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Abstract

Manyspeech recognition systemsthat provideover-the-
phoneservices,e.g. namedialers, stock quoteproviders,
location�nders, rely on theaccuraterecognition of proper
names.For this to happen,the systemsneedto knowhow
their userswill pronouncethesewords.However, predicting
thepronunciationof a propernameis a notoriouslydif�cult
problemasit dependsontheorigin of thename, thelinguis-
tic backgroundof thespeaker, andothercultural andsoci-
ological factors, in additionof courseto theword spelling.

In this paper, we describea data-drivenmethodthat
learnsproper namepronunciationsfrom audio samplesof
thesewords. The algorithm relies on the machinery of a
general purposespeech recognizer to �nd the phonese-
quencethat bestmatchesthesamplespeech waveforms.In
addition,it incorporateslinguisticknowledgeautomatically
acquiredfroma pronunciationdictionaryto ensure that the
learnedpronunciationsare “r easonable”froma linguistic
viewpoint.

We showon a corporatenamedialing databasethat the
proposedalgorithm reducesthe call routing error rate by
40%comparedto a referenceletter-to-phonepronunciation
engine.

1. Intr oduction

Overthelastdecade,the�eld of automaticspeechrecog-
nition (ASR) hasevolved from a scienti�c curiosity to a
commercialreality. Many businessesnow useASR to of-
fer to theircustomersavarietyof telephone-basedservices.
For example, �nancial institutions may provide a stock
quoteenquiry line and the ability to performbankingop-
erations,airlines may have an information line for depar-
tureandarrival timesor anautomated�ight reservationsys-
tem,telecommunicationcompaniesmayoffer namedialing
or automatictelephonenumberlook-upcapabilitiesto their
users.

To a large extend,the high accuracy with which state-
of-the-artASR systemscanhandlesuchcomplicatedtasks

resultsfrom the useof powerful statisticalmodelingtech-
niquesto learnfrom dataan appropriaterepresentationof
speech.For example,maximumlikelihoodtrainingis often
usedto learntheparametersof a setof continuous-density
hidden Markov models (HMMs) that representacoustic
unitssuchasphones.

Othercomponentsin ASR systems,however, have tra-
ditionally been more hand-craftedthan learnedin data-
drivenfashions.Suchis thesystemdictionarywhich asso-
ciatesto eachword oneor morepronunciationsexpressed
as sequencesof phones.The dictionary is a key element
in a recognitionsystemasit providesthe link betweenthe
phones(andthustheacousticmodelsandthespeechsignal)
andthewords(andthusthephrasesallowedby theapplica-
tion andultimatelythemeaningconveyedby thespeaker).

In most ASR systems,the dictionary re�ects generic
word pronunciations;phonetic variations due to accent,
speakingstyle and other factorsare left to the acoustic
modelsto cover. With this approach,it is straightforward
to assemblea dictionarythatcoversmostcommonnames,
verbs,adjectives,etc. In the event that an applicationre-
quireswordsthatarenot in thedictionary, a letter-to-phone
engine(seee.g. [1, 2]) canbeusedto derivepronunciations
for thenew wordsfrom their spelling.

However, many of the above-mentionnedapplications
perform some sort of information look-up that involves
propernames(peoplenames,company names,locations),
and the automaticgenerationof pronunciationsis signif-
icantly harderfor propernamesthan for commonwords
wherespellingprovidesa betterindicatorof phoneticreal-
izations.For example,thepronunciationof aperson'sname
may changeto adjust to a new sociologicalenvironment.
It may alsoretainsomephoneticaspectsthat aredialectal
anddonot conformto thecurrentphonologicalrulesof the
namebearer's language.In addition,propernamesmayre-
quire several pronunciationsto accommodatefor the real-
izationsof speakerswith different linguistic backgrounds.
For example,an Americanspeaker is likely to pronounce
the �rst author's nameas[b u f e] (we useComputerPho-
netic Alphabet(CPA) symbolsto representphonemes),a
Frenchpersonwill typically say [b o f e], and a French-
speakingBelgian will use[b o f A i], extrapolatingfrom



Walloon dialects.Likewise the secondauthor's namemay
be pronouncedas [s a n k *r] or [S a n k *r] depending
on thespeaker's exposureto Indiannames.This makesthe
taskof predictingthephoneticrealizationsof propernames
from their spellingdif�cult. Many timestheactualpronun-
ciationof a propernamecannotbedeterminedwithout ac-
cessto audiosamplesof thename.

In commercialdeployments,a trainedlinguist is often
employed to write pronunciationsfor namesnot in the
systemdictionary. The speechapplicationdevelopermay
then chooseto deploy a small-scalepilot system,collect
speechsamples(waveforms),performsomeerroranalysis,
andhave thelinguist re�ne thepronunciationsbasedon the
audiosamples.This processis time consuming(a linguist
writesabout75 peoplenamesin anhour),andproneto in-
consistencies.Thework wepresentin thispaperaimsatau-
tomatingthis processby proposingan algorithm to learn
wordpronunciationsfrom acousticdata.

Previous work on data-driven generationof pronuncia-
tionshasfocusedprimarily on learningthetypeof pronun-
ciationvariantsthatoccurin conversationalspeech,for ex-
amplethe deletionof phonesor syllablesin fast informal
speech.They typically proceedby de�ning a setof phone
transformationrulesthat capturethe linguistic phenomena
to be modeled,andlearnfrom datathe frequency of each
rule. The rules are thenappliedto expandthe pronuncia-
tions of all the words in the dictionary, and a word-level
probability is attachedto eachpronunciationvariantto re-
�ect thelikelihoodsof therulesthatgeneratedit. Therules
maybehand-craftedby a linguist [3], or learnedfrom data
that hasbeenphoneticallyannotatedby hand[4, 5, 6, 7].
This family of approachesis well-suitedto the learningof
systematicpronunciationvariations,but it doesnot focus
on capturingthe actualpronunciationsof speci�c names
as they appearin a particularapplication.A differentap-
proach[4] consistsin letting the ASR enginechoose,un-
constrained,the sequenceof phonesthat bestmatchesan
acousticsample.Given many samplesof a word, the pro-
nunciationsthataremostoftengeneratedfor this word are
retained,the othersarediscarded.This approachis better
suitedto our task,but it requiresa lot of training samples
for eachword,andthelearnedpronunciationsmaynot sat-
isfy basicphonotacticrules.

The body of literature focusing speci�cally on learn-
ing propernamepronunciationsis more limited. In [9], a
methodis proposedby which knowledge-basedpronuncia-
tion variantsaredynamicproposedandevaluatedin a sec-
ondrecognitionpass.In [10] and[11], pronunciationacqui-
sition methodsaredescribedwhich, similar to the method
proposedin [4], requireno initial dictionary, and let the
acousticmodelsdiscoverwordpronunciationsfrom theau-
dio signals.Thesemethodsare especiallywell-suitedfor
voice dialing applicationswhereusersmaintainpersonal-

izedcall lists to which they canaddnamesby voice.Eval-
uatedon a largenamedialing application[12], themethod
from [10] signi�cantly increasedrecognitionaccuracy.

Themethodweproposein thispaperis oneof successive
re�nements.We startby applyinga letter-to-phoneengine
to thenamesfor whichweneedpronunciations.Wethenal-
ter theseinitial phonesequencesto improvetheirmatchto a
setof audiotrainingsamples.In orderto limit thenumberof
learnedpronunciationsperword,werestrainthegeneration
of pronunciationvariantsto word regionswith badacous-
tic matches,that is to regions wherepronunciationmod-
i�cations are deemedmost necessary. Phonetransforma-
tionsarethensuggestedandevaluatedto increasetheover-
all matchof thepronunciationsto thetrainingdata,givena
setof acousticmodels.

If thetaskof choosingnew pronunciationsis left solely
to the acousticmodels,pronunciationsthat “do not make
sense”maybegenerated.For example,thephonesequence
[k i t *r] maybeproposedfor thename“Peter”because“p”
and“k” are two unvoicedstop-consonantsandareacous-
tically confusable.Likewise,an unvoicedfricative suchas
“f ” or “s” could be insertedin front of a nameto match
somebreathnoise.Such“incorrect” pronunciationsareun-
desirable:they typically don't generalizeto otheracoustic
samples,and they increasethe confusabilitybetweendif-
ferententriesin thedictionary.

To avoid generatingsuchphonesequences,we express
the pronunciationlearningprocessasa joint optimization
problemthatsimultaneouslymaximizestheacousticmatch
of theproposedphonesequenceto theacousticdataandits
linguistic probability given someinitial pronunciationand
a linguisticmodel.Thispronunciationmodelis derivedin a
data-drivenfashionfrom anexistingASR dictionary.

Therestof thepaperis organizedasfollows. In Section
2, we considera simplenamedialing applicationandshow
how the ASR engineusesthe grammar, dictionary, and
acousticmodelsto �nd thewordsequencethatbestmatches
the input speech.Thereaderfamiliar with speechrecogni-
tion maychooseto skip this section.Section3 presentsthe
detailsof the pronunciationlearningalgorithm.Section4
discussesexperimentalresultson two databases.

2. A SampleNameDialing Application

Let us considera namedialing applicationthat allows
usersto call the �rst two authorsof this paper. The gram-
mar for this applicationis shown below. Probabilitiescan
beaddedin thegrammarto re�ect, for example,thea pri-
ori probabilitythata usercallsoneor theothername.

.Names [?call Name]

Name [(francoise beaufays)
(ananth sankar)]



This grammarcan be representedin a word graphas
shown in Fig.1. Any path throughthis graphcorresponds
to apossiblerecognitionoutput.

Let usnow assumethefollowing systemdictionary:

NameDialing Dictionary:
call k O l
francoise f r a n s w A z
beaufays b u f e

b o f e
b o f A i

ananth * n A n T
a n A n T

sankar s a n k *r
S a n k *r

Giventhedictionary, theword graphin Fig.1canbeex-
pandedinto aphonegraphasshown in Fig.2.Assumingthat
asetof statisticalacousticmodelshavebeentrainedoff-line
to representthe phones� k, O, l, f, ... � , the task
of therecognizeris to �nd thepaththroughthephonegraph
whosesequenceof acousticmodelsbestmatchestheseries
of acousticfeaturesrepresentingtheinput speech.Thecor-
respondingwordsequencecantheneasilyberetrievedfrom
thewordgraph.

To formalizethe above description,let us denoteby �

theseriesof acousticfeaturesor “observations” represent-
ing the speechwaveform.The taskof the recognizeris to
�nd themostlikely word sequence��� given theacoustic
observations:

�

���	��

�������

� ���

��� ��� (1)

UsingBayesrule,andnotingthat �

�

��� doesnotdepend
on theword sequence� , we getthefundamentalequation
of speechrecognition:

�

�
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�

�

�
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where�

�

��� ��� representsthelikelihoodof theobserva-
tions,giventhehypotheticalword sequence� , and

���

���

is thea priori probabilityof thatword sequence,asde�ned
by thegrammar.

We will now show how, using this formalism,we can
learnword pronunciationsfrom acousticdata.

3. Pronunciation Learning Algorithm

3.1. High-Level Description of the Algorithm

Thepronunciationlearningalgorithmassumestheavail-
ability of an initial dictionary that containsall the words
in the applicationgrammar. This dictionarycanbe gener-
atedby a letter-to-phoneengine,andwill typically list sev-
eral pronunciationsper word. Training utterancescontain-
ing the words to be learnedarecollectedand transcribed.

call

ananth           sankar

francoise        beaufays

Figure 1. Word graph for the .Names gram-
mar.

k O l
s a n k *r
S a n k *ra n A n T

* n A n T

b o f e
b o f A i 

b u f e
f r a n s w A z 

Figure 2. Phone graph for the .Names gram-
mar, and the NameDialing dictionar y.

Thealgorithmthenproceedsasfollowsfor eachtrainingut-
terance.

STEP 1: Force-Alignment with the Initial Pronunci-
ations: Force-alignthe training waveform to its transcrip-
tion.Forexample,if thesentencesaid“call AnanthSankar”,
a phonegraphspeci�c to that word sequenceis generated
(Fig.3),andtherecognizeris runthroughit. Thishastheef-
fectof (1) selectingfrom theinitial dictionarythepronunci-
ationsthatbestmatchtheinput waveform,e.g. [k O l] [* n
A n T] [s an k *r], (2) timealigningthewaveformto these-
lectedpathsothatphoneboundariescanbemarked.Fig. 4
showssuchanalignment.

k O l
s a n k *r
S a n k *ra n A n T

* n A n T

Figure 3. Phone graph for the grammar path
“Call Ananth Sankar”

STEP2: Identi�cation of the Regionof Worst Acous-
tic Match: The posteriorprobability of eachphonein the
force-alignmentis computedover the time segmentit was
alignedto. The worst matchingregion is identi�ed asthat
whose phone has the lowest probability. This region is
wherea modi�cation of the pronunciationis most likely
to signi�cantly impacttheacousticmatchof theword and
henceits futurerecognition.In theabove example,assume
thatphone“a” of [s an k *r] hadthelowestprobability.

STEP3: Suggestionof Alter nativePronunciations:A
seriesof alternative pronunciationsare proposed.All the
phonesin the original pronunciationare kept unchanged,
excepttheworstmatchingphonefrom STEP2. Thatphone



Figure 4. A waveform saying “call Ananth
Sankar” (upper �gure), its spectr ogram (be-
low), and its word- and phone-le vel align-
ments (lower 2 �gures), as functions of time .

is successively deleted,replacedby eachphonefrom the
phoneset,and preceededor followed by the insertionof
eachphone.The original pronunciationis alsokept in the
list. In addition,a seriesof frequentmonophoneto biphone
(andvice-versa)transformationsarealsoallowed.

STEP 4: Pronunciation Selection:A graphsimilar to
that of STEP1 is built with all the pronunciationsfrom
STEP3 (Fig.5). A probability is associatedto eachpro-
nunciationto re�ect how “linguistically reasonable”this
pronunciationis. The graphis thensearchedby the recog-
nizer. Theselectedpathindicatesthepronunciationthatbest
matchesthewaveform.

...

k O l * n A n T s a n k *r
s * n k *r
s A n k *r
s b n k *r

Figure 5. Phone graph representing candi-
date pronunciations for the name “Sankar”.

This constructionis justi�ed in Section3.2.Section3.3
showshow thepronunciationprobabilitiesarecomputed.

STEP 5: Dictionary Update: The original pronuncia-
tion from STEP1 andthebestpronunciationfrom STEP4
areinsertedin the new dictionary. Pronunciationslisted in
the initial dictionaryandnot “exercised”by STEP1 of the
algorithmarediscarded.

The5 stepsarerepeatedfor eachsentencein thetraining
set.

3.2. Pronunciation Selection

Let � be the sequenceof acousticobservationscorre-
spondingto the training waveform. Let �

��� �������
	�	�	 ��
��

be the phonesequencethat was alignedto the waveform
in STEP1 of the algorithm,and let ��� be the phonese-
quencescorrespondingto thealternatepronunciationssug-
gestedin STEP3.Wewantto �nd aphonesequence� � that
is (1) a goodmatchto theobservations � , and(2) linguis-
tically valid, given that the original pronunciationfor the
word was � . In otherwords,we wantto �nd thephonese-
quence��� whoseprobabilityis highestgiven � and � :
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Using Bayesrule andexpandingthe joint probabilities,
weget:
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Analyzing the conditionalprobability
���

� � � !��
�

� , we
seethat,givena realization�

� , theobservations � give no
furtherinformationabouttheoriginalphonesequence� , so
thatwe have
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ReplacingEq.6 in Eq.5, reorganizingterms,and using
Bayesrule,we get
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Eq.8expressestheprobabilityof thephonesequence�
�

asa productof two terms:a likelihoodratio,which consti-
tutesthe acousticpart of the modelandthat simply states
thatthedesiredpronunciationshouldhaveahighlikelihood
comparedto the original pronunciation,and a pronuncia-
tion conditionaltermwhichconstitutesthelinguisticpartof
themodel.This lastterm,

���

����� � � , is theobjectof thenext
section.

The optimization problem proposedin Eq.3 can be
rewrittenusingEq.8as
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Note the parallel betweenEq.11 and the recognition
equationEq.2.Themaindifferencebetweenthetwo equa-
tionsresidesin theform of thepronunciationmodelwith its
conditioningterm.

In apreviousimplementationof thismethod[13], wede-
rivedaslightly differentmodelwherebyeachalternatepro-
nunciationwas independentlyalignedto the waveform to
computejoint acoustic-linguisticscoresbasedonwhich the
bestpronunciationwasidenti�ed. The approachdescribed
in this paperachieves the samerecognitionaccuracy but
is signi�cantly moreef�cient from a computationpoint of
view. The most CPU-expensive componentsof the algo-
rithm arethetwo alignmentsin STEP1 and4 which,given
the small sizesof the grammars(up to about20 pathsin
STEP1,and150paths(alternativepronunciations)in STEP
4), areextremelyfast.On an i386 1475MHz machine,the
whole learningprocessrun on onetraining sentencetakes
abouta tenthof thetime neededto utterthesentence.

3.3. Pronunciation Model

Intuitively, the probability
���

� � � � is a pronunciation
transformationmodel.Assumethat the speaker said “Pe-
ter”, and that the waveform wasalignedto � = [p i ! *r].
We would arguethat thealternative pronunciation�

� = [p
i t *r] is “reasonable”,whereas�

� = [k i ! *r] is not. In this
case,we would wantP

�

�

�

� � � to be large,andP
�

�

�

� � � to
beequalto zero.

The pronunciationtransformationmodel thereforere-
quires somelinguistic knowledge to assesswhich phone
transformationsarereasonableandwhicharenot.Wechose
to extract this information in a data-driven mannerfrom
the systemdictionary. Any dictionaryword that hasmore
thanonepronunciationprovidesinformationaboutoneor
morephonetransformationsthat have beenvalidatedby a
linguist. Such transformationscan thus contribute to our
model.

More speci�cally, for eachword in the dictionarywith
two pronunciations,� and � , we performa dynamicpro-
grammingalignmentof the two phonesequences,using
a linguistically motivated phone distance metric simi-
lar to thatusedin [8]. Countsarethenaccumulatedover the
phonecorrespondencesbetweenthe two aligned strings.
Two types of counts are kept: (1) context-independent
countsof thetype �
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�

� in � wasalignedto
phone �	� in � , andcontext-dependentcountsof the form
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� . In this lastcase,we im-
posethe constraints
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� , that
is, counts are accumulatedonly for events whose con-
text is “stable” (identical in both sequences).This is in
agreementwith the decisiontaken in STEP 3 of the al-
gorithm, i.e. that a single phone is modi�ed at a time,
assumingthat its context is keptunchanged.In a slight re-

laxationof theabove,we alsoallow
�

� or �	� (but not both)
to representa sequenceof 2 phones.This allows trans-
formationssuchas [E r] � [*r] to be consideredin the
model.

The counts accumulated as described above are
then transformed into context-dependentand indepen-
dent phone transformation probabilities. A smoothed
context-dependentprobabilityof theform
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wherethesmoothingconstant� canbeexpressedasafunc-
tion of thecounts
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3.4. Pronunciation Pruning Mechanisms

For the ASR systemto correctly recognizea name,
its dictionary must contain a pronunciationthat is suf�-
ciently closeto thespeaker's realizationof thename.How-
ever, it is important to ensurethat the learningalgorithm
doesnot over�t the trainingdata:over�tted pronunciations
do not generalizewell, and having more pronunciations
per word increasesthe chancesthat two words appearas
closehomonymsandbecomeconfusable,especiallyin large
namelists.For this reason,it is importantto limit thenum-
ber of learnedpronunciations.A �rst stepin this direction
resultedfromourchoiceto focusonlyontheregionof worst
acousticmatchto proposealternatepronunciations(STEP
2 of thealgorithm).Two morepruningmechanismsaredis-
cussedbelow.

Eq.8 expressedthe conditionalprobability of a learned
pronunciationasa combinationof two terms:the improve-
mentin acousticmatchbroughtby thenew pronunciation,
andits linguisticquality. Rewriting Eq.8in thelog domain,
andintroducinganadditionalparameter, ' , we get
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We will refer to ' as the acousticweight, and,for conve-
nience,to

���)�

' � as the linguistic weight. This parame-
ter introducessome�e xibility in the algorithmto balance
thecontributionsof theacousticandlinguistic partsof the
model. In termsof dictionarypruning, increasingthe lin-
guistic weight has the effect of reducingthe numberof
learnedpronunciations.This is becausein the systemdic-
tionary usedto train the linguistic model, two pronuncia-
tionsof thesameword have mostphonesin common,only
a few phonesdiffer. So

���

�

� �

�

� � is typically greaterthan
���

�

�
�

�

�+*

,

�
� , andthepronunciationmodelis biasedto favor

theoriginalpronunciationoverany alternatepronunciation.



Increasingthelinguisticweightthusprovidesagooddictio-
nary pruningmechanism,especiallyif we careabouthow
linguistically reasonablethelearnedpronunciationsare.

Pruning can also be performed based on the like-
lihood ratio �

�

��� � � ��� �

�

��� � � . Intuitively, a pronunci-
ation � � should be retained in the learned dictionary
only if its matchto the acousticdatais signi�cantly bet-
ter thanthatof theoriginal pronunciation� , otherwiseit is
lesslikely to “�x” any recognitionerror.

We will seein Section4.5thatby increasingthelinguis-
tic weight andthresholdingthe likelihoodratio we canef-
fectively rejectunwantedpronunciations.

4. Experiments

4.1. Recognizer

The recognizer used in this work is a speaker-
independentsystem basedon standard3-state triphone
HMMs, with a Genone-basedstate clustering mecha-
nism [14]. The feature extraction front-end computes
27-dimensionalmel-�lterbank cepstral coef�cients, with
cepstral mean subtraction and standard noise reduc-
tion.

4.2. Database

The primary databaseusedto validatethe proposedal-
gorithmwascollectedfrom alivenamedialerimplemented
in a large company of the SanFranciscoBay Area. Each
token in the databaseconsistsof a �rst namefollowed by
a last name.Becauseof thecompany location,a relatively
largeportionof thenamesin thegrammararefrom foreign
origin,andmany callersarenon-nativespeakersof English.

To avoid any speaker overlapbetweenthe training and
testsets,wechoseto learnpronunciationsfrom malespeak-
ers,andto testthemon femalespeakersexclusively. Train-
ing setsandtestsetswerebuilt with 1,2, 6,10,and15repe-
titions of eachname,respectively. The1-repetitiontraining
setcontainsroughly 900 namesspoken by malespeakers.
The1-repetitiontestsetcontainstheexactsamenames,but
spoken by femalespeakers.The 2-repetitiontraining and
testsetscontainabout900 namesrepeatedtwice (roughly
1800 utterances).Similarly, the 6, 10 and 15-repetition
training and test setscontain roughly 500, 300 and 200
names,respectively, with roughly3000utteranceseach.The
namesin the15-repetitionsetsarea subsetof thosein the
10-repetitionsets,whichareasubsetof thenamesin the6-
repetitionsetsandsoon.Thegrammarconsistsof roughly
1600names.

Additional experimentswith a city-statelocation�nder
applicationaredescribedin section4.7

4.3. Baseline

The baselineASR performancewas measuredwith
a standard statistical letter-to-phone pronunciation en-
gine. This engineis trained from the samedictionary as
the pronunciationmodel. It doesnot make useof acous-
tic data.For easeof reference,we will denoteasBasePron
thebaselinepronunciationsystem,andLearnPronthepro-
posedalgorithm.

4.4. Performance

In a �rst experiment,we learnedpronunciationssucces-
sively from the 1, 2, 6, 10, and15-repetitiontraining sets
of the namedialing database,and testedthem on the 15-
repetitiontestset.Table1 below summarizesthe recogni-
tionerror-ratewith thelearneddictionary.Errorratesareex-
pressedaspercentagesof incorrectfull names(�rst and/or
lastnameincorrect).

Expt TrainingSet LearnPron
abs rel

BasePron ���

�

���

	 �

�

�

LearnPron 1 rep
���

	

� �	��


�

2 reps
�

	

� �
����


�

6 reps
�

	

� ������


�

10reps �

	

� ������


�

15reps �

	

� ������


�

Table 1. Error Rate on a Name Dialing task
with the data-driven LearnPr on method (ab-
solute and relative to the BasePron baseline).

The PronLearnsystemis signi�cantly more accurate
thanBasePron.The relative error rate reductionincreases
with thenumberof trainingrepetitions,rangingfrom 7%to
roughly45%.Morethan6 trainingrepetitionsis notneeded
(thedifferencebetween5.5and6.0in thetablecorresponds
to 13sentencesandis notstatisticallysigni�cant). Extrapo-
lating from thetable,wecanguessthat3 to 5 repetitionsof
eachnameareprobablyenoughto geta 40%error ratere-
duction.Oneor two repetitionsis not suf�cient to capture
all thepronunciationsthatdifferentspeakersmayuse.

4.5. Dictionary Pruning

We introducedin Section3.2,Eq.14,anacousticweight
' to balancethe contributionsof the acousticandlinguis-
tic models,andto limit the numberof learnedpronuncia-
tions.Fig. 6 shows theeffect of ' on recognitionerror rate



(6-repetitiontraining and test sets).The BasePronperfor-
manceis indicatedfor reference.

Figure 6. Error Rate on a Name Dialing task
as a function of the acoustic weight ' (Eq.14).

We observe the following. First, the accuracy improve-
mentswe obtain with this methodare almostexclusively
coming from the acousticpart of the model: setting the
acousticweightto zero(left mostpointonthecurve)results
in a systemthat is only marginally betterthanthebaseline.
The purposeof the pronunciationmodel is to enforcelin-
guisticconstraintsthat limits thepronunciationssuggested
by theacousticmodelto thosethatalsosatisfythe linguis-
tic model.This is illustratedin Table2 for thename“Bash”.
Basedon this example,an acousticweight of 0.2 (linguis-
tic weight of 0.8) seemsappropriate.In terms of dictio-
nary size, increasingthe grammarweight from 0.0 to 0.9
reducedthe averagenumberof pronunciationsper word
from 4.7to 2.8(or 2.7to 0.8new pronunciationsperword).
Furthereliminatingpronunciationsby thresholdingthelog-
likelihoodratioreducedthedictionarysizeby another10%.

' Pronunciations
�

	

�

b aS
�

	

�

b aS, b a s
�

	�� b aS, b a s, b aj a S, b e � S, h b aS

Table 2. Learned pronunciations for the name
“Bash”, as a function of the acoustic weight.

4.6. Data-driven Algorithm vs.Trained Linguist

Section4.4comparedtheperformanceof thedata-driven
methodto thatof a letter-to-phoneengine.Onemightwon-

derhow well a trainedlinguist would have doneon a simi-
lar task.

In a �rst experiment,a linguist took the list of 1600in-
grammarnames,andwrotepronunciationsfor them,using
hisbestjudgmentto decidehow many pronunciationswere
neededfor eachword.We referto this dictionaryas“Lng”.
He thengathereda list of waveformscontaining6 repeti-
tions of eachname,all spoken by male speakers,and re-
�ned theLng dictionaryby listeningto thewaveforms.The
resultingdictionary is referedto as “LngAud”. Finally, a
LearnProndictionarywasproducedby applying the data-
driven algorithm to the exact sameaudio data.The three
dictionarieswereevaluatedagainstthefemaletestsets.

Table3 summarizestheresultingrecognitionerrorrates.
Resultswith the BaseProndictionaryareaddedfor refer-
ence.

Expt BasePron Lng LngAud LearnPron
6 reps
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� �

	 �
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�

�
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���

	

� �

	

� �

	

�

�

	 �

15 reps
���

	 � � 	

� �

	

� �

	

�

Table 3. Error Rate on a Name Dialing
task: Comparing a letter -to-phone BasePron
generator , two hand-made dictionaries, Lng
and LngA ud, and the data-driven LearnPr on
method.

Comparingcolumns1 and2 showsthatthelinguistdoes
roughly20%betterthantheBasePronengine.With access
to acousticdata,the linguist reducesthe error rateby an-
other20%.Theadditionalgaincanbeattributedto thefact
that the linguist may not know how to pronouncesome
foreign names,andmay not know how otherswould pro-
nouncethem.The LearnPronalgorithmperformsroughly
15%betterthanthelinguist with accessto thesameacous-
tic samples.It shouldbenotedhowever that thePronLearn
dictionaryis 25% larger thanthe Lng andLngAud dictio-
naries,indicating that the PronLearnalgorithm somewhat
overgeneratespronunciations.

4.7. Experimentswith Other Databases

To furthervalidatetheproposedalgorithm,weappliedit
to avarietyof datasets.In all casesit reducedtheerrorrate
by 20 to 40%,dependingon thequalityof theinitial dictio-
nary. In this section,we will report in moredetailson ex-
perimentsperformedwith acity-staterecognitiontask.

The recognitiongrammarcontains50 statesand 6000
cities. Usersare allowed to say a city name,followed or



not by a state.Thetrainingandtestsetsconsistof roughly
3000and1600utterances,respectively. Thetestsetinstan-
tiatesabout700 differentwords(cities or states).By con-
struction,all arecoveredin thetrainingdata,however, some
namesarerepeatedmoreoftenthanothers(roughly40%of
the namesare repeated1 to 4 times,40% are repeated5
times,the remainingnamesarerepeatedmoreoften).This
typeof distribution is typical whendatais collectedover a
givenperiodof time andis not “equalized”to form a con-
trolledexperimentalsetup.

Table4 summarizesa few experimentson this database.
The�rst row showstheerrorratereductionwhentheinitial
dictionary is generatedby the letter-to-phoneengine,and
pronunciationlearningis appliedto re�ne this initial dictio-
nary. Thesecondrow repeatstheexperimentwith aninitial
dictionarytunedby anexpert linguist (from spellingonly).
The last row assumesthe sameinitial dictionary, but uses
acousticmodelsthathavebeenadaptedto thetrainingdata.

Expt Baseline LearnPron
BaseProndict

���

	

�

� � 	

�

Lng dict � � 	

� �

�

	

�

Lng dict, adaptedmodels �

�

	

� � �

	

�

Table 4. Error Rate on a City-State recogni-
tion task: Effect of the initial dictionar y and
of acoustic model adaptation.

Table4 shows that the learningalgorithmis sensitive to
the quality of the initial dictionary (16.4 vs. 22.3%error
rate).It alsoshowsthatlearningbetteracousticmodelsand
betterpronunciationsfrom task-speci�c datanicely com-
bine to improve recognitionaccuracy (28% relative gain
from each(rows2 and3), 36%total (22.7to 14.5)).

5. Conclusions

We describedan algorithm to automaticallylearn lin-
guisticallyvalid pronunciationsfrom acousticdata.Ourex-
perimentsshowedthatthealgorithmreducesrecognitioner-
ror rateon a namedialing databaseby up to 45% with re-
spectto a letter-to-phonepronunciationengine,with only
6 repetitionsof eachname.We observed that the acoustic
part of the pronunciationmodelwe de�ned is what gives
recognitionaccuracy, whereasthelinguisticpartconstraints
the learnedpronunciationsto be linguistically reasonable.
We alsoobservedthroughtheseexperimentsthata trained
linguistwho writespronunciationsfor propernames(espe-

cially foreign ones)doessubstantiallybetterwhenhe has
accessto acousticsamplesof thenames.

References

[1] J. M. LucassenandR. L. Mercer, “An InformationTheoretic
Approachto theAutomaticDeterminationof PhonemicBase-
forms.”, Proc.ICASSP, pp.42.5.1-42.5.4,1984.

[2] T. Vitale,“An Algorithm for High Accuracy NamePronuncia-
tion by ParametricSpeechSynthesizer.”, ComputationalLin-
guistics, vol. 17,n. 3, pp.257-276,1991.

[3] G. Tajchman,E. Fosler, and D. Jurafsky, “Building Multi-
plePronunciationModelsfor Novel WordsUsingExploratory
ComputationalPhonology”,Proc.Eurospeech, 1995.

[4] M. Weintraub,E. Fosler, Ch. Galles,Y.-H. Kao, S. Khudan-
pur, M. Saraclar, S.Wegmann,“AutomaticLearningof Word
Pronunciationfrom Data”, 1996Large Vocabulary Continu-
ousSpeech Recognition SummerResearch WorkshopTechni-
cal Reports, JohnsHopkinsUniversity.

[5] W. Byrne,M. Finke,S.Khudanpur, J.McDonough,H. Nock,
M. Riley, M. Saraclar, Ch.Wooters,G. Zavaliagkos,“Pronun-
ciation Modelling Usinga Hand-LabelelledCorpusfor Con-
versationalSpeechRecognition”,Proc.ICASSP, 1998.

[6] M. FinkeandA. Waibel,“SpeakingModeDependentPronun-
ciationModelingin LargeVocabulary ConversationalSpeech
Recognition”,Proc.Eurospeech, 1997.

[7] R. Batesand M. Ostendorf,“Modeling PronunciationVari-
ation in ConversationalSpeechUsing Prosody”,Proc. ISCA
Workshop, 2002.

[8] R. BatesandM. Ostendorf,“Modeling PronunciationVaria-
tion in ConversationalSpeechUsingSyntaxandDiscourse”,
Proc. Workshopon Prosodyin Speech Recognition and Un-
derstanding, 2001.
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