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Abstract
Thispaperdescribesa methodfor improving theef�ciency

of the languageresourcedevelopmentprocessthroughboot-
strapping:iteratively combiningmachinelearningandhuman
knowledge in a way that minimises the humanintervention
requiredduring the process. Applied to the developmentof
a 10,000-word pronunciationdictionary, it is shown that the
amountof humaneffort canbe decreasedto lessthana quar-
ter of theeffort typically requiredfor themanualdevelopment
of apronunciationdictionary, withoutsacri�cing accuracy.

1. Intr oduction
Many speechprocessingandnaturallanguageprocessingtasks
requirethe availability of extensive languageresources:pro-
nunciationdictionaries,largeannotatedtext corpora,annotated
speechcorporaor parallel text corpora. The developmentof
theseresourcesinvolves signi�cant effort, and can be a pro-
hibitively expensive taskwhenspeechandlanguagetechnolo-
giesaredevelopedfor anew language.

Techniquesthat allow resourcesto be developed more
quickly andcost-effectively include the cross-languagere-use
of information and bootstrappingapproaches.For example,
whenacousticmodelsaredevelopedfor a new targetlanguage,
anautomaticspeechrecognitionsystemcanbeinitialisedwith
modelsfrom anacousticallysimilar sourcelanguage,andthese
initial modelsimproved throughan iterative processin which
audio data in the target languageis automaticallysegmented
and usedto retrain the models. The potentialsavings in ef-
fort achieved throughsucha processis aptly demonstratedby
Schultz[1].

Bootstrappingapproachesare applicableto various lan-
guageresourcedevelopmenttasks,speci�cally wherean au-
tomatedmechanismcan be de�ned to convert betweenvari-
ous representationsof the dataconsidered. In the above ex-
ample,two representationsare utilised: annotatedaudio data
and acousticmodels,and the mechanismsto move from one
representationto theother, arewell de�ned throughthephone-
alignmentandacousticmodellingtasksrespectively.

We apply this generalapproachto the task of creatinga
pronunciationdictionary, using word/pronunciationpairs and
grapheme-to-phoneme(G2P) rules as alternative representa-
tionsof thesameinformation.In ourapproachwefocusonsim-
plifying andminimisingthehumaninterventionrequiredduring
thebootstrappingprocess.

The remainderof the paperis organisedas follows: Sec-
tion 2 providesbackgroundon thegrapheme-to-phonemecon-
version problem. Section3 describesour bootstrappingap-
proachto the creationof pronunciationdictionariesutilising
G2Prulesasanintermediaterepresentation.Section4 provides
anoverview of experimentalresults.

2. Grapheme-to-phonemeconversion
An accuratemodel for letter-to-soundconversion is required
for variousspeechprocessingtasks,includingspeechsynthesis
and large vocabulary speechrecognition. Typically modelled
throughexplicit pronunciationdictionaries,therelationshipcan
alsobedescribedusingvariousletter-to-soundformalisms,in-
cludingexplicit grapheme-to-phonememappingrules[2], neu-
ral networks [3], decisiontrees[4] and instance-basedlearn-
ing [5]. A letter-to-soundconversionmechanismis valuable,
not only in the absenceof pronunciationdictionariesbut also
to accommodatespeechtechnologyon smalldevices(with as-
sociatedmemoryconstraints)or to dealwith out-of-vocabulary
wordsin speechsynthesis.

The resultswhenapplyingappropriateversionsof thedif-
ferentformalismsmentionedabovearecomparable,with slight
variationsin performanceunderspeci�c conditions. For ex-
ample,neuralnetworks provide strongergeneralisationability
thandecisiontrees,andperformmoreconsistentlyacrossmis-
matchedtestsets,whiledecisiontreestypicallyoutperformneu-
ral networks wheretraining andtestdataarecloselymatched.
[6]. Kohonen's Dynamically ExpandingContext (DEC), ini-
tially appliedby Torkkola to theG2Pproblem[7], is a popular
instance-basedlearningalgorithmthat predictsphonemereal-
isationbasedsolely on graphemecontext. Variationsof DEC
typically performaswell, or better, thansimilar decisiontree
approaches.

Grapheme-to-phonemeconversionmechanismscaneither
bede�ned on a per-graphemelevel, or for a combined̀ chunk'
of graphemes.In the�rst caseit is typically necessaryto align
eachgraphemeto a speci�c phonemeprior to rule extraction.
This canbe donemanually, or througha forcedViterbi align-
ment, insertinggraphemicor phonemicnulls as required[4].
(Seesection3.3.)

2.1. DEC

The bootstrappingsystemdescribedin this paper utilises a
variation of DEC as its rule extraction mechanism.In DEC,
eachrule speci�es a mappingof a single graphemeto a sin-
gle phonemefor a given left and right graphemiccontext, i.e
is of the form: (grapheme, context) ! phoneme. Eachword
in the training dictionary is alignedwith its pronunciationon
a per-graphemebasis,as illustratedin Table1. Rulesareex-
tractedby �nding the smallestcontext that providesa unique
mappingof graphemeto phoneme. If an n� letter context is
not suf�cient, thecontext is expandedto eithertheright or the
left. This `speci�city order' in�uencesthe performanceof the
algorithm. Differentorderingsareillustratedin Table2 asap-
plied to graphemès' in the word `interesting'. Context 1 is
expandedsymmetricallyon a right-grapheme-�rstbasis,con-
text 2 is expandedsymmetricallyona left-grapheme-�rstbasis,



andcontext 3 favourstheright context ona2:1basis.

Table1: Word alignmentandrule extractionin DEC

Alignmentexamples r o se ! r O z 0
r o w s ! r O 0 z
r o o t ! r u 0 t

Ruleexamples o in context -o ! u
o in context -se! O
o in context o- ! 0

Table2: Differentexamplesof context expansionorder in DEC

size context 1 context 2 context 3
0 s s s
1 st es st
2 est est sti
3 esti rest esti
4 resti erest estin

3. Approach
In thissection,wedescribeourapproachto thedevelopmentof
a pronunciationdictionary, both at the processlevel andwith
regardto thespeci�c algorithmsutilised.

3.1. Process:Userperspective

Thesystemis developedto allow a speaker �uent in the target
languageto developa pronunciationdictionarywithout requir-
ing expertlinguistic knowledge.Thesystempredictsa pronun-
ciation and presentsthe humanwith an audio versionof the
word: thehumanactsasa `veri�er' andprovidesaverdictwith
regard to theaccuracy of thepronunciation(correct,wrong,or
uncertain).If theword is wrong,theveri�er caneitherprovide
thecorrectpronunciationor �ag thephonesthatareconsidered
wrong.Thisprocessis repeated(with increasinglyaccuratepre-
dictions) until a pronunciationdictionary of suf�cient size is
obtained.

Figure1: Correctingthepredictedpronuncations

The dictionarycorrectiontaskaspresentedto the veri�er

Figure2: General bootstrappingsystemconcept

is shown in Figure1. This is onetaskwithin an experimental
environmentthat allows a userto manipulateandgeneratethe
variousresourcesinvolved (the rule set,word list andpronun-
ciationdictionary)asrequired.Perexperiment,thesystemlogs
the history of all activities andarchives the intermediarydata
resourcesfor furtheranalysis.

3.2. Process:Systemperspective

The general bootstrappingsystem concept is illustrated in
Figure 2. Extracted rules are used to generateadditional
word/pronunciationpairs,which in turn areusedto extractbet-
ter rules. Errorsare�agged wheninformationis presentedto
the veri�er asa list of word/pronunciationpairs. The system
is initialisedwith aninitial smallrule setor a small transcribed
wordlist. If neither is available, the systemwill predict ran-
dompronunciations,which,whencorrected,form thebasisfor
furtherbootstrapping.Currentlyall veri�cation is doneby ahu-
manveri�er, but data-driven approachesto error identi�cation
canbe includedin thegeneralsystem,if additionaldata(such
asacousticinformationin thisexample)becomesavailable.

Theoverall processconsistsof thefollowing steps:

� Thesystemanalysesits currentunderstandingof thetask
(numberand type of pronunciationsfrom the overall
word list thatarecorrect,wronganduncertain)andgen-
eratesanoptimallist of wordsto beconsiderednext.

� For eachof thewordson theabove list, thesytemgener-
atesanew pronunciationusingits currentG2Pruleset.

� Thesystemcreatesa`sounded'versionof eachwordus-
ing thepredictedpronunciationandstandardIPA sound
samples,andrecordstheveri�er' s response.

� Basedonthestatusof eachof thewordsin thenewly ver-
i�ed word/pronunciationlist, the systemextractsa new
G2Pruleset.

� Theprocessis repeateduntil a suf�cient numberof cor-
rectwordsareobtained.



3.3. Extracting and applying G2Prules

In orderto extractG2Prules,wordsandpronunciationsare�rst
alignedusingiterative forcedViterbi alignment.Phoneticnulls
areinsertedwhererequired(that is, wherea singlephonemeis
producedfrom morethanonegrapheme).Graphemicnulls are
not used,but graphemicexceptionsthat canmapto morethat
onephoneme(suchasx ! k s) arereplacedwith two pseudo-
graphemes(asin [8]). Theinitial probabilitiesfor Viterbi align-
ment are obtainedfrom words and pronunciationsthat have
equallength.

DEC is used to extract rules of the form (left context,
grapheme, right context) ! phoneme. Two variationson tra-
ditionalDECareimplemented:

� Usingaslidingwindow ateachcontext-level, and

� Removing redundantrules.

DEC, asappliedby Torkkola [7] expandsthe context one
letterat a time, eitherfavouringtheright- or left-handsideex-
plicitly. We usea sliding window that �rst considersall possi-
blecontexts of sizen, beforecontinuingto considercontexts of
sizen+1,whichpreventsruleswith unnecessarilylargecontexts
from being extracted. In contrastto the DEC context expan-
sionof Table2, aslidingwindow appliedto graphemès' in the
word`interesting'wouldresultin thecontext orderingindicated
in Table3.

Sincemultiplerulesof thesamecontext sizemayapplyto a
singlegrapheme-to-phonememapping(suchasre,s,ti ! s and
ere,s,t ! s), contexts that arealreadyserved by existing rules
are removed to prevent over-specialisation.Becauseall con-
texts of eachsizeareconsidered,the order in which contexts
areexpanded(for a speci�c context-level) becomeslesssignif-
icant than in standardDEC. In all experiments,a symmetric
right-�rst expansionschemeis used(asalsoin Table3).

Table3: Context expansionorder in shiftedDEC

order size context order size context
1 0 s 2 1 st
3 1 es 4 2 est
5 2 sti 6 2 res
7 3 esti 8 3 rest
9 3 stin 10 3 eres

Generatinganew pronunciationis asimpleprocedure:each
graphemein thewordis consideredin turn,andtheruledescrib-
ing thelargestmatchingcontext is usedto predictthephoneme
to begenerated.

3.4. Choosingan optimal word list

An aim of our systemis to minimise the numberof words a
userneedsto correct.To achieve this, thesystemgrows its un-
derstandingof pronunciations-in-context systematically:ensur-
ing that it achievescertaintyon asmany contexts of sizen as
possible,beforecontinuingto a context of sizen+1. For each
iteration,it choosesaminimalsetof wordsthatcoversasmany
of thecontexts in questionaspossible.Thecontext orderingis
chosento be similar to the oneutilised in the G2Pextraction
mechanism.

4. Experimental results
Theapproachhasbeenveri�ed in anexperimentalenvironment
usinganexisting pronunciationdictionary. Thedictionaryacts

asthe veri�er, in orderto obtainan accurateindicationof the
processitself, unin�uencedby humanerror. Thepronunciation
dictionaryusedis a hand-crafteddictionaryof Germanwords,
and consistsof 22,000words and their pronunciations,sepa-
ratedinto a 20,000word trainingand2,000word testset. Re-
sultsreportedareall basedon thefull testset.

4.1. G2Paccuracy

First,theaccuracy of theG2Pruleextractionmechanismis con-
sidered.In all experimentsthesizeof themaxiumumcontext al-
lowedwhenextractingrulesis notrestricted,andthesameword
training order is used. If DEC is not allowed to grow a con-
text beyond word boundariesandcon�icting rulesareignored
(DEC-con�ict) theperformanceof thealgorithmdecreasesfor
largertrainingcorpora,especiallyif rulesregardingthecontext
surroundingagraphemeearlyor latein awordareimportant.In
orderto removethiseffect,theversionof DEC(DEC-grow) that
wasimplementedallows a context to grow towardstheoposite
side if a word boundaryis encountered.The shiftedwindow
versionof DEC (DEC-win) outperforms1 this versionof DEC
(DEC-grow) consistently, asillustratedin Figures3 and4.
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Figure3: Word-level accuracy: differentDECvariations
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Figure4: Grapheme-level accuracy: differentDECvariations

Whenredundantrulesareremoved(DEC-win-opt) perfor-
manceis similiar to DEC-win, but fewer rulesarerequiredto
achieve the sameaccuracy. An analysisof the extractedrules
is shown in Table 4. The numberof rules of eachsize (the

1Word-level accuracy measuresthenumberof wordsthatarecom-
pletelycorrect,while grapheme-level accuracy is measuredasthenum-
berof correctgraphememappingsminusdeletions,dividedby thetotal
numberof graphemestested.



sizeof thecontext thatspeci�estherule) is given,asextracted
from differentsizedtrainingdictionaries,usingDEC-win. For
the10,000-word dictionary, thesizeof therulesetobtainedvia
DEC-winandDEC-win-optis compared.

Table4: Numberandsizeof rules: DEC-win

Dict size: 10 100 1000 10,000 10,000(-opt)
Rulesize rules rules rules rules rules

1 32 32 32 32 32
2 24 90 141 134 128
3 5 85 671 1877 1688
4 7 265 3099 2793
5 23 996 931
6 4 202 190
7 3 73 73
8 37 37
9 17 17
10 7 7
11 1 1

Total 61 214 1139 6475 5877

4.2. Cost-effectiveness

The amountof time requiredfor the varioustasksdependson
theskills andmotivationof the transcriberandveri�er. In Ta-
ble 5 we list roughestimatesfor relevant times,basedon ob-
servations in our laboratory. Theseestimatescan be usedto
predicttheeffectivenessof theproposedapproachcomparedto
that of manualdevelopmentfor pronunciationdictionariesof
varioussizes. This is illustratedin Figure5, which shows the
predictedamountof humaneffort required(in hours)asa func-
tion of dictionarysizewhenapplyingDEC-win-opt. Additional
to the assumptionslisted in Table5, it is assumedthat in both
approacheseachword is veri�ed by asecondhumanveri�er.

Table5: Assumptions:approximateeffort requiredper task

Agent Activity Approximate
effort

Manual
transcriber

Transcribethe pronuncia-
tion for agivenword

90s

Manual
veri�er

Verify andpossiblycorrect
a transcribedword

60s

Bootstrap
veri�er

Listen to andverify a cor-
rectlypredictedword

15s

Bootstrap
veri�er

Listen to and correctly
sound an incorrectly pre-
dictedword

30s

The relative bene�t of bootstrappingincreasesfor larger
pronunciationdictionaries. For a 10,000word dictionary, the
bootstrappingapproachrequires23% of theeffort of theman-
ualapproach(98hours,comparedto 417).

5. Conclusion
A bootstrappingapproachto the generationof languagere-
sourcesholds much promisefor the accelerateddevelopment
of HumanLanguageTechnologies,especiallyin the develop-
ing world. We have demonstratedthat suchan approachcan
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Figure5: Effort required: ManualvsBootstrapped

signi�cantly reducetheamountof effort requiredto develop a
pronunciationdictionary.

Our processis demonstratedusingan existing pronuncia-
tion dictionary. We arecurrentlyevaluatingthis sameprocess
on thedevelopmentof a new pronunciationdictionary(for lan-
guageswheresucha resourceis not available).This will allow
us to measurethe performanceof thesetechniquesin a realis-
tic context; andto developcredibleestimatesfor theamountof
effort requiredto producepronunciationdictionariesfor all the
languagesof SouthAfrica.
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