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ABSTRACT

With thedistribution of speechproductsall over theworld,
theportability to new target languagesbecomesa practical
concern. As a consequenceour researchfocuseson rapid
transferof LVCSR systemsto other languages.In former
studieswe evaluatedthe performanceif limited adaptation
datais available.Particularlyfor verytimeconstrainedtasks
andminority languages,it is evenreasonablethatno train-
ing datais availableat all. In this paperwe examinewhat
performancecanbe expectedin this scenario.All experi-
mentsarerunin theframeworkof theGlobalPhone project
which investigatesLVCSRsystemsin 15 languages.

1. INTRODUCTION

The extensionof LVCSR systemsto new target languages
requireslargeamountsof transcribedaudiodatafor training
accurateacousticmodels.For severalreasonsit is oftennot
possibleto provide muchdataandespeciallyin time con-
strainedtasksor for minority languagesit might even be-
comerealisticthatnotrainingdatais availableatall. To ac-
commodatepotentialvariationsin theamountof dataavail-
ablefor thetargetlanguage,we addressthreeissues:1) the
bootstrapping approach wherethe key ideais to initialize
the acousticmodelsof the target languagerecognizerwith
seedmodelsdevelopedfor other languages[4, 8]. After
this initialization, the resultingmodelsare completelyre-
built usinglargeamountsof targetlanguagetrainingdata.2)
The language adaptation technique wherean existing rec-
ognizeris adaptedto thetargetlanguageusingvery limited
data[8, 3], and3) cross-language transfer which refersto
thetechniqueof usingarecognitionsystemto decodeanew
languagewithout having ever seenany trainingdataof the
languagein question[1, 2].

In formerstudiesweappliedacousticmodelsfrom four
languagesto bootstrapChinese,Croatian,andTurkish [5].
We demonstratedtheusefulnessof a universallanguagein-
dependentmodel inventory for the adaptationto German
[6], andrecentlyintroducedamethodfor multilingualpoly-
phonetree specializationusingPortugueseas an example
[7]. In this paperwe extend our work in two directions:
firstly we explore a new language,Swedish;secondlywe
investigatewhatperformancecanbeexpectedif no training

datais available. We apply languagedependentandinde-
pendentmodelsasseedmodels,andexaminewhethercon-
text dependentmodelsarehelpful. Furthermore,we com-
paredifferent approachesto find an appropriatemapping
from theuniversalto theSwedishphonemeset.

2. THE GLOBALPHONE FRAMEWORK

The following experimentsare carriedout using recogni-
tion enginesdevelopedin theGlobalPhone project[6, 7].
We appliedmonolingualsystemsfrom Chinese,Croatian,
German,French,Japanese,SpanishandTurkish,aswell as
a multilingual phonemerecognizer. Swedishis treatedas
thetargetlanguage,which doesnot imply thatwe consider
Swedishto beaminority language.WechoseSwedishsince
it is sofarnotstudiedheavily in thespeechcommunityand
not studiedin our group, which ensuresthat the acoustic
modelsarenot contaminatedby Swedishdata.

Wefocusoncross-languageeffectsconcerningtheacous-
tic modelsandassumethata pronunciationdictionaryand
a languagemodelaregiven. However, we areawareof the
fact that the latterarecritical issuesfor speechrecognition
in new languages.All Swedishresourcesusedin the ex-
perimentsaregeneratedfrom scratch.The dictionarywas
createdby a letter-to-soundapproach,usingabout250pro-
nunciationrules.Speechandtext databasesarecollectedin
GlobalPhone styleusingthe“Göteborgs-Posten”newspa-
per(http://www.gp.se).Thecorporafor generatingthelan-
guagemodelcontainsonly 150kwords,leadingto atrigram
perplexity of 1029givena 24k vocabulary. For testingwe
used200utterancesspokenby 10 nativeSwedishspeakers.

3. LANGUAGE DEPENDENT SEED MODELS

In the following experimentswe investigatethe usefulness
of language dependent acousticmodels,i.e. modelswhich
aresolelytrainedonasinglelanguage.Weexaminethecor-
relationbetweenlanguagecharacteristicsandcross-language
transferperformance,andevaluatewhethercontext model-
ing leadsto improvements. To expressthe Swedishpro-
nunciationdictionaryin termsof themonolingualphoneme
sets,we applieda heuristicmappingapproach[6] basedon
theInternationalPhoneticAssociationalphabet(IPA).



context-Language
independent dependent �

Chinese(CH) 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%
Japanese(JA) 33.8 76.0 74.1 2.5%
Spanish(SP) 43.5 69.6 67.1 3.6%
Turkish(TU) 44.1 59.9 59.9 0%�����	��
�������

67.8 67.0 1.2%

Table 1. Cross-languagetransferto Swedish[PERin %]

3.1. Language Differences

Table1 showstheperformanceresultsof decodingSwedish
utterancesby seven monolingualrecognizerswithout any
prior trainingor adaptation.Sincewearefocusingbasically
on phoneticmismatches,and to counterbalancethe effect
of theweaklanguagemodelwe giveall resultsin phoneme
error rates. For the cross-languageexperimentsthe error
ratesarecalculatedwithin word boundaries,meaningthat
a word-baseddictionaryis usedto guidethe decoder. The
third columnin Table1 givesa relative differenceof up to
22%betweenthelanguages,rangingfrom 59%for Croatian
to 76%errorratefor Japanese.Fromthis we concludethat
the knowledgeaboutthe best-matchedlanguageis crucial
for cross-languagetransfer.

However, we could not derive a reliablepredictorfor
a suitabletransferlanguagefrom our results.Column2 of
Table 1 gives the baselineerror ratesof the monolingual
phonemerecognizerson the training language(recognizer
withoutany languagemodelconstraints).Thesebaselineer-
ror ratesdonotcorrelateto thecross-languageperformance.
Furthermore,no relationbetweenthe languagefamily and
cross-languageperformancecouldbefound.Germanasthe
closestfamily memberachievesbetterresultsthantheother
Indo-Europeanlanguages,however thebestperformanceis
achievedby CroatianandTurkish,which arenot relatedto
Swedish.Theassumptionthatphonemecoverage[7] serves
asanindicatordoesnotholdeither. WefoundthatGerman,
Japanese,andFrenchcontributethemostto coverSwedish
monophonesand triphones,but this is not reflectedin the
cross-languagetransferperformance. A relation between
thecompactnessof thephonemesetandcross-languageper-
formanceis counter-provedby thegoodresultsof German
whichhasa largephonemesetandthepoorresultsof Japa-
nesewhich hasthethird-mostcompactphonemeset.

3.2. Modeling Context

For the monolingualcaseit is well known that context de-
pendentmodelingimprovesthe performancesignificantly.
We investigatewhetherthis holdsfor cross-languagetrans-
fer aswell. Table1 shows the performancefor the seven
speechrecognizerapplyingcontext dependentmodels.Com-

paredto context independentmodelson averageonly 1.2%
relative improvementcould be achieved. In our opinion,
themainreasonfor thelittle improvementsresultsfrom the
poorcontext overlapacrossdifferentlanguages.Therefore,
thepotentialgainby thefinergranularityandmoreaccurate
modelingis counteractedsincethemodelsdo not fit to the
new language.IndeedGermanandJapaneseshow slightly
higher gainswhich correlateswith the observed triphone
coverage. From theseresultswe concludethat significant
gainscanonly beexpectedafter theadaptationof thecon-
text dependentmodelsto thenew targetlanguage.Recently,
we introducedthePolyphoneDecisionTreeSpecialization
method(PDTS)to overcomethis problem[7] andachieved
significantimprovements.
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Fig. 1. Bootstrappingapproachto Swedish[PERin %]

3.3. Bootstrapping

Figure1 comparescross-languagetransferto thebootstrap-
ping approachassumingthat a Swedishtraining database
of about17 hoursspoken speechis available. After the
cross-languageinitialization step the acousticmodelsare
trainedon theseSwedishdataby runningtwo bootstrapcy-
cles,eachcalculatinga new LinearDiscriminantAnalysis,
estimatingnew GaussianmixturesthroughK-meansclus-
teringandperforming4 iterationof Viterbi training(see[5]
for details).Theresultsshow an initial error rangeof 22%
relativeaftertheinitializationstep.Thelargedifferencebe-
tween the languagesreducessignificantly to 5% and 6%
respectively but doesnot level off completely. This result
leadsto two implication. First, asexpectedthe choicefor
suitableseedmodelsis morecrucial in the cross-language
thanin thebootstrapscenario.Second,evenin thebootstrap
approachtheright choicemakesa differenceof at least5%
relative,which is 2.4percentagepointsin our experiments.



4. LANGUAGE INDEPENDENT SEED MODELS

In this sectionwe describeexperimentson languageinde-
pendentphonemesasseedmodelsandcomparethe results
to thelanguagedependentcase.Languageindependentmod-
els areobtainedby sharingtraining dataacrosslanguages
wheneversoundsof theselanguagesarerepresentedby the
sameIPA symbol(see[6] for details).

In the languageindependentcasewe have a varietyof
acousticmodelsto choosefrom asseedmodels.Theprevi-
ousresultsimply thatchoosingtheappropriateseedmodels
leadsto significantperformanceimprovements.Therefore,
thedefinitionof anappropriatemappingbecomesanimpor-
tantissue.Oncesuchamappingis defined,it canbeapplied
for bootstrapping:find suitableseedmodels,for adaptation:
sharedataacrosslanguages,andfor cross-languagetrans-
fer: convertpronunciationdictionaries.

4.1. Phoneme Mapping

In the following experimentswe comparea heuristicwith
two data-drivenapproachesto determinethemappingfrom
languageindependentmodelsto Swedishtargetmodels.

Knowledge-based Phoneme Mapping
Assumingthat no training data in the target languageis
available,weappliedapriori knowledgeto find anappropri-
atemapping.A humanexpertdefinedthis mappingaccord-
ing to the IPA schemeby picking the closestIPA counter-
partof theSwedishtargetphonemeamongall languagein-
dependentphonemes.Thefirst columnof Table2 givesthe
Swedishtargetphonemein IPA convention.Thesecondcol-
umn “IPA-Map” presentsthe resultingheuristicphoneme
mapping.Outof theseven-lingualphonemeset39of all 48
Swedishphonemescanbereplacedwith theexactmatching
IPA counterpart.The remainingnine phonemeswhich are
markedby “(-)” arereplacedby theclosestpossiblematch.

Data-driven Phoneme Mapping
When training data becomesavailable, a data-driven ap-
proachis an option. If phonetictranscriptionareprovided
by humanexpertsor automaticallyderived from phoneme
recognizeralignmentsevenasupervisedmethodis possible.
In our experimentswe assumethat500spokenSwedishut-
terances(about1 hourspeech)andViterbi-alignmentsfrom
a Swedishphonemerecognizeraregiven. We decodethe
sameutterancesusinga seven-lingualphonemerecognizer
andcalculatedaconfusionmatrixbetweenreferenced(Swe-
dish)andhypothesized(languageindependent)phonememod-
els. The confusionsare computedby a frame-wisecom-
parisonof the alignments,normalizedby the summedfre-
quency of the hypothesizedphoneme.The mappingfor a
Swedishtargetphonemeis derivedby picking thehypothe-
sizedphonemewhichleadsto thehighestnormalizedconfu-
sionscore.Theresultsaregivenin column3 “Phone-Map”
in Table2.

Additionally, we extend the phone-basedmappingto
thesub-phonelevel to improve thepotentialof finding bet-
terseedmodelsfor thelargeSwedishphoneticinventory. To
doso,theconfusionmatrixwascalculatedonthesub-phone
insteadof thephonesequencelevel. Theresultsareshown
in column4 of Table2 indicatedby “Subphone-Map”.

Subphone-MapTarget IPA-Map Phone-Map
-b -m -e

p p p p-b p-m p-e
b b b b-b b-m b-e
t t t t-b t-m t-e
d d d d-b d-m d-e�

t (-) t t-b t-m t-e�
d (-) d b-b d-m d-e

k k k k-b k-m k-e
g g g g-b g-m g-e
m m m m-b m-m m-e
n n n n-b n-m n-e� n (-) n n-b n-m n-e� � � ei-e � -m � -e
r r r r-b r-m r-e
f f f f-b f-m f-e
v v v v-b v-m v-e
s s s s-b s-m s-e� � � �

-b
�
-m k-e�s �s �

s-b
�
-m

�
-e

ç ç x � -b � -m x-e
h h h h-b h-m h-e
j j j � -b j-m j-e
l l l l-b l-m l-e�

l (-) l l-b l-m l-e
ks x (-) s ts-b s-m s-e
i i e i:-b i:-m e-e
i: i: i � -b i:-m i-e
y y e: e:-b e:-m i-e
y: y: e: uei-m e:-m e:-e� : u (-) ø: ø:-m � -m � -m
u u  ! -b  -b  -m
u: u: u u-b  -m ’u-e
e e e: e:-m e:-m e-e
e: e: e e:-b e:-m e-e
ø ø œ œ-e œ-m œ-e
ø: ø: œ ! -m œ-m œ-e" " e i:-e uei-m e-e# " (-) ! y-m ! -m ! -e
o: o: o: o:-b o:-m o:-e$ $ e e-b e-m e-e$ : $ : e e-b $ -m ’e-e
œ œ % % -b % -m % -e
œ: œ(-) eu eu-b eu-b eu-m! ! o: o:-b o:-m o:-e
æ æ e e-b e-m ai-m
æ: æ(-) ’a œ-b % -m ’a-b
a a & a:-b a:-m ’a-m
a: a: a: œ-m iao-m au-m& : & & a:-b a:-m ’a-e

Table 2. Swedishphonememapping

Comparison
Thecomparisonof theresultingmappingsin Table2 shows
thatSwedishconsonantsaremappedveryconsistently. How-
ever, in the group of vowels we found significant differ-
ences.The analysisof the confusionmatrix confirmsthis



finding; theconfusionsbetweena referenceconsonantand
its mostfrequentcounterpartwasalwaysto anorderof 10
higherthanbetweenreferenceandnumbertworankedcoun-
terpart,whereasfor vowelstheN-bestconfusioncandidates
areclosetogether. Thisimpliesthatconsonantsarelesscon-
fusableacrosslanguagesthanvowels.Onereasonmightbe
thatvowelsaremoreproneto coarticulatoryvariation.

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 39.5

Table 3. Comparisonof mappingapproaches[PERin %]

Table3 comparesthe error ratesof the threemapping
approachesfor cross-languagetransfer(CL) andbootstrap-
ping. It shows that thedata-drivenapproachleadsto better
performance.In cross-languagetransfertheheuristicmap-
pingis outperformedby thephone-basedmappingby 7.4%,
and by the sub-phone-basedmappingby 6%. After the
first bootstrappingcycle thedifferencedropsdown to 3.6%
(Boot-1) andafter the secondcycle further down to 1.7%
(Boot-2). While the phone-basedmappingachievesbetter
resultsin cross-languagetransfer, thesub-phonebasedone
is betterin thebootstrapapproach.

4.2. Language Dependent vs Independent Models

Finally, we comparethemultilingual recognizerconsisting
of languageindependentmodelstrainedacrossseven lan-
guagesto thebest-matched( ' ��(*)+����,

Croatian)andtheav-
erage(

�-���*��
�.�	�/�
) of thesevenmonolingualengines.Since

we sharethe dataof seven languagesto train the language
independentmodels,moredatais availableto estimatethe
model parameters.Consideringthis fact we can apply a
highernumberof Gaussiansfor theacousticmodels.In the
previous experimentswe usedthe samenumberof Gaus-
siansfor thelanguagedependentandtheindependentmod-
els. In the following experimentwe useseven timesmore
Gaussiansfor the languageindependentthan for the lan-
guagedependentmodels.Table4 comparestheresultsof a
multilingual phonemerecognizerusing128 Gaussiansper
model (Phone-map02143 ) with a systemusing16 Gaussians
(Phone-map).For cross-languagetransferthis leadsto a
3.6%performanceimprovement.For thebootstrappingap-
proachwe gain 13.6%improvements,however this is ob-
viously a resultof the highernumberof Gaussiansallow-
ing a finer granularityof the acousticmodelsconcerning
theSwedishtrainingdata.

5. CONCLUSION

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

AcousticModels:Language CL Boot-1 Boot-2

Dependent: ' ��(*)+���
59.0 41.5 38.8�����	��
�������
67.8 44.5 40.2

Independent: Phone-Map 60.9 43.8 39.7
Phone-Map02143 58.7 36.6 34.3

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

new targetlanguage.Theresultsin thelanguagedependent
caseimply thatprior knowledgeaboutthebestsuitablelan-
guagemakesasignificantdifference,sincetheperformance
variationis veryhighgiving a22%range.Ontheotherhand
if we uselanguageindependentmodelsfor cross-language
transfer, prior knowledgebecomesobsolete. We also ex-
amineddifferentphonememappingapproachesandshowed
that the languageindependentmodelsoutperformeventhe
best-matchedlanguagedependentmodelswhenadata-driven
phonememappingis applied.
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