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ABSTRACT

In this study we present di�erent approaches to the
recognition of non-natives. With a corpus in Ger-
man spoken by speakers with 56 di�erent �rst lan-
guages, the Strange Corpus, we perform recognition
experiments with monolingual and multilingual rec-
ognizers. Among other, we compared two German
recognizers, one that was trained in addition with
non-native (Italian) speech and the other trained with
German speakers only. We found that best perfor-
mance is achieved with the recognizer trained with
German including non-native speech, followed by a
bilingual recognizer and an Italian recognizer trained
with German and Italian natives.

1. INTRODUCTION

Over the years, speech recognition has become more
robust for applications in noisy environments and
other issues like speaker independency and sponta-
neous speech. One problem, however, is to under-
stand speakers that vary from the speakers the sys-
tem is trained with. This di�erence may be regional
dialects where people training a system have the same
dialect, but someone else coming from another region
still has to be understood reliably [4]. This can also
be variations due to an accent of a speaker, when
someone speaks to the recognizer in his second lan-
guage. This issue may be important for information
systems used by foreign travelers or in bilingual re-
gions like South Tyrol in Italy where both Italian and
German are spoken by the inhabitants but only one
of them as �rst language [9].
For this study we have chosen a corpus with native
speakers of di�erent countries with some knowledge
ofGerman who all speak one German phrase. We
compare the performance of several recognizers that
were either trained with German or the native lan-
guage of a speaker as well as bi- and trilingual rec-
ognizers. For the German recognizers, we have data
with German natives and non-natives.
In order to reduce confusion in the naming of lan-
guages, we will speak of the language to be recognized
as the goal language, the �rst or native language is
that one the speaker learnt �rst in childhood. With
non-native speech, we mean speech uttered in a lan-
guage that is di�erent from the �rst language of the
speaker.
In the following, we will shortly describe the corpus
we used for these experiments. In Section 3 we will

describe the system architecture we used for our ap-
proach and describe the data that were available for
the training of mono- and multilingual recognizers.
Then, the experiments and results will be given in
the following section, followed by a conclusion.

2. THE STRANGE CORPUS

The Strange Corpus was recorded at the Bavarian
Archive For Speech Signals (BAS) of the Institute for
Phonetics at the University of Munich, Germany [7].
It contains a sentence spoken by people with 56 �rst
languages from all over the world entitled Nordwind
und Sonne (North Wind and Sun) with 125 words,
thereof 72 distinct words:

Nordwind und Sonne. Einst stritten sich
Nordwind und Sonne, wer von ihnen beiden
wohl der St�arkere w�are, als ein Wanderer,
der in einen warmen Mantel geh�ullt war, des
Weges daherkam. Sie wurden einig, da� der-
jenige f�ur den St�arkeren gelten sollte, der
den Wanderer zwingen w�urde, seinen Man-
tel abzunehmen. Der Nordwind blies mit
aller Macht, aber je mehr er blies, desto
fester h�ullte sich der Wanderer in seinen
Mantel ein. Endlich gab der Nordwind den
Kampf auf. Nun erw�armte die Sonne die
Luft mit ihren freundlichen Strahlen, und
schon nach wenigen Augenblicken zog der
Wanderer seinen Mantel aus. Da mu�te der
Nordwind zugeben, da� die Sonne von ihnen
beiden der St�arkere war.

The words of this sentence are modeled with 61 Ger-
man phonemes. The corpus is spoken by 88 speak-
ers, including 16 German natives. The sentences are
recorded with a Sennheiser microphone with 16 kHz
sampling rate.

3. RECOGNITION SYSTEMS

For these experiments, we use the ISADORA recog-
nition system that has already been employed among
others for a train information system [3] and within
a data-entry system [1].

3.1. System Architecture

The ISADORA system processes feature extraction
of 12 cepstral features, with their �rst derivates, re-
sulting in 24 feature at each frame. We use semi-
continuous HMMs, and no language model for recog-
nition.
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The vocabulary of the Strange Corpus is inserted
to the recognizers with their pronunciation in mono-
phones. For the German recognizers, also most words
are unknown, since this text has a vocabulary that
does usually not occur in the applications like ap-
pointment scheduling or in the land register domain.

3.2. Multilingual Recognizers

As acoustic units we chose to use the 61 phonemes as
acoustic units, since the use of e. g. polyphones would
make the approach more complicated for experiments
with other languages, which do not have the same
phones, and even less the same polyphones. Also,
the substitution process would get more complicated,
if not only a certain percentage of these 61 phonemes
would have to be replaced but also the up to 2000
polyphones.
When multilingual recognizers are trained with data
from di�erent languages, many phones like /a/ ap-
pear in most languages. A decision must be made, if
e. g. the phones /a/lg1 and /a/lg2 of two languages
are assumed identical and thus, in the training pro-
cess, the occurrence of each of these phones trains
the same multilingual phone or if they are assumed
as di�erent phones, and thus the number of phones
of a multilingual recognizer is up to n times higher
when training n languages. Another problem when
using distinct acoustic units for each language, is to
decide which of the e. g. /a/lg1 to /a/lgN will be used
for the recognition in the Strange Corpus.
We use both approaches, but for the evaluation of
this approach, we will only give results for the �rst
approach with common acoustic units, i. e. if they
have the same IPA or SAMPA notation.
Another problem when recognizing one language with
a recognizer that was trained with other languages is
that some phones of the goal language (here German)
have not been trained at all since these phones do
not occur in one of the training languages. We have
training material in German, Italian, Slovak, Slove-
nian, Czech, English and Japanese, and out of these
languages, the phone /y/ does only occur in German.
Thus, for recognition the needed phone must in order
to be able to recognize the most similar must be sub-
stituted by the most similar trained phone, or some
interpolation between two similar phones has to be
done.
There are mainly three ways to estimate the most
similar phone, which have been applied in di�erent
approaches to multilingual speech recognition, e. g.
[2, 6, 8]:

1. Substitute phones na(t)ively, depending on how
non-natives performs the substitution of a for
him unpronounceable phone. This approach
needs to have data from non-natives and some
experience in the classi�cation, i. e. which pho-
netic di�erences are systematic.

2. Substitute or cluster phones according to their
phonological characteristics like voiced plosive.
Substitution uses the most similar phone instead,
whereas clustering takes several di�erent phones
and interpolates the parameters in some way,
e. g. a mid vowel could be interpolated by the

front and back vowel if both occur in the train-
ing language. The problem here is to �nd out
which of the classi�cation criteria (e. g. for con-
sonants), like manner or place of production is
more important, and which of the criteria should
be in accordance.

3. Data-driven according to a similarity measure in
the acoustic space, in the codebook etc. Here,
without any regard to the process of the pro-
duction of the phone, the most similar phone is
chosen and substituted. In many cases, the cho-
sen phone corresponds to the phonologically cho-
sen one, but in some cases, others are chosen [2].
The problem is that at least some data of the
new language has to be available in order to �nd
out which phones are the most similar ones.

Here we use the na(t)ive approach for the trained
languages, since we have speaking examples of these
speakers, and in general a certain knowledge on non-
native accent in our �rst language.

4. EXPERIMENTAL RESULTS

As already mentioned, we have training data of
seven languages: for Slovak (Sa), Slovenian (Se) and
Czech (Cz) from an information requiry system for
train/ight connection (SQEL, [5]). For English
(En), Japanese (Jp) and German (G2), we have data
from the VerbMobil appointment scheduling task.
Both applications contain spontaneous speech. For
Italian (It) and German (G1), we have data from the
SpeeData project which developed a natural speech
data-entry system for Italian and German in the land
register domain. The data are spoken in Italian or
German with natives and dialect speakers of both
languages. Thus, half of the German language data
are spoken by Italian natives with a certain degree
of accent. In the following, we will call this Ger-
man Corpus G1, while we call the German data from
VerbMobil G2. The amount of acoustic data (in
hours) can be seen in Table 1.

Language G1 It Sa Se
Data/hours 8.6 7.6 5.1 6.1

Cz Jp En G2
7.2 27.4 9.6 28.5

Table 1. Acoustic data for each language

We have trained 8 monolingual recognizers for all 8
corpora (7 languages). Furthermore we have trained
an Italian-German-G1 bilingual recognizer (which
showed best performance for bilingual recognition),
as well as one for Slovak and Slovenian. Further-
more, we have trained a trilingual recognizer for the
Slavic languages (Sa-Se-Cz). Finally, we have trained
a bilingual recognizer for English and German-G2.
Table 2 shows the word accuracy without language
model for these recognizers. The second column
shows the average word accuracy for the complete
corpus of native and non-native speakers, while col-
umn three and four show the performance evaluated
on the native language of the speaker.
Best performance is achieved for the G1 German rec-
ognizer with 60 % word accuracy. The other German



Recognizer total native non-native

G1 60.6 62.3 60.2
Italian 40.1 37.0 40.8
Slovak 16.5 19.7 15.8
Slovenian 12.7 19.7 11.2
Czech 18.7 20.7 18.3
English 13.4 20.9 11.8
Japanese 18.1 18.7 18.0
G2 56.6 70.3 53.7
G1 + Italian 59.9 62.3 59.4
Slovak + Slovenian 20.0 24.6 19.0
G2 + English 45.0 57.2 42.4
Sa + Se + Cz 24.0 28.8 23.0

Table 2. Word accuracy for the Strange Corpus with
di�erent recognizers

recognizer (G2) achieves a performance of only 56 %.
Although there is three times more data available for
the German G2 language, recognition is worse. One
explication for the di�erence in performance can be
seen in the speakers of the training data, i. e. that the
G1 speakers are non-native, and therefore the acous-
tic units are modeled less sharp, but more robust for
the recognition of non-natives.

The bilingual Italian-G1 recognizer has the second
best performance and even outperforms the G2 rec-
ognizer. Previously, we also found out that this bilin-
gual recognizer performs better than the G1 recog-
nizer for its application task, thus we can see, that in
this case there is no degradation caused by speech in
another language and no bad inuence on the acoustic
units which are estimated also with Italian phones.

The Italian recognizer shows with 40 % word accuracy
the best performance of the monolingual non-German
recognizers with the others being in the range of 12
to 18 % word accuracy. This di�erence can be ex-
plained by the fact that for the training of the Italian
recognizer German natives were involved. Another
reason may be the number of phone substitutions:
for the Italian recognizer, no substitutions were nec-
essary since all German phones were represented due
to the bilingual application, whereas for the other lan-
guages several phones had to be replaced.

These results show clearly the inuence of the
native/non-native training material on the perfor-
mance of non-natives. It is best to have non-natives
already included in the training data. If there are no
non-natives included in the training material, it may
also be helpful to have data of native Germans speak-
ing another language, since some acoustic structures
of German remain also when Germans speak a for-
eign language (which can be perceived by humans as
the accent).

Looking at bilingual recognizers, we can see the same
e�ect as for monolingual recognizers: performance is
better, if the German language is involved in training.
The performance decreases compared to the mono-
lingual German recognizers, more for the English-G2
recognizer than for the Italian-G1 recognizer, since
in the Italian-G1 recognizer information about the
German language comes also from the Italian part of
the data. For the recognizer without German train-

ing data, an improvement is observed compared to
the corresponding monolingual recognizers from 12{
16 % to almost 20 %. We assume that on the one
hand the higher amount of training material causes
the di�erence, but also the higher robustness of the
acoustic units which are now estimated by di�erent
languages and therefore may converge towards multi-
lingual acoustic units where the German phones are
only one special representation.
Looking at trilingual recognizers, we can �nd more
improvement for the recognizer where German is not
involved in training from 20 % to 24 % for the trilin-
gual Slavic recognizer. This supports the hypothesis
that the more languages are involved the better recog-
nition gets, although it is far from the performance
from a recognizer trained with suitable (native+non-
native German) data.
Comparing the performance of native vs. non-native
speakers, we can �nd an astonishing gap for the Ger-
man recognizers: while the performance for the G1
recognizer is almost the same for both speaker groups
(62 vs. 60 %), the G2 recognizer has a large gap in
the performance with 70 % for natives and 53 % for
non-natives. Again, we can suppose that the acoustic
units are modeled more precisely (also according to
the larger amount of training data) for native Ger-
mans, but have problems in the recognition of non-
natives.
Performance is better for natives besides for the Ital-
ian recognizer which was trained with German natives
speaking Italian. We could guess that some kind of
non-native characteristics may be learnt by the rec-
ognizer, or simply, that most of the non-natives in the
Strange Corpus speak with a structure similar to that
of Italian like a lower consonant/vowel ratio (also for
Japanese with CV structured words, the di�erence
between the speaker groups is low.
Among the speakers are also some Swiss people who
speak one out of a set of regional dialects as their
�rst language as well as standard German inuenced
by the respective dialects. In this corpus, they speak
dialect inuenced standard German. Swiss dialects
belong to the group of Southern German dialects like
the one spoken in the region of South Tyrol, and we
can thus �nd a performance for the G1 recognizer
of 77.0 % for the Swiss compared to 62 % for Ger-
mans in Germany. For native Italians, we also found
a big di�erence for of 79 % vs. 60 % compared to
non-Italian non-natives with the G1 recognizer. Dif-
ferences in the same direction can also be found for
the other recognizers, but to a much smaller extent.
When we look at language families, we can �nd a
relatively better performance for Slavic natives when
a recognizer trained with Slavic data is involved:
while for most recognizers, the performance of Slavic
speakers is around the average performance for non-
natives, the performance for Slavic speakers almost
doubles with Slavic recognizers compared to other
non-natives. Still, the performance is some points
worse for the trilingual Slavic recognizer than for the
G1 recognizer with Slavic speakers.
We also evaluated the performance with respect to
language families and found a performance for Ger-



manic languages slightly higher than average (61.9
vs. 60.2 %), with Romanic languages having an even
higher performance of 64.8 % word accuracy for the
G1 recognizer. The G2 recognizer, however has a
recognition for Germanic languages of 65 % and 59
% for Romanic languages. Thus, we can see that our
assumptions on languages might also be transferred
to language families: if a Romanic language is in-
cluded into training, the performance gets better for
Romanic natives speaking German.
An evaluation on continents in order to �nd out if
some geographical vicinity may have an inuence on
the acoustic structure of languages (like the inuence
on dialects at language borders) showed the best per-
formance for Europe (with or without German na-
tives), followed by South America and Asia for both
German recognizers. Poor performance was achieved
for African speakers. Instead of a similarity due to the
vicinity the di�erence may be caused by the vicinity
of the language families, since in all over Southern
America Indoeuropean languages are spoken, while
most of the African languages do not belong to In-
doeuropean languages.

5. CONCLUSION

In this study on the recognition of non-native speech
we were able to compare the performance of two rec-
ognizers trained with German speech. One had a
part of the data spoken by non-natives, the other
had purely natives and a three times higher amount
of training data. The performance on natives is bet-
ter with the approach with pure German data, but
may also be due to the higher amount of training
data. For non-natives, however, the performance is
higher for the recognizer that was trained with non-
natives. If non-natives shall be recognized reliably
it is necessary to include non-native speech into the
training material. The origin of the non-natives is
not as important as their non-native speech, which
possibly makes the acoustic units more robust than
the pure German language acoustic units.
If there is no non-native speech available, it also im-
proves performance to include non-native speech of
people with the �rst language to be recognized, in
this case German natives speaking another language
with accent. This may probably help since there is a
certain similarity to the goal language, but still some
variation to make the parameters more robust in con-
trast to taking completely di�erent training data like
native speech in another language which might con-
fuse the system's parameters.
Thirdly we found that, if the goal language is not
involved in training, multilingual recognizers perform
better than monolingual ones. This may be due to
the higher amount of training material, but also a way
of �nding a robust but meaningful representation of
phones.
For an evaluation on geographic vicinity of language
and therefore an inuence on the performance, we
found no evidence.
Thus, for the understanding of non-natives, nothing is
more important than having non-native speech of the
goal language in the training material or at least non-

native speech of native speakers of the goal language.
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