9.2

+1179 9.4 9.1
+1179 9.3 8.7
+ 1614 9.4 8.7

stress-dep’dur
position-dept dur
stress& position-dept dur

Table3: Effectof duration modelson the error ratesfor the develop-
mentandtestsets. Thenumberof parametes for ead duration model
refels to theadditional parametes neededy that model.

thesegainsareobtainedwith avery smallcostin the numberof
additionalparameterso be estimatedasshavn in thetable.

Figuresl and 2, shawing the utteranceshat were previ-
ously poorly decodedvith the baselinaecognizeralsoinclude
the correspondindnypothesesvhenusinga durationmodel(in
this case,the contet-independenmodel). In both casesthe
recognizewusingthe durationmodelis ableto correctlydecode
theutterances.

5. Futurework

Theresultswe have presentedepresenbur preliminaryinves-
tigation into the PhoneBookdatabaseas a testbedfor exper

imentswith seggment-basedecognition. Theseinitial results
demonstrateboth the effectivenessof the segment-basedp-
proachon the PhoneBookask andthe usefulnessand easeof

incorporatingan explicit durationmodelinto the recognition
search.We planto continueto usePhoneBooko explore du-

ration modelingandotheraspectof recognitionon the acous-
tic/lexical level. Examplesof additionalissuesve would like to

explore usingPhoneBookncludearticulatoryfeatureandpho-
neticclassrepresentationfor lexical access.

In theareaof durationmodeling,we have nottakeninto ac-
countmary factorsthatcancontrituteto theperformancef the
models suchasspeakingatevariations,phoneticcontet, and
position effects other than utterance-finalengthening. While
the modelswe have usedthus far producesignificant perfor
mancegainsatavery smallcost,we areinterestedn investigat-
ing thebenefitof amorerealisticmodelof duration.In orderto
bettermodelcontectual effects,we planto incorporatea hierar
chicaldurationmodelpreviously developedin our group[9] as
apost-processingtep.We have foundthatonly a very shallav

-bestlist would berequiredto ensurethatthe correcthypoth-
esisis present.Specifically for the baselinerecognizeralmost
half of the errorson thedevelopmentsetcorrespondo the cor-
recthypothesiseingranked second(4.7% out of a total error
rateof 10.5%),andan -bestlist with 10 hypothesesontains
thecorrecthypothesi®©8.7%of thetime. Whenusinga context-
independendurationmodel,errorsin whichthecorrecthypoth-
esisis ranked secondaccountfor 4.3% of the 9.4%error rate,
and the correcthypothesiss in the 10-bestlist 99.0% of the
time. This makesarescoringapproactattractive for thistask.

Finally, we have obsenred that the distributions of phone
durationscan be erratic, dueto both the inherentlyquantized
natureof framedurationsandcertainintrinsic characteristicef
the sggmentatioralgorithm. This suggestshata differentkind
of distribution, possiblya semi-discret@ne,maybepreferable.
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