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Abstract

This paper presents the ongoing work on crosslingual speech
recognition in the MASPER initiative. Source acoustic models
were transferred to two different target languages – Hungarian
and Slovenian. Beside the monolingual source acoustic models,
also a semi-multilingual set was defined. An expert-knowledge
approach and a data-driven method were applied for transfer.
The crosslingual speech recognition results were used to anal-
yse the robustness of different source acoustic models respec-
tive the language similarity influence.

1. Introduction
The work presented in this paper is an outcome of the MASPER
initiative [1], which is a part of the COST 278 ”Spoken Lan-
guage Interaction in Telecommunications” Action. Our re-
search is oriented towards crosslingual and multilingual speech
recognition.

The idea behind crosslingual speech recognition is to trans-
fer existing source acoustic models to a target language without
using a speech database in this target language. In such a way
the usage of a complete speech database in the target language
can be avoided. Two different types of acoustic models can be
used as source: monolingual or multilingual ones. Monolin-
gual source acoustic models imply the advantage of being build
more easily than multilingual ones. One the other hand, they
cover a smaller acoustic space and are therefore more sensitive
to similarities of the involved source and target languages.

The relationship between two crosslingual speech recogni-
tion methods was investigated in our previous paper [2], where
Slovenian was the target language. An expert knowledge ap-
proach based on the IPA scheme was compared against a data-
driven approach based on a phoneme confusion matrix. Some
first results on language similarity influence were presented too.
To further analyse the robustness against the influence of lan-
guage similarities, an additional set of experiments should be
carried out with a different target language.

In this paper a set of crosslingual speech recognition ex-
periments will be presented. We choose Hungarian as target
language. The recognition results were compared to results
obtained with Slovenian as target language. The crosslingual
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speech recognition results were used to analyse the robustness
of acoustic models against the influence of language similari-
ties. In parallel, with monolingual source acoustic models, a
separate set of special multilingual acoustic models was ap-
plied as source. The goal was to investigate the robustness of
such type of acoustic models for crosslingual speech recogni-
tion. All scripts and procedures developed in the framework of
MASPER initiative are publicly available and can be acquired
from the MASPER homepage [1].

2. Basics of crosslingual transfer
During the acoustic model transfer from a source to a target lan-
guage, the best match for each target phoneme must be found.
Two different approaches were employed to determine the sim-
ilarity between the incorporated data (acoustic models) and the
target language.

2.1. Expert-driven example with IPA scheme

The first approach is based on the IPA scheme [3, 4] which
defines acoustic-phonetic properties for phonemes in all lan-
guages. For each target language phoneme an equivalent
phoneme in the source language was searched for. As an equiv-
alent phoneme, the source phoneme with the same IPA symbol
was selected. In case that the IPA equivalent was non-existent,
the most similar phoneme according to the IPA scheme was
looked for. The main advantage of the IPA method is that it can
be applied without any speech material of the target language.
On the other side, expert knowledge, introducing a subjective
influence, is needed. This is because the same IPA symbol usu-
ally represents slightly different sounds in different languages.

2.2. Data-driven case based on phoneme confusion matrix

The second approach for crosslingual speech recognition in-
troduced in the acoustic modelling phase was the one based
on a phoneme confusion matrix [4, 5]. The idea behind this
method is that only the most similar phonemes will be con-
fused by a phoneme recogniser during the speech recognition
process. For generating a crosslingual confusion matrix, acous-
tic models from one of the source languages were applied on
speech utterances of the target language. The recognised se-
quence of source phonemes was then aligned to the reference
sequence of the target phonemes. The output of this align-
ment was the crosslingual phoneme confusion matrix M . Now,
for each target phoneme φtrg , the best corresponding source
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phoneme φsrc was searched for. As similarity measure, the
number of phoneme confusions c(φtrg, φsrc) was selected. A
target phoneme φ̂trg was defined as:

φ̂trg = arg max
φsrc

c(φtrg, φsrc). (1)

For each target phoneme φtrg the source phoneme φsrc with the
highest number of confusions c was determined. If two or more
source phonemes had the same highest number of confusions
c, the decision which one should represent the target phoneme
φ̂trg was left to the expert. The same procedure was employed
in case of no confusions between target and source phonemes.

The advantage of a crosslingual similarity measure based
on a confusion matrix is that it is fully data-driven and almost
no expert knowledge is needed. The disadvantage is that target
language speech material must be available to be able to gener-
ate the phoneme confusion matrix, but already a small amount
(less than 10% of complete speech database) is sufficient.

2.3. Semi-multilingual source acoustic models

A target phoneme can have an existing IPA source equivalent in
different languages. This fact was used as a basis to create an-
other set of crosslingual source acoustic models. As the primary
pool for determining the IPA source equivalent, the language
with the best crosslingual result was selected. If the IPA equiv-
alent was non-existent in the primary source language, other
source languages were included in the pool to determine the best
match. The result was that source acoustic models from differ-
ent languages were mixed together in one set, but they still re-
main independent – we labeled such a set as semi-multilingual.
Due to the limitations of our setup only context-independent
acoustic models were used.

3. Speech resources and target languages’
characteristics

The following languages were included in the set as source:
German, Spanish and Slovak. Hungarian and Slovenian were
chosen to be the target languages. In case when one of them
was applied as target language, the other one was added to the
source language set.

3.1. SpeechDat databases

The speech recognition experiments were performed using dif-
ferent SpeechDat fixed telephone databases [6]. All databases
were generated according to the same standard and have iden-
tical structure. The number of speakers per language varies be-
tween 500 and 5000 and depends on the population size per lan-
guage. To have the same number of speakers per language only
1000 speakers were selected. For each speaker 43 different ut-
terances were recorded [6]. Sentences inappropriate for speech
recognition [6], were excluded from the training set. After this,
the training set for each source language consisted of approxi-
mately 30.000 utterances.

3.2. Target languages involved

3.2.1. Slovenian

Slovenian is an Indo-European language and belongs to the
family of south Slavic languages. Its phoneme set consist of
59 different phonemes and allophones, although only 39 were
used during our experiments as the other are too rare to be able

to train reliable acoustic models. Slovenian is an inflexional
language, which results in a high number of different words
with the same stem. Such words that differ only in ending are a
non-trivial case for speech recognition. Another peculiarity of
Slovenian language is dual, which also increases the number of
words.

3.2.2. Hungarian

Hungarian is a Finno-Ugrian language and belongs to the family
of Uralic languages. Its phoneme set consists of 39 phonemes
(14 vowels and 25 consonants). During our experiments 68
acoustic phoneme models were trained, since consonant length
(a consonant may be short or long) is distinctive in Hungarian
and some allophones were also trained separately. Hungarian
is a highly inflexional language, this results in a huge number
of words with the same stem. For a noun the number of its
inflected forms may reach several hundreds. Such words that
differ only in ending are a non-trivial case for speech recogni-
tion.

4. Experimental setup

Monolingual speech recognisers, trained with a MASPER1
script, were needed for two different purposes. The first goal
was to build source acoustic models that were then applied in
crosslingual experiment. The second goal was to evaluate a pure
monolingual target language (Slovenian and Hungarian) speech
recogniser that served as reference for crosslingual experiments.
The results of the MASPER1 script were monolingual triphone
acoustic models with 32 Gaussian mixture probability density
functions per state. More details about the monolingual train-
ing procedure can be found in [2] and [1].

All speech recognisers were evaluated on six different test
subsets [6] from the SpeechDat database: application words
(A), yes/no answers (Q), isolated digits (I), connected digits (B),
city names (O), and phonetically balanced words (W). The sim-
plest test set had only 2 words in the vocabulary, the hardest one
several thousand words.

5. Transfer to the target language

A statistical overview of source phoneme mapping pairs for
both target languages is given to get an impression about
language overlap and their similarity. The Hungarian target
phoneme set consisted of 68 different phonemes, while the
Slovenian target phoneme set had only 39 phonemes as some
rare phonemes were mapped to more frequent ones. In Table 1,
the number of phonemes in the source languages and the ratio
of mapping pairs with the same SAMPA symbol – using the IPA
scheme (IPA) and the data-driven confusion matrix (CM) – can
be seen for both target languages.

For the Hungarian language, the highest overlap was
achieved with the German and Slovak phoneme sets, the over-
lap ratio for Slovenian was similar. The Spanish overlap was
low, due to the limited size of the phoneme set. In general,
if Slovenian was the target language, the overlap ratio was al-
ways much higher, than with Hungarian as target language.
This can be explained by the smaller Slovenian phoneme set.
When a phoneme confusion matrix was applied, it often oc-
curred that the target and source phoneme pair differed only in
length, which is also reflected in a lower overlap ratio for the
data-driven case.



Language. Set size HU-IPA (%) HU-CM (%) SI-IPA (%) SI-CM (%)

DE 47 45.6 38.2 76.9 33.3
ES 30 26.5 16.2 53.9 30.8
SK 51 45.6 36.8 74.4 56.4
HU 68 – – 76.9 41.0
SI 39 41.2 27.9 – –

Table 1: Number of phonemes in each source language and ratio of phoneme mapping pairs per both target languages with the same
symbol.

6. Results
6.1. Target language reference

For Hungarian and Slovenian target language two separate sets
of monolingual acoustic models were built and tested on the
complete speech database. The purpose is to use them as a
monolingual reference value for the crosslingual experiment.
The word error rates (WER) for six different test scenarios are
presented in Table 2.

Language A Q I BC O W

HU 0.17 0.57 0.00 0.78 3.59 5.53
SI 2.15 0.58 4.66 2.46 6.19 13.48

Table 2: Reference word error rate (%) for the monolingual
target language speech recognition.

It can be seen from the results in Table 2 that the WER
within one language mostly depends on the size of the vocabu-
lary. The best results were achieved with the simplest test sets -
yes/no answers and digits. Difficult test sets in both languages
were the O and W, with the worst results for the last case.

6.2. Crosslingual results

In the first step of the crosslingual speech recognition experi-
ments, the Hungarian language was the target. The WERs for
IPA approach are presented in Table 3.

Source A Q I B O W

DE 19.43 5.70 17.30 21.78 42.82 52.01
ES 52.78 27.07 51.89 68.24 100.00 80.98
SK 10.35 1.17 19.46 17.61 17.57 31.25
SI 35.56 11.97 36.76 47.87 48.55 58.26

Table 3: Hungarian crosslingual speech recognition perfor-
mance with the IPA scheme approach.

The best results using the IPA method were achieved for
Slovak and German source acoustic models. The smallest abso-
lute difference between monolingual and crosslingual acoustic
models was less than 1% for the Q test set. The complexity of
the test scenarios had a significant influence on the WER. The
Slovenian acoustic models performed worse than the acoustic
models from first two languages. The worst overall result was
achieved with the Spanish set.

In the phoneme confusion matrix approach for Hungarian
(Table 4), Slovak source acoustic models performed best but
the gap to German source acoustic models was very small. The
worst result was obtained with Spanish acoustic models.

Source A Q I B O W

DE 12.74 3.13 21.08 26.89 31.54 46.44
ES 64.29 26.21 63.24 66.65 100.00 93.89
SK 8.38 1.71 18.38 20.78 17.53 32.16
SI 28.18 7.41 24.86 41.75 35.43 49.19

Table 4: Hungarian crosslingual speech recognition perfor-
mance based on crosslingual phoneme confusion matrix ap-
proach.

If both transfer method (IPA and confusion matrix) are
compared, it can be seen that for the Hungarian target language
the phoneme confusion matrix approach outperforms the other
approach for German, Slovak and Slovenian. The IPA approach
is better only for Spanish.

Transferred source acoustic models from all source lan-
guages were now used for the Slovenian target language speech
recognition. More details about these results can be found in
[2]. First, the results of the IPA scheme approach are presented
in Table 5.

Source A Q I BC O W

DE 31.12 6.07 36.27 33.89 47.42 61.68
ES 60.37 5.78 68.91 79.50 81.96 89.59
HU 27.01 5.20 20.21 25.93 37.63 52.60
SK 18.88 1.16 17.10 22.46 27.32 39.65

Table 5: Slovenian crosslingual speech recognition perfor-
mance with IPA scheme approach.

The results of the IPA scheme method shows that the best
result was always achieved with Slovak source acoustic mod-
els. The difference between crosslingual acoustic models and
the Slovenian monolingual reference acoustic models depends
on the complexity of the test set. It is the smallest for the sim-
ple test set, like Q. The hardest task was always the W test set.
The second best source acoustic models for Slovenian speech
recognition were those from Hungarian being followed by the
German ones. Except of the Q test, the worst results were ob-
tained by the Spanish source acoustic models.

The Slovenian speech recognition results for the method
based on crosslingual phoneme confusion matrix approach are
presented in Table 6. As with the Slovenian IPA method, the
best results were achieved with the Slovak source acoustic mod-
els. Again, when the test complexity increased, also the gap be-
tween the crosslingual and the reference test results increased.
When Hungarian or German acoustic models were used as the
source, the obtained results where worse than for the Slovak
language. The worst results were produced with the Spanish



Source A Q I BC O W

DE 40.75 6.36 32.12 30.87 69.59 73.16
ES 76.64 5.78 74.09 78.56 96.91 97.46
HU 31.87 5.20 25.91 30.60 47.42 69.43
SK 19.81 0.58 13.99 16.59 32.99 40.19

Table 6: Slovenian crosslingual speech recognition perfor-
mance based on the crosslingual phoneme confusion matrix ap-
proach.

Figure 1: Average word error rate for the Hungarian target lan-
guage.

source acoustic models. If both crosslingual transfer methods
for the Slovenian language are compared, it can be seen, that
the IPA method was better than the phoneme confusion matrix
approach.

Source A Q I B O W

Semi-ML 13.14 3.70 24.86 38.39 28.02 39.84

Table 7: Hungarian crosslingual speech recognition results
with the semi-multilingual source acoustic models.

The semi-multilingual source acoustic models performed
worse (Table 7) than the monolingual source acoustic models.
The probable cause for this decrease in performance was that
only context-independent acoustic models were used.

To perform the language similarities influence analysis, the
average WER for each source language was calculated over all
six test sets. Fig. 1 shows the results for the Hungarian language
and Fig. 2 shows the results for the Slovenian language.

For the Hungarian target language the Slovak and the Ger-
man source acoustic models achieved similar results. Table 1 al-
ready showed that Hungarian should be a difficult case because
of its large phoneme set. As expected, the Slovak acoustic mod-
els were again the best choice in the case of the Slovenian target
language because they both belong to the same language group.
If we compare the achieved results for Hungarian and Slovenian
it can be seen that the results are comparable. The performance
of the Spanish acoustic models was low. This can be explained
with the small Spanish phoneme set available for the transfer. It
can be observed from the results that if one of the source lan-
guages belongs to the same language group it can be expected
that it will provide the best results. In the case, when no source
language belongs to the same group, the phoneme mapping pair
overlap could be a good indicator about the performance of dif-
ferent source acoustic models.

Figure 2: Average word error rate for the Slovenian target lan-
guage.

7. Conclusion
Crosslingual speech recognition experiments using two dif-
ferent target languages are presented in the paper. Expert-
knowledge and data-driven method for transfer were applied. A
language similarity analysis that can be used to identify the best
matching language pairs was also done. In future work, semi-
multilingual source acoustic models, based on a data-driven
similarity measure will be investigated.
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