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ABSTRACT

With thedistribution of speectproductsall overtheworld,

the portability to new targetlanguagedecomes practical
concern. As a consequenceur researctfocuseson rapid

transferof LVCSR systemdo otherlanguages.In former

studieswe evaluatedthe performancef limited adaptation
datais available.Particularlyfor verytime constrainedasks
andminority languagesit is evenreasonabl¢hatno train-

ing datais availableatall. In this paperwe examinewhat
performancecan be expectedin this scenario. All experi-

mentsarerunin theframework of theGlobalPhone project
whichinvestigates VCSR systemsn 15 languages.

1. INTRODUCTION

The extensionof LVCSR systemdo new targetlanguages
requiredargeamountf transcribedaudiodatafor training
accurateacoustiomodels.For severalreasonst is oftennot
possibleto provide muchdataand especiallyin time con-
strainedtasksor for minority languagest might even be-
comerealisticthatnotraining datais availableatall. To ac-
commodateotentialvariationsin theamountof dataavail-
ablefor thetargetlanguagewe addresghreeissues:1) the
bootstrapping approach wherethe key ideais to initialize
the acousticmodelsof the targetlanguagerecognizemwith
seedmodelsdevelopedfor otherlanguaged4, 8]. After
this initialization, the resultingmodelsare completelyre-
built usinglargeamountsof targetlanguagérainingdata.2)
The language adaptation technique wherean existing rec-
ognizeris adaptedo thetargetlanguageausingvery limited
data[8, 3], and 3) cross-language transfer which refersto
thetechniqueof usingarecognitionsystento decodeanew
languagewithout having ever seenary training dataof the
languagen question1, 2].

In formerstudieswe appliedacoustionodelsfrom four
languagedo bootstrapChinese Croatian,and Turkish [5].
We demonstratethe usefulnes®f a universallanguagen-
dependenmodel inventory for the adaptationto German
[6], andrecentlyintroduceda methodfor multilingual poly-
phonetree specializationusing Portugueses an example
[7]. In this paperwe extend our work in two directions:
firstly we explore a new language Swedish;secondlywe
investigatavhatperformanceanbe expectedf notraining

datais available. We apply languagedependentindinde-
pendenimodelsasseedmodels,andexaminewhethercon-
text dependenmodelsare helpful. Furthermorewe com-
pare different approachego find an appropriatemapping
from the universalto the Swedishphonemeset.

2. THE GLOBALPHONE FRAMEWORK

The following experimentsare carried out using recogni-
tion enginesdevelopedin the GlobalPhone project[6, 7].
We appliedmonolingualsystemsfrom Chinese,Croatian,
German French,Japanesespanistand Turkish,aswell as
a multilingual phonemerecognizer Swedishis treatedas
thetargetlanguagewhich doesnotimply thatwe consider
Swedishto beaminority languageWe choseSwedistsince
it is sofar notstudiedheavily in the speectcommunityand
not studiedin our group, which ensureghat the acoustic
modelsarenot contaminatedy Swedishdata.
Wefocusoncross-languageffectsconcerningheacous-

tic modelsandassumeéhata pronunciationdictionaryand
alanguagemodelaregiven. However, we areawareof the
factthatthe latterarecritical issuesfor speectrecognition
in new languages.All Swedishresourcesisedin the ex-
perimentsare generatedrom scratch. The dictionarywas
createdby aletterto-soundapproachusingabout250 pro-
nunciationrules. Speectandtext databasearecollectedin
GlobalPhone style usingthe “Gdtebogs-Postenhewnspa-
per (http://www.gp.se).The corporafor generatinghelan-
guagemodelcontainsonly 150kwords,leadingto atrigram
perpleity of 1029givena 24k vocahulary. For testingwe
used200 utterancespokenby 10 native Swedishspealers.

3. LANGUAGE DEPENDENT SEED MODELS

In the following experimentswe investigatethe usefulness
of language dependent acousticmodels,i.e. modelswhich
aresolelytrainedonasinglelanguageWe examinethe cor-
relationbetweeranguageharacteristicandcross-language
transferperformanceandevaluatewhethercontext model-
ing leadsto improvements. To expressthe Swedishpro-
nunciationdictionaryin termsof the monolingualphoneme
sets,we applieda heuristicmappingapproacH6] basedon
theInternationalPhoneticAssociationalphabe(IPA).
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Language independent dependent A
ChinesgCH) 45.2 75.2 76.0 |[-1.0%
Croatian(KR) 36.7 59.0 58.1 1.5%
French(FR) 36.1 69.6 70.3 -0.7%
German(DE) 44.5 64.9 63.2 2.6%
JapaneséA) 33.8 76.0 74.1 2.5%
SpanishSP) 43.5 69.6 67.1 3.6%
Turkish(TU) 44.1 59.9 59.9 0%

Averagery 67.8 67.0 1.2%

Table 1. Cross-languag#&ansferto SwedisHPERin %]

3.1. Language Differences

Tablel shavstheperformanceesultsof decodingSwedish
utterancedy seven monolingualrecognizerswithout any
prior trainingor adaptationSincewe arefocusingbasically
on phoneticmismatchesand to counterbalancehe effect
of theweaklanguagenodelwe give all resultsin phoneme
error rates. For the cross-languagexperimentsthe error
ratesare calculatedwithin word boundariesmeaningthat
a word-basedlictionaryis usedto guidethe decoder The
third columnin Table 1 givesa relative differenceof up to
22%betweerthelanguages;angingfrom 59%for Croatian
to 76%errorratefor Japanesel-romthis we concludethat
the knowledgeaboutthe best-matchedanguages crucial
for cross-languageansfer

However, we could not derive a reliable predictorfor
a suitabletransferlanguagefrom our results. Column?2 of
Table 1 gives the baselineerror ratesof the monolingual
phonemerecognizeron the training languagerecognizer
withoutary languaganodelconstraints) Thesebaselineer-
ror ratesdo not correlateto thecross-languagperformance.
Furthermoreno relationbetweenthe languageamily and
cross-languagperformanceouldbefound. Germanasthe
closesfamily memberachiesesbetterresultsthanthe other
Indo-Europeamanguageshowever the bestperformanceas
achieved by Croatianand Turkish, which arenot relatedto
Swedish.Theassumptiorthatphonemecoveragg7] senes
asanindicatordoesnot hold either We foundthatGerman,
JapanesandFrenchcontribute the mostto cover Swedish
monophonesnd triphones,but this is not reflectedin the
cross-languagéransferperformance. A relation between
thecompactnessf thephonemesetandcross-languagper
formanceis counterprovedby the goodresultsof German
which hasalarge phonemesetandthe poorresultsof Japa-
nesewhich hasthethird-mostcompaciphonemeset.

3.2. Modeling Context

For the monolingualcaseit is well known that context de-
pendentmodelingimprovesthe performancesignificantly
We investigatewhetherthis holdsfor cross-languag#ans-
fer aswell. Table 1 shows the performancefor the seven
speechiecognizeapplyingcontext dependentodels.Com-

paredto context independenmodelson averageonly 1.2%

relative improvementcould be achiezed. In our opinion,

themainreasorfor thelittle improvementgesultsfrom the

poor context overlapacrosdifferentlanguagesTherefore,
the potentialgainby thefiner granularityandmoreaccurate
modelingis counteractedincethe modelsdo not fit to the

new language.lndeedGermanandJapanesshow slightly

higher gainswhich correlateswith the obsened triphone
coverage. From theseresultswe concludethat significant
gainscanonly be expectedafterthe adaptatiorof the con-

text dependentnodelsto thenew targetlanguageRecently

we introducedthe PolyphoneDecisionTree Specialization
method(PDTS)to overcomethis problem[7] andachieved

significantimprovements.
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Fig. 1. Bootstrappingapproacho SwedisHPERIn %]

3.3. Bootstrapping

Figurel comparegross-languageansferto the bootstrap-
ping approachassumingthat a Swedishtraining database
of about17 hoursspoken speechis available. After the
cross-languagénitialization stepthe acousticmodelsare
trainedon theseSwedishdataby runningtwo bootstrapcy-
cles,eachcalculatinga new Linear DiscriminantAnalysis,
estimatingnew GaussiarmixturesthroughK-meansclus-
teringandperforming4 iterationof Viterbi training (seg[5]
for details). Theresultsshowv aninitial errorrangeof 22%
relative aftertheinitialization step. Thelargedifferencebe-
tweenthe languagegeducessignificantly to 5% and 6%
respectiely but doesnot level off completely This result
leadsto two implication. First, asexpectedthe choicefor
suitableseedmodelsis more crucialin the cross-language
thanin thebootstrapscenario Secondgevenin thebootstrap
approachheright choicemalkesa differenceof atleast5%
relative, whichis 2.4 percentag@ointsin our experiments.



4. LANGUAGE INDEPENDENT SEED MODELS

In this sectionwe describeexperimentson languagende-
pendenfphonemessseedmodelsandcomparethe results
tothelanguagelependentase Languagendependentod-
els are obtainedby sharingtraining dataacrosslanguages
wheneer soundsof theselanguagesrerepresentedyy the
samelPA symbol(seeg[6] for details).

In the languageandependentasewe have a variety of
acousticmodelsto chooserom asseedmodels.The previ-
ousresultsimply thatchoosinghe appropriateseedmnodels
leadsto significantperformancemprovements.Therefore,
thedefinitionof anappropriatenappingbecomesnimpor-
tantissue.Oncesuchamappings definedjt canbeapplied
for bootstrappingfind suitableseedmodelsfor adaptation:
sharedataacrosslanguagesandfor cross-languagé&ans-
fer: corvertpronunciatiordictionaries.

4.1. Phoneme Mapping

In the following experimentswe comparea heuristicwith
two data-drvenapproacheto determinethe mappingfrom
languagendependeninodelsto Swedishtargetmodels.

Knowledge-based Phoneme Mapping

Assumingthat no training datain the target languageis
available,we appliedapriori knowledgeto find anappropri-
atemapping.A humanexpertdefinedthis mappingaccord-
ing to the IPA schemeby picking the closestiPA counter
partof the Swedishtarget phonemeamongall languagen-
dependenphonemesThefirst columnof Table2 givesthe
Swedishtargetphonemen IPA convention.Theseconctol-
umn “IPA-Map” presentghe resulting heuristicphoneme
mapping.Out of the seven-lingualphonemeset39 of all 48
Swedishphonemesanbereplacedvith theexactmatching
IPA counterpart.The remainingnine phonemeswvhich are
markedby “(-)" arereplacedy theclosestpossiblematch.

Data-driven Phoneme Mapping

When training data becomesavailable, a data-drven ap-
proachis anoption. If phonetictranscriptionare provided
by humanexpertsor automaticallyderived from phoneme
recognizealignment®venasupervisednethods possible.
In our experimentsve assumehat 500 spoken Swedishut-
terancegaboutl hourspeechpndViterbi-alignmentgrom
a Swedishphonemerecognizerare given. We decodethe
sameutterancesisinga seven-lingualphonemerecognizer
andcalculatedaconfusiomrmatrixbetweernreferencedSwe-
dish)andhypothesizedlanguagendependentphonemenod-
els. The confusionsare computedby a frame-wisecom-
parisonof the alignmentsnormalizedby the summedfre-
gueng of the hypothesizegphoneme. The mappingfor a
Swedishtargetphonemes derivedby picking the hypothe-
sizedphonemavhichleadgo thehighestiormalizedconfu-
sionscore.Theresultsaregivenin column3 “Phone-Map”
in Table2.

Additionally, we extend the phone-basednappingto
the sub-phondevel to improve the potentialof finding bet-
terseednodeldor thelargeSwedisiphonetidnventory To
doso,theconfusionmatrixwascalculatecbnthesub-phone
insteadof the phonesequencéevel. Theresultsareshovn
in column4 of Table2 indicatedby “Subphone-Map”.
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Table 2. Swedishphonemeamapping

Comparison

The comparisorof theresultingmappingsn Table2 shavs

thatSwedishconsonantaremappedrery consistently How-
ever, in the group of vowels we found significant differ-

ences. The analysisof the confusionmatrix confirmsthis



finding; the confusionsbetweena referenceconsonanand
its mostfrequentcounterparivasalwaysto anorderof 10
higherthanbetweerreferenceandnumbertwo rankedcoun-
terpart,whereador vowelsthe N-bestconfusioncandidates
areclosetogether Thisimpliesthatconsonantarelesscon-
fusableacrosdanguageshanvowels. Onereasormightbe
thatvowelsaremoreproneto coarticulatoryariation.

Mappingapproach CL Boot-1 Boot-2
Heuristic:  IPA-Map 65.8 43.9 40.2
Data-driven: Phone-Map 60.9 43.8 39.7

Subphone-Map 61.8 42.3 395

Table 3. Comparisorof mappingapproachefPERIn %]

Table 3 compareghe error ratesof the threemapping
approache$or cross-languag&ansfer(CL) andbootstrap-
ping. It shaws thatthe data-drvenapproacHeadsto better
performanceln cross-languag#&ansferthe heuristicmap-
pingis outperformedy thephone-basethappingby 7.4%,
and by the sub-phone-basethappingby 6%. After the
first bootstrappingycle the differencedropsdown to 3.6%
(Boot-1) and after the secondcycle further down to 1.7%
(Boot-2). While the phone-basedhappingachievesbetter
resultsin cross-languageransfer the sub-phonérasedone
is betterin the bootstrapapproach.

4.2. Language Dependent vsIndependent M odels

Finally, we comparethe multilingual recognizerconsisting
of languageindependentnodelstrainedacrossseven lan-
guagedo thebest-matche@Best; =Croatianjandtheav-
eragg(Averager,7) of thesevenmonolinguakngines Since
we sharethe dataof sevenlanguagedo train the language
independenimodels,more datais availableto estimatethe
model parameters. Consideringthis fact we can apply a
highernumberof Gaussianor theacousticnodels.In the
previous experimentswe usedthe samenumberof Gaus-
siansfor thelanguagedependenandtheindependentnod-
els. In the following experimentwe useseventimesmore
Gaussiandor the languageindependenthan for the lan-
guagedependenmodels.Table4 compareghe resultsof a
multilingual phonemerecognizerusing 128 Gaussianper
model (Phone-mapg) with a systemusing 16 Gaussians
(Phone-map). For cross-languagéransferthis leadsto a
3.6%performancemprovement.For the bootstrappingp-
proachwe gain 13.6%improvements however this is ob-
viously a resultof the highernumberof Gaussiansllow-
ing a finer granularity of the acousticmodelsconcerning
the Swedishtrainingdata.

5. CONCLUSION

In this paperwe investigatedvhat performancecanbe ex-
pectedif no datais availableto train acousticmodelsof a

AcousticModels:Language|| CL  Boot-1 Boot-2

Dependent: Bestrr 59.0 415 38.8
Averager; 67.8 445 40.2

Independent: Phone-Map || 60.9 43.8  39.7
Phone-Mapss || 58.7 36.6  34.3

Table 4. Languagelep.versusindep.models[PERin %]

new targetlanguage Theresultsin thelanguagedependent
caseimply thatprior knowledgeaboutthe bestsuitablelan-
guagemakesasignificantdifference sincethe performance
variationis veryhighgiving a22%range.Ontheotherhand
if we uselanguagendependentodelsfor cross-language
transfer prior knowledgebecomesbsolete. We also ex-
amineddifferentphonemenappingapproacheandshaved
thatthe languagdandependentmodelsoutperformeventhe
best-matchethnguagelependentnodelsvhenadata-drven
phonemenappingis applied.
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