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ABSTRACT

This paper evaluates the recognition performance of
a system using acoustic models transformed across
language boundaries. Parameters of hidden Markov
models (HMMs) trained on speaker independent Eng-
lish data are adapted using Afrikaans adaptation
data to realise speaker dependent, multispeaker and
speaker independent Afrikaans models. Adaptation
is performed using maximum a posteriori probabi-
lity (MAP) and maximum likelihood linear regres-
sion (MLLR) methods on context independent and
context dependent phones. Results show that MLLR
transformation of English models using Afrikaans
adaptation data signi�cantly improves model perfor-
mance and for context dependent models achieves
better performance on speaker independent tests than
achievable by direct training on the adaptation data.

1 INTRODUCTION

For many languages, including ten of the eleven of-
�cial languages of South Africa (except for English),
very little or no labelled speech data are available
for training acoustic models. Our research aims at
�nding techniques that enable the training of robust
acoustic models for these languages in the absence
of large quantities of speech data. More speci�cally,
we investigate the use of labelled data in a source
language to obtain improved models for target lan-
guages in which only small amounts of adaptation
data are available. Our methods are based on previ-
ous research that has shown the applicability of using
phoneme data from one or more languages to `boot-
strap' phoneme models for a new language[1, 2], or
even to construct phoneme models that are useful
across more than one language[3, 4]. In the construc-
tion of multilingual phone sets, some recognition per-
formance degradation is usually accepted in exchange
for simpli�ed modelling[5]. Use of explicitly multilin-
gual phonemes lead to performance degradation be-
cause model precision decreases when modelling con-
texts from a set of languages. Since we consider only a
single target language at a time, the models need not
retain the properties of the original language and we
use techniques from speaker adaptation to transform
the models using adaptation data from a target lan-

guage. We focus on achieving improved performance
for a single target language at a time, but attempt
to �nd methods that are independent of the target
language.

Our experiments are performed on the SUN Speech
database which was compiled by the University of
Stellenbosch to contain phonetically labelled speech
in both Afrikaans and English. A uni�ed set of
phoneme labels are used which allows us to focus
speci�cally on the di�erences between the acoustic
parameters in the two languages. Experiments are
performed which adapt speaker independent English
models using limited amounts of Afrikaans adapta-
tion data. We evaluate both MAP adaptation and
MLLR transformation in speaker adaptive, multi-
speaker and speaker independent modes. The results
from these adaptation experiments are compared to
a set of benchmark experiments which use di�erent
amounts of training data from both languages and
are tested on the same speaker independent test set.
Experiments are performed with both context inde-
pendent and context dependent phones.

The organisation of this paper is as follows. In Sec-
tion 2 we discuss the application of speaker adapta-
tion methods for adapting acoustic models across lan-
guage boundaries. Section 3 describes the bilingual
database used in the experiments. Section 4 presents
the experiments performed and results obtained and
we conclude in Section 5.

2 CROSS-LANGUAGE

ADAPTATION OF ACOUSTIC

MODELS

When considering the adaptation of acoustic models
across languages it is natural to examine the applica-
bility of using speaker adaptation techniques. How-
ever, speaker adaptation and language adaptation
of acoustic parameters di�er in a number of ways.
Firstly they di�er when speaker adaptation is con-
sidered as an adaptation of a prior model, such as
MAP adaptation, which uses a speaker independent
model as prior distribution. When adapting across
language boundaries the assumption that a speaker
independent model of the source language is a suit-
able prior distribution, is probably inaccurate. This
argument also implies limited usefulness of speaker
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clustering techniques for language adaptation as they
merely select a subset of an overall distribution. The
second important di�erence between speaker and lan-
guage adaptation lies in the goal of speaker adap-
tation, which is to adapt acoustic models to a spe-
ci�c speaker, whereas language adaptation aims to
adapt models for use in a multispeaker, or more gen-
erally, in a speaker independent environment. This
aspect implies limited usefulness of speaker conver-
sion techniques and leads us to consider techniques
that start o� with speaker independent data or mo-
dels. Both the aspects of prior distribution consi-
deration and speaker independence lead us also to
favour transformation based approaches (say MLLR)
over standard Bayesian adaptation approaches (say
MAP). Lastly, when one considers the possibly large
di�erences in acoustic modelling between languages,
it is unlikely that a general spectral transformation
exists that maps the entire acoustic space of one lan-
guage to that of another. Rather, one would consider
an approach that can map regions of the space (e.g.
di�erent phone categories) separately, implying the
transformation of models rather than raw data.
Two methods commonly used for speaker adaptation
are MAP[6, 7, 8] and MLLR[9] . Even though we
expect that a transformation-based approach will de-
liver superior recognition performance, we perform
MAP adaptation experiments (based on [7]) for the
speaker adaptive case to deliver a reference baseline
performance and because MAP results give an in-
dication of how applicable the speaker independent
priors are for cross language adaptation. The im-
plementation of MAP adaptation used in this pa-
per was found in [7] and adapts both mean and
variance parameters according to a joint mean and
variance prior distribution. The implementation of
MLLR adaptation[9] that we use performs adapta-
tion of only the Gaussian means. When MLLR
adaptation is performed, models are grouped into
classes and a separate transformation is calculated
for each class. Grouping into classes is done ac-
cording to broad phonetic groupings, i.e. for two
classes vowels/diphthongs are separated from the
rest, �ve classes comprise vowels, diphthongs, frica-
tives/a�ricates, stops and nasals/glides/liquids and
for an eight class separation all mentioned categories
are treated as distinct classes. Grouping transforma-
tions into classes has the advantage that each class of
similar phones incurs the same transformation, which
may be di�erent from that incurred by other classes.
The assumption is that the distribution of the acous-
tic parameters for the new language's speaker(s) ex-
hibit correlation within each class.

3 THE SUN SPEECH DATABASE

The database used in this paper is the SUN Speech
database[10] compiled by the Department of Electri-
cal and Electronic Engineering of the University of

Stellenbosch containing phonetically labelled speech
in both Afrikaans and English. Some details of the
database and its subdivision are given in Table 1.
Adaptation is done on a set of eight speakers of which
six are female (more females than males spoke all 20
Afrikaans sentences). In the Afrikaans set, sentences
1 to 10 are used for training or adaptation, sentences
11 to 20 from the adaptation speakers are used for
testing speaker speci�c or multispeaker adaptation
and sentences 11 to 20 of a disjoint set of speakers
are used for speaker independent (SI) testing. When
training English models for adaptation to Afrikaans,
all English data are combined, totalling more than
86000 phone labels, which is approximately three
times the total amount of Afrikaans data.

Language Set Speakers Sen-
Male Female tences

Afrikaans train 21 10 1-10
adapt 2 6 1-10

adapt test 2 6 11-20
SI test 16 7 11-20

English train 33 17 21-40
test 22 4 41-60

Table 1: Subdivision of SUN Speech database into
training, testing and adaptation sets for Afrikaans
and English

4 EXPERIMENTS AND RESULTS

The goal of the experiments is to compare and
evaluate the performance of cross-lingual adapta-
tion versus either same-language training or same-
language adaptation. Four sets of experiments are
performed. The �rst three sets of experiments
use context independent phones (monophones) and
comprise speaker adaptive experiments, multispeaker
adaptation experiments and adaptation for speaker
independent recognition experiments. The last set
of experiments utilise context dependent phones
(triphones) and evaluate only speaker independent
recognition performance. All experiments perform
phone recognition from labelled phone data without
using any form of language (phone sequence) model-
ling. Phones are modelled with context independent
and context dependent (triphone) continuous density
HMMs with 39 mel-scaled cepstral, delta and delta-
delta features using a total of 58 phone classes. The
four sets of experiments are discussed next.

4.1 Speaker adaptive experiments

In these experiments the adaptation set is used to
adapt speaker independent Afrikaans and English
prior models to each of the eight speci�c adaptation
speakers in turn and performance is tested on the re-
spective speaker's test sentences. The experiments



evaluate the use of a prior model from a di�erent
language than that of the target speaker. For com-
parison, baseline performance of speaker independent
Afrikaans and English phone recognisers, along with
the performance of speaker trained (small speaker
dependent set) models are also given with the sum-
marised results in Table 2. As expected, adaptation
using an Afrikaans prior outperforms using an Eng-
lish prior. The best performance (65.0%) is achieved
with MLLR adaptation using 2 phone classes and
an Afrikaans prior model. Recognition performance
using MLLR and an English prior is also good (61.8%
for the two class transformation) and exceeds the best
speaker dependent result (58.4%) while using fewer
mixtures (4 vs. 10) to achieve the same performance
as the comprehensively trained Afrikaans SI models.
MLLR also far outperforms MAP, but at the cost of
more mixtures.

Description Con�guration Result
state�mix

Afrikaans SI 3x1 50.6%
3x10 61.8%

English SI 3x1 40.7%
3x10 49.4%

Speaker dependent 3x1 58.4%
2x2 58.1%

Adaptive with Afrikaans Prior
MAP 3x1 58.6%
MLLR (1 class) 3x10 64.2%
MLLR (2 class) 3x8 65.0%
MLLR (5 class) 3x4 63.9%
MLLR (8 class) 3x4 63.9%
Adaptive with English Prior
MAP 3x1 56.1%
MLLR (1 class) 3x2 59.4%
MLLR (2 class) 3x4 61.8%
MLLR (5 class) 3x4 61.4%
MLLR (8 class) 3x4 61.4%

Table 2: Speaker adaptive experiments: Recognition
performance achieved on the speaker adaptation test
set when training with the speaker independent (SI)
Afrikaans training set, the SI English set, the (small)
speaker dependent adaptation set and when adapting
the Afrikaans and English SI prior models

4.2 Multispeaker adaptation experi-

ments

In this set of experiments the data of eight adapta-
tion speakers are pooled for adaptation and perfor-
mance is measured on pooled test sentences of the
same speakers. This experiment evaluates the perfor-
mance of adaptation when applied to a multispeaker
scenario and results are summarised in Table 3. The
best performance (64.2%) is achieved with MLLR

adaptation and an Afrikaans prior model. Baseline
training with only the adaptation data (multispeaker)
delivers good performance (63.2%), almost equalling
that of the Afrikaans MLLR approach (64.2%), indi-
cating that there is enough adaptation data to re
ect
the characteristics of the adaptation speakers quite
well. Recognition performance using MLLR and an
English prior is not as good, achieving a best perfor-
mance of 58.5%, which is, however, still much better
than the 49.4% achieved with (unadapted) English
models. Once again, using the Afrikaans prior has
delivered better performance than using the English
prior. It is interesting to note that the performance
increases as more transformation classes are used, in-
dicating that a more complex transform is necessary
to accurately convert to the multispeaker case, and
also that since more data is available (data is pooled),
it allows for a larger number of transformation param-
eters to be estimated accurately. These experiments,
compared to the speaker adaptive experiments, indi-
cate that the MLLR transformation may be better
suited to speaker dependent transformation than for
the multispeaker case.

Description Con�guration Result
state�mix

multispeaker 3x8 63.2%
Adaptive with Afrikaans Prior
MLLR (1 class) 3x10 62.3%
MLLR (2 class) 3x8 63.3%
MLLR (5 class) 3x10 64.2%
MLLR (8 class) 3x10 64.2%
Adaptive with English Prior
MLLR (1 class) 3x10 54.7%
MLLR (2 class) 3x4 56.4%
MLLR (5 class) 3x6 58.4%
MLLR (8 class) 3x10 58.5%

Table 3: Multispeaker adaptation experiments:
Recognition performance achieved on the speaker
adaptation test set when training with the pooled
speaker adaptation set and when adapting the
Afrikaans and English SI prior models

4.3 Speaker independent adaptation

experiments

When the adapted English models of the previous
experiment are tested on the speaker independent
Afrikaans test set, the best recognition performance
achieved decreases to 54.1% (from 58.4% for the mul-
tispeaker experiment) for a three state, 6 mixture
HMM transformed using 5 transformation classes.
The performance (54.1%) is, however, still much bet-
ter than that achieved with (unadapted) SI English
models (49.4%).



The performance of the baseline Afrikaans
multispeaker-trained models from the previous
set of experiments decreases by a larger margin,
dropping to 54.6% (from 63.2% for the multispeaker
test) when tested on the speaker independent
Afrikaans test set. The models trained on multi-
speaker Afrikaans data thus perform only slightly
better than the MLLR adapted English models
(54.6% vs. 54.1%) and if somewhat less adaptation
data were available, the MLLR adapted models
would probably be superior.

4.4 Context dependent phone model-

ling

Phone context is modelled in terms of the broad pho-
netic categories mentioned in Section 2. Since we
are interested in only acoustic discrimination, no lan-
guage, or even context sequence constraints are used
and it is therefore not surprising that context mo-
delling by itself does not improve performance by
much. An analysis of the triphone distribution in
English and Afrikaans in the SUN Speech database
reveals that triphone coverage is very sparse and also
that overlap of triphone context between the two lan-
guages is not good. This is in spite of the overall
phone distributions in the two languages being re-
latively similar. No information about the general
triphone overlap between English and Afrikaans is
currently available. Baseline recognition results for
Afrikaans and (unadapted) English triphone models
on the Afrikaans test set show that recognition per-
formance is increased for few mixtures per state, but
that peak performance is not signi�cantly increased
above that achieved with monophones. Performing
adaptation on the English triphone models with the
Afrikaans adaptation set delivers a maximum perfor-
mance of 56.2% for a 15 class transformation, which is
better than that achieved with adapted monophones
(54.1%), and is better than the best performance
using only the adaptation set for training (55.0%).

5 CONCLUSION

The results indicate that speaker adaptation methods
can be applied with success in cross-lingual adapta-
tion of acoustic parameters and can deliver reasona-
bly good performance in the absence of large quanti-
ties of training data. The results indicate that the
adapted models far outperform unadapted models
and achieve better performance than when training
with the small adaptation data set only. The MLLR
method delivers better performance than the MAP
method and is a promising technique for cross-lingual
adaptation of acoustic parameters. A major obstacle
towards achieving good performance with language
adapted models is the potentially large mismatch be-
tween acoustic contexts of phones in di�erent lan-
guages. A potential solution is to use transforma-

tions from a large set of languages when training a
new language.
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