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ABSTRACT

In this work we discuss the development of two crosslingealua-
tic model sets for automatic speech recognition (ASR). Ttaet-s
ing point is a set of multilingual Spanish-English-Germadden
Markov models (HMMs). The target languages are Sloveniah an

French. During the discussion the problem of defining a fingtial With few exceptions, [1], recent work on crosslingual atmusiod-
phoneme set and the associated dictionary mappmg is aypdidA elllng assumes the aVallablllty of a certain, thOUgh limjtamount
method is described to circumvent related problems. Theampf ©f speech material in the target language. Under the additiore-
the acoustic source models on the performance of the taygeetras sumption that speech material and some well formed acaustitels
is analyzed in detail. Several crosslingual defined targstesns are Of one or more source languages are available, three masanes

are used, also reflecting the idea of a medium scale, or eveaddad
application.

2. BASIC CONCEPTS

built and compared to their monolingual counterparts. shigwn that
crosslingual build acoustic models clearly outperformepmonolin-
gual models if only a limited amount of target data is avddab

Index Terms— crosslingual, acoustic modelling

1. INTRODUCTION

Enterprises engaged in ASR are usually faced with the qresti
globalizing their products. This does not only concern Iigiina-
tional companies but also smaller business. Companieshvarie
operating telephone assistant systems or automobile acouérs

demand from their suppliers system components that can & u

worldwide. This may mean monolingual operability for mplé lan-
guages but also multilingual usability for multilingual rkats or ap-
plications.

As state-of-the-art ASR technology greatly relies on thailav
ability of adequate language resources, big efforts wedertaken to
construct and distribute publically available speech artidatabases.
Although these efforts were highly successful in terms otced lan-
guages and environmental conditions, companies areatidf with
the problem of unavailable training data and the inflexitdadiing
of new languages. A typical scenario is the demand to exte#dR
system to a minority language which is not yet covered bylalvkd
databases, or, a speech database in the target languaggablawbut
does not match the environmental or dialectal conditiorte®farget
application.

In this work we address the issue of porting an ASR syst
from one language to an other. We examine two target langua

Slovenian, and French, and assume that a limited amounteefchp !

material in these target languages is available. The acousidels
of a multilingual Spanish-English-German system serve staring
point. The chosen application scenario consists of a typiealium
scale task, trying to recognize a list of so-called phomditicrich
words, and application words. For the experiments, tiextume HMMs

This work was granted by the CICYT under contract TIC2006943
C03-01/TCM and contract TIN2005-08852.

lines for crosslingual modelling can be identified. They: are
e Feature compensation
e Model combination
e Model adaptation

In feature compensation the focus lies directly on the aomdsta.
The main idea is to transform speech material from a sourzpiEge
to the feature space of the target language, [2], [3]. As altréise
sparse target language speech material is augmentedehingdhe
database for the subsequent HMM training. As feature cosgiem
acts on the feature stream prior to acoustic model defingtrahtrain-
igg we name it a pre-processing technique.

The approach of model combination is quite contrary to fieatu
compensation. Instead of building dedicated acoustic leddethe
target language, acoustic models of several source lapguag cho-
sen. That is, multiple source language ASR systems are rparin
allel, each configured to recognize the target language. post
processing step the hypotheses of all systems are then wedbi
and the task is to extract the best from each outcome. Fordse p
processing ROVER [3] or discriminative model combinati&¥MC)
[4] was explored.

Model adaptation may be seen as an intermediate technitue, |
cated between feature compensation and model combinabaifa.
ferences in the acoustics between languages are seen agustiac
mismatch problem similar to the one of speaker adaptatidmis;T
instead of directly acting on the acoustic data (as in cadeatfire

e?]qmpensation), classical model adaptation techniqueapied to

ort the acoustic models of the source language to the tangiage

], [6]. In contrast to model combination, only one sourced®l set
is used. This model set might be the one of a dedicated soamee |
guage, or, preferably, a multilingual model set based oers¢gource
languages.

In addition to the acoustic mismatch, crosslingual prolslex-
hibit also a structural mismatch. Caused by the differemngme
sets and the different phonotactics of the involved langsgag lan-
guage specific definition of the acoustic model set is neetimdver-
come this problem an adaptation of the model set by so-cptééd



phone decision tree adaptation was proposed, [6].

In this work we follow the idea of model adaptation. The steyt
point is a set of multilingual Spanish-English-German leidlarkov
models with their associated decision tree.

3. SOURCE MODEL DEFINITION

can simply be picked out of a textbook. Furthermore, crogsial
model definition results much simpler. Instead of having &prthe
target phonemes to the broad phonetic classes used to wirisie
source model tree, the tree can directly be entered by théel&fires
associated to the target language phonemes. In additiefa¢hthat
common tree roots rather thamaltilingual phoneme set were used
to construct the decision tree pays off twice. First, therad need
to map the target language phonemes maulilingual phonemes set,

In crosslingual acoustic modelling, the question ariseilwbource znq a5 a corollary, no mapping of the target language diatiois
language one should chose for a specific target languageeviops  necessary. The use of common root nodes naturally restatsinect
work it was found that a language whichd®se to the target lan- assignment of source to target models.

guage tends to be a good choice. In [5], for example, Spanisied
out to be the best choice for building an Italian system. Heare

in practical situations alose language is often not available. In the

current case, Slovenian, as one of the target languagemdseto
the Slavic language group, and there are no other Slavici&ges in
the source language portfolio. In such a case it has beennstiat
a set of multilingual source models tends to outperform rlingoal

acoustic source models [6]. For this reason, we decidedtta st of
trilingual Spanish-English-German HMMs as source modeigte
Slovenian, and also for the French mapping task.

A common practice for ASR systems using context depend
acoustic models, is to define the model sets by a phonetisidaci
tree [7]. Usually, instead of building one big decision tmeer the
complete acoustic space, one sub-tree per central phonaihrstate
position is built. This action is justified by the fact thabastic cor-
relations between different state positions and diffepbisnemes are
expected to be small.

In the multilingual case, the a-priori assignment betweantral
phonemes and decision trees can not be overtaken directhenW
applying several source languages one is confronted byrtizgm
that the phoneme sets associated with the different soancgidges
are, in general, quite different. For all phonemes which dbhave
exact counterparts (the same SAMPA symbols) in one of therot
languages, pure monolingual trees would be build. To copie this
problem the phonemes of the individual languages are ysclaié-
tered to amultilingual phoneme set, [8], and [6]. Next, the original
phonemes are mapped to the correspondmgilingual phonemes
which are defined by each cluster. Finally the tree growirg@ss is
carried out by using theltilingual phonemes as the trees’ roots.

However, the use afultilingual phonemes has its own disadvan
tages. There is the problem of the fixed assignment of modighs

the same central phoneme to one specific tree. Phonemeritigste

in general, and in particular in the multilingual case, isffam be-
ing unequivocal. Depending on the context the quality of ratred
phoneme may change in such a way that some of its polyphongs
better be assigned to other trees. However, the a-prioigrasent
of models having the same central phoneme to one predefited s
trees does not permit considering such peculiarities.
Furthermore multilingual phonemes require a dictionary map-
ping. In the multilingual case this is easily accomplish&inply, the
mapping from the monolingual to the multilingual phonemegreed
by the clustering needs to be applied. In the crosslinguse,daow-
ever, the situation is different. The concept ahaltilingual phoneme

set needs to be extended to the phonemes of the target languégje wh

may yet introduce further uncertainties into the model diédim pro-
cess.

To remedy these problems, in this work we apply for each state

position one decision tree which covers all central phoreerBeside
applying context questions the tree also uses questiohgegpect to
the central phonemes. For the question set itself, geneatcifes as
defined by the International Phonetic Alphabet (IPA), aredu.g.
plosive, bilabial, et cetera. Compared to commonly useddmho-
netic classes, such features have the advantage that, énagjehey

4. ACOUSTIC SOURCE MODELS

The starting point for the crosslingual model transfer isi-¢irigual
Spanish-English-German set of HMMs. All source languaga da
well as the adaptation and test data of the target languag@sfiom
SpeechDat fixed telephone databases. In the case of theedanrc
guage data, from each database a 1000 speaker traininggeaexa
tracted. Only so-calleghonetically rich sentences were used for the

émining. Table 1 gives and overview of the data.

Speakers
Lang. || #Phrases| Hours Female| Niale
SP 7994 6.9 500 500
EN 8089 7.2 500 500
GE 7540 9.2 500 500

Table 1 Training data used for building the multilingual sourcedno
els. All data stem from the Spanish (SP), English (EN), and Ge

man (GE) SpeechDat fixed telephone databases. In each c@8é a 1
ﬁ;peaker subset was extracted. The data chunks are bala@spet+

tive sex, giving 500 female and 500 male speakers.

The data is parametrized by calculating every 10ms twelMe me
cepstrum coefficients (MFCC) (and the energy). Cepstrahnsea-
traction is applied. First and second order differential 35 plus
the differential energy are employed too. For each of the faia
streams a codebook is constructed consisting of 256 andeB2 @h-

v\)ergy) Gaussian mixtures, respectively.

For acoustic modelling, a 3-state left-to-right demiphdooeol-
o
phones which are cut in the middle giving a left and a right dem

rRgone. In contrast to triphones, they neglect the influeheelaft

context of a phone might have on the right and vice versa. dtiais-

é)ack in its modelling capabilities is, at least partly, cemgpated by

its improved trainability due to the reduced number of medéis-
suming N phonemes, we g&f® possible triphones, but onyN?

demiphones. In light of the amount of the available trairdatga this
might be seen as advantageous.

As lined out in section 3, a phonetic decision tree is used for

Left demiphone Right demiphone

Fig. 1. Demiphone topology

state tying. According to the model topology and the fact tiwen-
mon tree roots for all phonemes are used the overall treeistens

gy is used, see figure 1. Demiphones [9] can be thought of-as tr



of six sub-trees, see figure 2. The question space of thestreani

Left / right demiphones

Root

State positions

e

-<—— Sub-trees

Fig. 2. Structural layout of the decision tree adopting one birsaty
tree for each state position but over all central phonemd® Uke
of the demiphone topology results in an additional diff¢iegion for
left and right demiphones.

structed by so-called IPA-features. As the SpeechDat daéscome

along with the definition of phoneme sets in SAMPA, the SAMPA

were mapped back to the IPA and the associated charaatsriat

clusively use of linguistically motivated questions asatided above.
In case of the upper plot, beside the linguistically motdaquestions
also language questions were used. Figure 3 basically oentie
findings of [10]. The use of the language information leagsdig
to a high amount of monolingual tree leaves. For just 1500dsa
i.e. tied HMM states, already 70% of the leaves are pure nionol
gual. Without asking language questions the situation gbsusig-
nificantly. For 1500 leaves, the amount of monolingual |sadmps
down to 35%.

The behavior of the tree which does not apply language ques-
tions is, at least partly, caused by construction. As erpldiabove,
linguistic attributes are assigned to individual phoneraesording
to the assigned SAMPA symbol. Phonemes of the three language
which are assigned the same SAMPA symbol own thereforeimént
IPA-features. This makes it yet impossible for the tree gngvalgo-
rithm to distinguish corresponding models of these langaagven if
these models were different from an acoustic point of view.

In this work we follow the results of [6]. That is, we base all
crosslingual modelling experiments on multilingual madethich

e.g. plosive, bilabial, unvoiced form were assigned to the SAMPA. are defined by a phonetic decision tree not applying langaags-

This was done for all phonemes, 31 for Spanish, 44 for Engéisd
47 for German, resulting in 122 individual feature vectoBuring
tree induction, up to two of the individual attributes wermmbined
to form questions. Bearing in mind that questions with respethe
central phoneme were also asked, valid questions were dbtire
Is the central phoneme a plosive or unvoiced?, or: Is the dghtext
phoneme bilabial?

In [6] it was found that the use of multilingual source modsls
advantageous for crosslingual acoustic modelling. Howerg10]
the same authors also report that, when provided with disidan-
guage information in the form of language tags, a decisiea tends
to cluster the language information out when applying cpoading
language questions. To develop an idea of this effect, teestare
grown. The first tree applies only linguistically motivatgdestions.
In the case of the second tree, additional questions whiclfioashe
language are used. Figure 3 shows the impact of these saldafi-
guage questions on the two resulting decision trees. Fariggaree
sizes the number of pure monolingual tree leaves are plottedthe
total number of leaves.

The lower plot in figure 3 corresponds to a tree grown by the

90

IS @ o ~ @
S S =] =) S

Percentage of monolingual leaves

w
=]

Tree not applying language question:
— — — Tree applying language questions
! !

! L
500 1000 1500 2000 2500

Number of tree leaves

3000

Fig. 3. Development of thenonolinguality of the tree’s leaves for
growing tree size. The two plots correspond to two trees lvhiere
constructed with and without applying language questions.

tions. In contrast to [6] we use common decision trees foctrgral
phoneme of the context dependent models. To investigatinfie
ence of different sized source model sets we built two HMM= o
with 1000 and the other with 3000 tied states.

5. BASIC CROSSLINGUAL CONSIDERATIONS

In section 1 we mentioned, that in this work, tied-mixture Mblare
used. In fact, a semi-continuous systems is used, which islyna
driven by the circumstance that such systems are still widséd in
real world applications where restrictions with respecC®U and
memory consumption exist. In the case of crosslingual apptns,
the use of semi-continuous HMMs results in some additionab
lems. As a semi-continuous systems codes the discrimenativ
formation between acoustic units by mixture weights asgedito
the codebook entries, it is questionable if the commonlyd uz&le-
book adaptation (updating of the means and covariancesjyssfal
strategy for porting the source models to the target languégthe
following we thus investigate this topic. In addition, solveseline
e%%'/stems for Slovenian and French are developed. Thesersyati
provide benchmarks for the judgment of the final crosslihgya-
tems.

First a pure monolingual Slovenian and a pure monolinguzh&n
system is built. As in the case of the source languages, &g
and the test data is taken from the corresponding Speechizat fi
telephone databases. However, because of the Sloveniact&pest
database consists of merely 1000 speakers, only 900 spe@i&y
female, 450 male) are used for the system build. The ren@mith®
are used for testing. The training data consists of so cathedet-
ically rich sentences. In case of the test data, a word list consisting
of phonetically rich words and application words is used. Also the
test data is balanced with respect to sex. To keep the Frestins
comparable to the Slovenian one, also for the French syste@da
speakers training set and a 100 speaker test set was definedleT
sign of the French training and test sets follow the consititems for
the Slovenian ones.

The column called CB-mono of table 2 presents the performanc
of these systems. We attribute the worse Slovenian perfurenaainly
to the smaller amount of Slovenian training data (see alsie 2).
One needs also to take into account the fact that Sloveniamods
eled by 47 SAMPA, whereas for French 43 SAMPA are used, mak-
ing the Slovenian model space potentially bigger. Tables® ako-
vides the results of two additional systems named CD-mdultie



| Lang. || Hours | CB-mono | CB-multi

SL 4.7 9.60 9.61
FR 7.6 6.12 6.57

Table 2. Training data and system performance for 900 speake

monolingual Slovenian (SL) and French (FR) target syst& R in

[%]. CD-mono indicates the use of dedicate monolingual codeoo

and CD-multi indicates the use of the multilingual souragglaage
codebooks.

CD-multi systems serve to investigate the impact of the ifmgual
source language codebooks when used instead of dedicegetléan-
guage codebooks. According to table 2 this impact is in fagin
gible. Switching from a pure monolingual setup, applyingv@hian
and French codebooks, respectively, to a mixed set-upisthapply-
ing the multilingual codebooks of the source languages lwhave
never seen any data of the target languages, hardly affeetset
sults. Hence, as we do not expect any significant harm fronugkee
of the multilingual instead of dedicated monolingual caoutgts, all
subsequent tests on building a crosslingual Slovenianesrdfrtarget
system are based on the use of the multilingual codebookpased
from the three source languages.

| | Coverage Measurd SP | EN | GE [ MU |
SL Types 21.36 | 28.70 | 60.77 | 75.65
Tokens 36.95| 34.68 | 82.49 | 92.47
R Types 17.76 | 17.02 | 25.80 | 39.75
Tokens 28.54 | 27.86 | 32.56 | 43.10

Table 4. Demiphone coverage, [f%], for Slovenian (SL) and French
(FR) by a Spanish (SP), a English (EN), a German (GE), and a com
bined Multilingual (MU) model set.

that for Slovenian the coverage numbers are approximatédgtar
of two higher than in the French case. This confirms the caimhs
drawn from table 3. Examining also the individual languagecific
results, it is clear that the good Slovenian behavior bégistems
from the German models. However, the highest coverage nsmbe
obtained for French stem also from the German source models.
The findings described by table 3, and 4 are further confirmed
when analyzing the phonetic decision trees after targetempik-
diction. In case of accessing a source language tree wignibtic
characteristics of a target language typically not all paftthe tree
are used. This is caused by linguistic features and featurdbina-
tions which are present in the source language but not inattget

Next, the basic crosslingual model mapping step is done. Aanguage. This results in sub-trees of the source languagavhich

ter assigning corresponding linguistic features to aliv&hsan and
French phonemes, the two multilingual trees described éticse 4
are entered and two sets of Slovenian and French modelsfaredie

can not contribute to the target model definition. The nunab&arget
models (leaves) predicted from the source language dedise are
therefore expected to be smaller than the total number eflé@ves,

Table 3 shows that, independent of the language and modsizset @nd, as poorer the match between source and target langetgey

Slovenian French

#Tree leaves]| 1000 | 3000 | 1000 | 3000
PRED 48.85 | 45.88 | 47.14 | 47.65
MONOyeq 13.68 | 10.75 | 21.04 | 15.52

Table 3. Predicted models before and after a complete re-training,

WERs (MONQ,,..q) and mMWERs (PRED) iff%].

after pure model prediction (PRED) mean word error rates ER)

of approximately 50% are achievédThese PRED model constitute

the base for all subsequent model refinements.

In table 3 we also present so called MONQ); results. These re-
sults are obtained by retraining the PRED models using theptzte
900 speaker Slovenian, and French training data. Compardtet
CD-multi results of table 2 the MONR.q models distinguish only
in the underlying decision tree. They serve therefore tgguthe
crosslingual modelling capability of the underlying sautanguages
decision trees. Comparing the CB-multi with the MONQ), results
we observe for Slovenian solely 1-4%, but for French 9-156 ia
performance. Bearing in mind that significantly more Fremaming
material is available, it is clear that the underlying SphariEnglish-
German decision trees match the Slovenian phonotactitsr likean
the French.

To further investigate this issue, we calculate the demiplaver-
lap [6] between the source and the target languages. Tabksénis
the percentage of demiphone types found in the target |gyegdata-
bases which are covered by source language demiphones (wppe
bers), and the corresponding coverage of demiphone tokensr(
numbers). The coverage of demiphone tokens is calculabad e
percentage of demiphone types by weighting the individusahie
phones by their normalized occurrence counts. Focusingebadtual
demiphone coverage by the multilingual configuration, itisking

1For a description of the termmean word error rate see section 6.

less target models should result. To probe this assumptiercom-
pare the number of tree leaves of the two multilingual sotmees to
the corresponding number of leaves which are actually uyetthdn
target language. Table 5 presents the results of this asaldso ta-

| | Slovenian | French ]
#Leavesource || 1000 | 3000 | 1000 | 3000
#Leavesgarget 718 | 1832 | 508 | 1130

Table 5. Number of tree leaves, i.e. tied model states, of the multi-
lingual source and target trees. The target trees are ebotaintarget
model prediction from the source trees, and are thus sels-éa
sources trees.

ble 5 confirms the previous findings. For Slovenian we find ahaiut
60-70% of the original leaves are used by the predicted 8lane
models. Though these numbers appear already low, in cagemthr
they even drop down to 35-50% confirming one more time that the
multilingual source models combined out of Spanish, Ehgland
German fit much better to Slovenian than to French.

6. CROSSLINGUAL MODEL REFINEMENT

From table 3, it appears to be quite clear that pure crossiingodel
prediction does not lead to reasonable system performaAcesm-
mon strategy to overcome this problem consists in acoustidein
adaptation by a limited amount of target data [2], [5].

Also in this work we investigate therefore acoustic modelmad
tation. In a first step classical acoustic model adaptasaspplied.
Such techniques are yet not able to overcome the structadéliing
problems introduced by predicting the target models fronowrce
tree which has never seen any target language. To overcapdb-
lem, also so-called polyphone decision tree specialisgR®TS) [6]
is investigated.

For all subsequent tests two adaptation sets per targaidgeg



are used. A small one comprising data from 10 speakers ampombi
comprising data from 50 speakers. Table 6 gives a detailen/imw
of the adaptation sets. Note that, though the same numb@eaks
ers is used for both languages, in terms of recording tingeathount
of Slovenian adaption data is actually significantly smathan the
French one.

material is available for them. We attribute this behavioe anore
time to the structural shortcomings of the predicted Fremddel
sets. In fact, only approximately 30-50% of the source mathtes
are used by the French target models. This results in a cnasild
limitation of the French modelling capabilities which caot made
up for by more adaptation data.

When testing the systems we were faced by the problem that

[ #Speaker ] 10 | 50 |
SL #Phrases|| 85 | 426
Time 3.1| 154
FR #Phrases|| 84 | 422
Time 5.4 | 27.6

6.2. Polyphone Decision Tree Specialisation

To cope with the problem of the phonetic context mismatcRES[S
was proposed [6]. PDTS consists of the crosslingual adaptaf a
phonetic-acoustic decision tree to a target language. rEeegrow-
ing process of the source tree restarts using some adaptktta of
the target language. Consequently, PDTS permits introdugho-

Table 6. Amount of Slovenian (SL) and French (FR) adaptation data€tic context information into the decision tree which i$ present

The times are given in minutes and exclude silence. All datmare [N the source language but is important for the target laggudn
balanced respective sex. the present work, and in the light of MAPCR, PDTS is applied as

follows. For a given source tree the tree growing processstarted
quite high error rates were observed (see the PRED resutabtef  2PPIYing the adaptation data of the target language. Ateis the
3). As a consequence, the confidence margins for the wordrates M0dels associated to the new leaves are trained by oneiotewt
(WER) were quite big, and we could therefore not concludé sha Baum-Welsh training on the adaptation data. The resultingets
single system was better than another. To overcome thidgumb M&Y directly be_ used_as a final model set. In our system we akso u
we based the system evaluation on a two-way analysis ofnaeia €M as a starting point for a MAPCR stage on top of the newy ge
test (ANOVA) which tests for the hypothesis that the mean WEFrated states. _ )
(MWER) (calculated over several test sets) of two systemequal __When running PDTS one is confronted with the problem of de-
[11]. Thus, instead of a single test,similar but independent testsCiding when to stop the tree growing process. We decidedstdde
were run for each system configuration. Afterwards the me&Rey WO configurations, stopping PDTS when the minimum occapati
of two system configurations were compared by ANOVA. In tHe focount fell below 5, and 15 model tokens per leaf. In table 8rée
lowing sections we therefore present mean WERs. Stafitisia- sulting PDTS adapted and retrained model sets are compatied w

nificant ©5% confidence interval) different results, with respect t§1® MAPCR adapted model sets already presented in tableté.iflo
particular the subscripts given in table 8. They specifytthe sizes

some reference results, are marked boldface. STtest sets them-

selves consist of single phonetically rich words and apgitiey words

and comprise between 662 and 678 sentences for French, and be

tween 619 and 646 sentences for Slovenian. The resultimyrgeaas,

before and after applying PDTS.

Drawing our attention first on the Slovenian models we see tha

just word lists, consist of between 438 and 452 words perdrégst Slovenian French
set, and between 360 and 383 words per Slovenian test set. #Speakers 10 [ 50 10 [ 50
MAPCRio00 || 251215 | 18.8%1s | 275505 | 22.900s

6.1. Crosslingual Acoustic Model Adaptation MAPCR3000 || 26.66832 | 18.73832 | 26.24130 | 19.64130
In section 5, the use of dedicated target language codefstioket | PDTSooo || 342201 | 23.53554 | 27.20386 | 163450
result in any significant performance improvement. Henae aetu- PDTS000 47.65026 | 26.3%020 | 37.66750 | 18.0467s
ally do not expect to see any significant performance gaireslaypt- PDTS 00 28.8%32 | 18.036s5 | 26.4%s5 | 14.84 755
ing the codebooks to the target languages. Instead adapéag and PDTS 00 4594555 | 21.13341 | 3424361 | 15.82069

covariance parameters, we therefore adapt the mixturehigedd the

Gaussian mixture densities. Adaptation itself is perfairbg maxi- Taple 8 Contrast of retrained PDTS adapted models versus MAPCR
mum a-posteriori convex regression (MAPCR) [12]. Contrasthe  adapted models, mWER [f%]. The subscripts denote the number of
tied states of the source and of the target model sets. Thesujpts

Slovenian French denote the minimum occupation counts.
#Speakers || 10 | 50 10 | 50
PRED 48.85| 45.88 | 47.14| 47.65 all PDTS adapted models sets which are significantly diffete
MAPCRioo0 || 25.12] 18.89 | 27.55 | 22.90 MAPCR adapted models perform much worse than their MAPCR
MAPCR3000 || 26.66 | 18.73 | 26.24 | 19.64 counterparts. This is definitely caused by the circumstémag after

PDTS, the available adaptation data spreads over more ¢t&te the
Table 7. Contrast of MAPCR adapted models with the predicted onsabscripts), and the model parameters can no longer beagstino-
(PRED), mWER in[%)]. The subscripts denote the model set size ustly. In case of French, the picture changes a lot. It ikisty that
the underlying multilingual model set. for the 50 speaker adaptation set the PDTS systems alwafgsmer
better than the MAPCR systems. Relative reductions in mMWER o
previously obtained PRED results with the MAPCR resultg tse up to 25% are achieved. The reason for this behavior is taofat
ble 7, reductions in mMWER of nearly a factor of two for the dmafirst, PDTS improves the French model definition significanBec-
10 speaker adaptation sets, and more than a factor of twbdds@ ond, the amount of adaptation data is large enough to gie®nedle

speaker adaptation sets are obtained.
It is interesting to note that all Slovenian systems perfoetier
than their French counterparts, though significantly letaptation

model estimates of the, by PDTS, increased model set. Thidirse
with the circumstance that the French adaptation data istahe
double of the Slovenian one.



In the Slovenian but also in the French 10 speaker adaptation 7. CONCLUSIONS

case, the disappointing performances obtained by PDT pezted

to be caused by the inappropriate acoustic adaptation. iRyijust This paper has described the crosslingual acoustic modelaje

one iteration of Baum-Welch training with the available ambof ment for a Slovenian and a French ASR system. The paper has con
adaptation data and an increased model space leads to gstilly centrated on the definition of a suitable set of acousticcammodels
mated models. To remedy this problem, the PDTS defined moérgilitating an easy transfer of the source to the targetetsod he in-

sets were refined by MAPCR. Table 9 contrasts the final PDTS detiaction of the phonetic source language decision treethvit target

Slovenian French

#Speakers || 10 | 50 10 | 50

MAPCR o0 || 25.12 | 18.89 | 27.55 | 22.90
MAPCR;000 || 26.66 | 18.73 | 26.24 | 19.64
APDTS)y0o || 28.57 | 23.28 | 22.93| 15.17
APDTS}y00 || 26.70 | 23.52 | 24.47 | 15.58
APDT 1800 23.72 | 17.44 | 21.80 | 13.70
APDTSYo, || 25.67 | 18.04 | 23.17 | 14.47

Table 9.
versus MAPCR adapted models, mMWER[%]. The subscripts de-
note the number of tied states of the source model sets. Te-su
scripts denote the minimum occupation counts.

MAPCR adapted models to the MAPCR only adapted models.

Now, also in the case of Slovenian, significant improvements

over the MAPCR-only adapted models are achieved. The bagtse
with 23.72% and 17.44% mWER are obtained for the APE}S
models. Also in case of French the best results are achieretid
APDTS[, system. They are yet with 21.80% and 13.70% mWE
significantly better than the Slovenian counterparts. Hleeelarger
amount of adaptation data combined with PDTS pays off. Itois n
table that crosslingual acoustic modelling clearly favmead robust

source models. The best results are always obtained foy#tenss

which are based on the smallest source tree, 1000 leaveshand

smallest target language tree (highest minimum occupatont).
Itis worthwhile to compare the best crosslingual models oo
lingual models which are built exclusively on the adapratiata. We
thus build corresponding monolingual Slovenian and Frenoklel
sets exclusively using the adaptation data. Table 10 csistthese
systems with the best crosslingual, i.e. the APEXLS ones. From

Slovenian French
#Speakers || 10 | 50 10 | 50
Monolingual || 54.06 | 21.33 | 33.28 | 14.61
Crosslingual || 25.67 | 18.04 | 23.17 | 14.47

Table 10 Contrast of monolingual and crosslingual trained targ
systems, mMWER ifff%].

table 10 we can draw two conclusions. In case of very limiteget
data (10 speakers) crosslingual acoustic modelling pesval pow-
erful method to build reasonable target systems. Compargdire
monolingual built models, relative reductions in mMWER of 8%
are achieved. When more adaptation data becomes avaitedbkedt:
vantage may decrease rapidly. In case of French, 50 spedépr a
tation data (27.6 minutes) are yet enough to train a systemhwh
performs as good as a crosslingual defined one.

Finally, comparing the best crosslingual results with tlomotin-
gual references from table 2, a performance gap of 7.8% femd#r
and 8.4% for Slovenian are observed. We attribute this tcsithall
amounts of adaptation data, but also to the fact that, as RiDiT&s
upon the stem of a given decision tree, the model refinemeRDRS
gives only suboptimal results.

languages was investigated in detail. After target modetligtion
the target models were refined in two steps by polyphone idecis
tree specialization (PDTS) and maximum a-posteriori comegres-
sion (MAPCR). In the case of the small adaptation sets, thgstin-
gual model sets outperformed their monolingual countésgways
significantly. For the big adaptation sets the correspanpdmono-
lingual systems were outperformed too. However, significtifer-
ences could only be detected for the Slovenian systemslIyitie
performance of well trained (900 speakers) pure monolihgualels
could not be reached. We attribute his behaviour to inhdneitia-
tions of PDTS, but also to the very small amount of adaptadta.

Contrast of PDTS and MAPCR adapted models (APDTS)
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