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Abstract

This paperdescribes methodfor improving theef ciency
of the languageresourcedevelopmentprocessthrough boot-
strapping:iteratively combiningmachinelearningandhuman
knowledge in a way that minimisesthe humanintervention
requiredduring the process. Applied to the developmentof
a 10,000-vord pronunciationdictionary it is shavn that the
amountof humaneffort canbe decreasedo lessthana quar
ter of the effort typically requiredfor the manualdevelopment
of apronunciatiordictionary without sacri cing accurag.

1. Intr oduction

Marny speectprocessin@ndnaturallanguageprocessindgasks
requirethe availability of extensve languageresources:pro-
nunciationdictionariesJarge annotatedext corpora,annotated
speechcorporaor paralleltext corpora. The developmentof
theseresourcesnvolves signi cant effort, and can be a pro-
hibitively expensve taskwhen speechandlanguagetechnolo-
giesaredevelopedfor anew language.

Techniquesthat allow resourcesto be developed more
quickly and cost-efectively include the cross-languagee-use
of information and bootstrappingapproaches. For example,
whenacoustionodelsaredevelopedfor a new targetlanguage,
anautomaticspeechrecognitionsystemcanbe initialised with
modelsfrom anacousticallysimilar sourcelanguageandthese
initial modelsimproved throughan iterative processn which
audio datain the tamget languageis automaticallysegmented
and usedto retrain the models. The potentialsavings in ef-
fort achieved throughsucha procesds aptly demonstratedby
Schultz[1].

Bootstrappingapproachesre applicableto various lan-
guageresourcedevelopmenttasks, speci cally where an au-
tomatedmechanismcan be de ned to corvert betweenvari-
ous representationsf the dataconsidered. In the above ex-
ample,two representationare utilised: annotatedaudio data
and acousticmodels,and the mechanismgo mave from one
representatioto the other arewell de ned throughthe phone-
alignmentandacoustianodellingtasksrespectiely.

We apply this generalapproachto the task of creatinga
pronunciationdictionary using word/pronunciatiorpairs and
grapheme-to-phonem@2P) rules as alternatve representa-
tionsof thesamenformation.In ourapproactwe focuson sim-
plifying andminimisingthehumaninterventionrequiredduring
thebootstrappingprocess.

The remainderof the paperis organisedas follows: Sec-
tion 2 providesbackgroundn the grapheme-to-phonene®n-
version problem. Section3 describesour bootstrappingap-
proachto the creationof pronunciationdictionariesutilising
G2PrulesasanintermediateepresentationSectiord provides
anoverviewn of experimentakesults.
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2. Grapheme-to-phonemecornversion

An accuratemodel for letterto-soundcorversionis required
for variousspeectprocessindasks,including speectsynthesis
and large vocahlulary speechrecognition. Typically modelled
throughexplicit pronunciatiordictionariestherelationshipcan
alsobe describedusingvariousletterto-soundformalisms,in-

cludingexplicit grapheme-to-phonenmappingrules[2], neu-
ral networks [3], decisiontrees[4] and instance-basetkarn-
ing [5]. A letterto-soundcorversionmechanismis valuable,
not only in the absenceof pronunciationdictionariesbut also
to accommodatspeechtechnologyon small devices(with as-
sociatednemoryconstraintspr to dealwith out-of-vocatlulary
wordsin speectsynthesis.

The resultswhenapplyingappropriateversionsof the dif-
ferentformalismsmentionedabore arecomparablewith slight
variationsin performanceunder speci ¢ conditions. For ex-
ample,neuralnetworks provide strongergeneralisatiorability
thandecisiontrees,and performmore consistentlyacrosamis-
matchedestsetswhile decisiorntreestypically outperfornrneu-
ral networks wheretraining andtestdataare closelymatched.
[6]. Kohonens Dynamically ExpandingContext (DEC), ini-
tially appliedby Torkkola to the G2Pproblem([7], is a popular
instance-basebbarningalgorithmthat predictsphonemereal-
isationbasedsolely on graphemecontet. Variationsof DEC
typically performaswell, or better than similar decisiontree
approaches.

Grapheme-to-phonenmnversionmechanismsan either
be de ned on a pergraphemeevel, or for a combined chunk’
of graphemesin the rst caseit is typically necessaryo align
eachgraphemeo a speci ¢ phonemeprior to rule extraction.
This canbe donemanually or througha forced Viterbi align-
ment, insertinggraphemicor phonemicnulls as required[4].
(Seesection3.3.)

2.1. DEC

The bootstrappingsystemdescribedin this paper utilises a
variation of DEC asits rule extraction mechanism.In DEC,
eachrule speci es a mappingof a single graphemeto a sin-
gle phonemefor a given left and right graphemiccontet, i.e
is of the form: (graphemecontt) ! phoneme Eachword
in the training dictionaryis alignedwith its pronunciationon
a pergraphemebasis,asillustratedin Table1. Rulesare ex-
tractedby nding the smallestcontet that providesa unique
mappingof graphemeo phoneme.If ann letter contet is
not sufcient, the context is expandedo eithertheright or the
left. This “speci city order' in uencesthe performanceof the
algorithm. Differentorderingsareillustratedin Table2 asap-
plied to grapheme's' in the word “interesting. Context 1 is
expandedsymmetricallyon a right-grapheme- rstbasis,con-
text 2 is expandedsymmetricallyon aleft-grapheme- rstasis,



andcontet 3 favourstheright context ona2:1 basis.

Tablel: Word alignmentandrule extractionin DEC

Alignmentexamples| rose! rOz0
rows! rO0z
root! ruOt

oincontxt-o! u
oincontt-se! O
oincontxto-! 0

Ruleexamples

Table2: Differentexamplesof context expansionorderin DEC

size | context 1 | context 2 | contet 3
0 S S S
1 st es st
2 est est sti
3 esti rest esti
4 resti erest estin
3. Approach

In this sectionwe describeour approacho the developmeniof
a pronunciationdictionary both at the procesdevel and with
regardto thespeci c algorithmsutilised.

3.1. Process:User perspective

The systemis developedto allow a spealer uent in thetamget
languageo develop a pronunciationdictionarywithout requir
ing expertlinguistic knowledge. The systempredictsa pronun-
ciation and presentghe humanwith an audio versionof the
word: thehumanactsasa "veri er' andprovidesaverdictwith
regardto the accurag of the pronunciation(correct,wrong, or
uncertain).If theword is wrong,theveri er caneitherprovide
thecorrectpronunciatioror ag thephoneshatareconsidered
wrong. Thisprocesss repeatedwith increasinglyaccuratere-
dictions) until a pronunciationdictionary of sufcient sizeis
obtained.

Figurel: Correctingthe predictedpronuncations

The dictionary correctiontask as presentedo the veri er

Figure2: Genenrl bootstappingsystentoncept

is shown in Figurel. This is onetaskwithin an experimental
ervironmentthatallows a userto manipulateandgeneratehe
variousresourcesnvolved (the rule set,word list and pronun-
ciationdictionary)asrequired.Perexperiment the systemogs
the history of all activities andarchiesthe intermediarydata
resourcesor furtheranalysis.

3.2. Process:Systemperspectie

The general bootstrappingsystem conceptis illustrated in
Figure 2. Extractedrules are usedto generateadditional
word/pronunciatiorpairs,whichin turn areusedto extractbet-
ter rules. Errorsare agged wheninformationis presentedo
the veri er asa list of word/pronunciatiorpairs. The system
is initialisedwith aninitial smallrule setor a smalltranscribed
wordlist. If neitheris available, the systemwill predictran-
dom pronunciationswhich, whencorrectedform the basisfor
furtherbootstrappingCurrentlyall veri cation is doneby a hu-
manveri er, but data-drven approache$o erroridenti cation
canbeincludedin the generalsystem,if additionaldata(such
asacoustidnformationin this example)becomesvailable.
Theoverall procesonsistof thefollowing steps:

Thesystemanalysedts currentunderstandingf thetask
(numberand type of pronunciationsfrom the overall
word list thatarecorrectwronganduncertainandgen-
eratesanoptimallist of wordsto be consideredhext.

For eachof thewordsontheaborve list, the sytemgener
atesa new pronunciatiorusingits currentG2Pruleset.

Thesystencreates "soundedVversionof eachword us-
ing the predictedpronunciatiorandstandardPA sound
samplesandrecordsheveri er' sresponse.

Basednthestatusof eachof thewordsin thenewly ver
i ed word/pronunciatiorist, the systemextractsa new
G2Pruleset.

The processs repeatedintil a sufcient numberof cor
rectwordsareobtained.



3.3. Extracting and applying G2P rules

In orderto extract G2Prules,wordsandpronunciationsre rst
alignedusingiterative forcedViterbi alignment.Phoneticnulls
areinsertedwhererequired(thatis, wherea singlephonemes
producedrom morethanonegrapheme)Graphemiaulls are
not used,but graphemicexceptionsthat canmapto morethat
onephonemgsuchasx ! k s)arereplacedwith two pseudo-
graphemegasin [8]). Theinitial probabilitiesfor Viterbi align-
ment are obtainedfrom words and pronunciationsthat have
equallength.

DEC is usedto extract rules of the form (left contet,
graphemeright contet) ! phoneme Two variationson tra-
ditional DEC areimplemented:

Usingaslidingwindow at eachcontext-level, and
Remawing redundantules.

DEC, asappliedby Torkkola [7] expandsthe context one
letter at a time, eitherfavouring the right- or left-handside ex-
plicitly. We usea sliding window that rst considersall possi-
ble contets of sizen, beforecontinuingto considercontexts of
sizen+1, whichpreventsruleswith unnecessarillargecontexts
from being extracted. In contrastto the DEC context expan-
sionof Table2, aslidingwindow appliedto graphemes' in the
word “interesting'wouldresultin thecontext orderingindicated
in Table3.

Sincemultiple rulesof the samecontext sizemayapplyto a
singlegrapheme-to-phonenrteapping(suchasres,ti! sand
erest! 9), contets thatarealreadysened by existing rules
areremoved to prevent over-specialisation. Becauseall con-
texts of eachsize are consideredthe orderin which contets
areexpandedfor a speci ¢ context-level) becomedesssignif-
icantthanin standardDEC. In all experiments,a symmetric
right- rst expansionschemas used(asalsoin Table3).

Table3: Contet expansionorder in shiftedDEC

order | size | contet || 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

Generatin@new pronunciatioris asimpleprocedureeach
graphemén thewordis consideredn turn,andtherule describ-
ing thelargestmatchingcontext is usedto predictthe phoneme
to begenerated.

3.4. Choosingan optimal word list

An aim of our systemis to minimise the numberof words a
userneeddo correct. To achieve this, the systemgrows its un-
derstandingf pronunciations-in-conit systematicallyensur
ing thatit achiezes certaintyon asmary contets of sizen as
possible beforecontinuingto a contet of sizen+1. For each
iteration,it chooses minimal setof wordsthatcoversasmary
of the contexts in questionaspossible.The contet orderingis
chosento be similar to the one utilised in the G2P extraction
mechanism.

4. Experimental results

Theapproachhasheenveri ed in anexperimentakrnvironment
usinganexisting pronunciatiordictionary Thedictionaryacts

asthe veri er, in orderto obtainan accuratendicationof the
processtself, unin uencedby humanerror The pronunciation
dictionaryusedis a hand-craftedlictionaryof Germanwords,
and consistsof 22,000words and their pronunciations sepa-
ratedinto a 20,000word trainingand2,000word testset. Re-
sultsreportedareall basedn thefull testset.

4.1. G2P accuracy

First,theaccurag of the G2Prule extractionmechanisnis con-
sidered.n all experimentghesizeof themaxiumumcontext al-

lowedwhenextractingrulesis notrestrictedandthesameword
training orderis used. If DEC is not allowed to grow a con-
text beyond word boundariesand con icting rulesareignored
(DEC-con ict) the performanceof the algorithmdecreasefor

largertraining corporaespeciallyif rulesregardingthe context

surroundingagraphemesarlyor latein aword areimportant.in

orderto remavethis effect, theversionof DEC (DEC-grow) that
wasimplementedallows a context to grow towardsthe oposite
sideif a word boundaryis encountered.The shifted window

versionof DEC (DEC-wir) outperforms$ this versionof DEC
(DEC-gow) consistentlyasillustratedin Figures3 and4.
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Figure3: Word-level accuiacy: differentDEC variations
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Figure4: Grapheme-leel accuacy: differentDEC variations

Whenredundantulesareremoved (DEC-win-op} perfor
manceis similiar to DEC-win but fewer rules are requiredto
achieve the sameaccurag. An analysisof the extractedrules
is shavn in Table4. The numberof rules of eachsize (the

1Word-level accurag measureshe numberof wordsthatarecom-
pletelycorrectwhile grapheme-leel accurag is measure@sthe num-
berof correctgraphemenappingsninusdeletionsdivided by thetotal
numberof graphemesested.



sizeof the context thatspeci estherule) is given, asextracted
from differentsizedtraining dictionaries,usingDEC-win For
the 10,000-vord dictionary the size of the rulesetobtainedvia
DEC-winandDEC-win-optis compared.

Table4: Numberandsizeof rules: DEC-win
[Dictsize: | 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-effectveness

The amountof time requiredfor the varioustasksdependsn
the skills and motivation of the transcriberandveri er. In Ta-
ble 5 we list rough estimatedor relevant times, basedon ob-
senationsin our laboratory Theseestimatescan be usedto
predictthe effectivenesof the proposedapproactcomparedo
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 assumptiondisted in Table5, it is assumedhatin both
approachesachword is veri ed by a seconchumanveri er.

Table5: Assumptionsappoximateeffort required per task

Agent Activity Approximate
effort
Manual Transcribethe pronuncia-| 90s

transcriber | tion for agivenword

Manual Verify andpossiblycorrect | 60s

veri er atranscribedvord

Bootstrap Listento andverify acor | 15s

veri er rectly predictedword

Bootstrap Listen to and correctly | 30s

veri er sound an incorrectly pre-
dictedword

The relative bene t of bootstrappingncreasedor larger
pronunciationdictionaries. For a 10,000word dictionary the
bootstrappingpproactrequires23% of the effort of the man-
ual approach(98 hours,comparedo 417).

5. Conclusion

A bootstrappingapproachto the generationof languagere-
sourcesholds much promisefor the acceleratedievelopment
of HumanLanguageTechnologiesgspeciallyin the develop-
ing world. We have demonstratedhat suchan approachcan
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Figureb: Effort required: Manualvs Bootstapped

signi cantly reducethe amountof effort requiredto developa
pronunciatiordictionary

Our processs demonstratedising an existing pronuncia-
tion dictionary We are currently evaluatingthis sameprocess
onthe developmeniof a new pronunciatiordictionary(for lan-
guageswvheresucharesourceas not available). This will allow
usto measurehe performanceof thesetechniquesn arealis-
tic context; andto develop credibleestimatedor the amountof
effort requiredto producepronunciatiordictionariesfor all the
language®f SouthAfrica.
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