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ABSTRACT Over the years, the Interactive Systems Labs have been

involved in various multilingual and cross-cultural projects

and has gained significant experience in building human-
human interfaces for speech translation and multilingual speech
. . . . applications, as well as human-machine interfaces in many
tion of several monolingual into one multilingual language different languages. As a consequence, our work is mo-

mo?elic FurthermoreAI\lng ext_e?d I? ur t?cgnlques to thehcon'tivated by the strong need for a truly multilingual speech
cept of grammars. INGUISHC knowledge sources share recognizer that is flexible enough for use with various ap-
one common interface to the search engine. As a conse-

| del t b iV int : @Iications. The work presented here focuses on a speech
quence, new language model types can be eastly integrate ngine that simultaneously serves such diverse applications
into our Ibis decoder. Based on a multilingual acoustic model

i~ - as the human-robot interface of the SFB prdjgtite inter-

we compare multilingual statistical n-gram language mod- face to an intelligent room in the FAME projéctand our

els with multilingual grammars. Results are given in terms mobile linguistic tourist assistant, LingWear

of recognition performance as well as resource requirements. In the SFB project, a very fléxible humf;m-machine in-
They show that _(a) n-gram LMs can be easily combined at terface is required that allows to seamlessly switch between
the meta level without major loss in performance, (b) gram- several languages and domains. Our interface, combined

mars are very suitable to model multilinguality, (c) language with a dialogue manager, allows those switches, and, to-

Z\ngggeth%iri‘qzisSIg(lg)mti]aentrl?a/s:)e:rléce:egvte)?/hgzg]g]‘]oihﬁalggl?n ﬁ\ether with grammar based speech recognition, the dialogue
i T ) anager even manipulates the grammar at the rule level to
multiple Ianguage_s In one _Ianguage model s a_C(_:eptable’achieve a better recognition performance on user responses.
gnd () Ianguage identification can be done implicitly dur- In the FAME project the interface is required to handle ver-
ing decoding. bal interactions in different languages and multiple domains
but also to implicitly identify the language during decod-
1. INTRODUCTION ing. Our mobile linguistic tourist assistant LingWear [6] not
only requires a flexible multilingual speech interface, but
The increasing interest in multilingual mobile devices has has strict limitations on available computing and memory
generated a need for small footprint engines and speectresources. As a consequence, we use semantic grammars to
recognition systems which can not only handle input from model the linguistic system knowledge. Furthermore, since
many languages, but also can switch seamlessly betweetingWear also integrates speech-to-speech translation it is
those languages. The problems associated with buildingnecessary to share as much knowledge between the differ-
a multilingual speech recognizer are closely related to theent input languages as possible.
multi-domain case. A solution to the first problem might In order to meet the above described requirements, we
also solve the second as shown by Hazen et. al [1] for a FST4ntroduce a new language modeling methaayltilingual
based recognizer. As of today, the majority of speech rec-Meta-LM, that allows the user to easily combine several
ognizers only processes one language (and one domain) at monolingual language models into one multilingual LM.
time. Recently, many groups have investigated the potentialFurthermore, we extend the research in multilingual lan-
of multilingual acoustic models, but only little research has — , . _
been done on handling language models for multiple Ian—L Sonderforschung;berelch SF_B, No. 588, I;Iuman0|de Roboter -
ernende und kooperierende multimodale Roboter

guages [2, 3] or cqmbining pOIh multilingual acoustic and  2pamE (Facilitating Agent for Multicultural Exchange) and is funded
language models, into one single system [4, 5]. by the European Commission as IST-2000-28323

In this paper we introduce techniques for building a multi-
lingual speech recognizer. More specifically, we present a
new language model method that allows for the combina-




guage modeling to the concept of grammars, which often model word with the same spelling. The mapping has to be
prove to be superior to statistical language models on smallsurjective, which means that all search words unknown by
domains. We apply the Meta-LM approach to monolingual the LM are mapped to a special unknown LM word.
n-gram language models and compare it to our multilingual
grammars in terms of recognition performance and resourc
requirements.

Since we combine the multilingual language models with Using grammars instead of n-gram language models is espe-
our multilingual acoustic model [7], we can build a truly cially an advantage in small domains, where less domain de-
multilingual speech recognizer that allows seamless switch-pendent training data is available for n-gram language mod-

e2.2. Context Free Grammars

ing between languages (and domains). els. Rather than compiling one finite state graph out of all
the terminals given by the grammars, we use a more dy-

2. LANGUAGE MODELING IN THE IBIS namic approach, where several rule based finite state graphs
DECODER consisting of terminals and non-terminals, are linked to-

gether by their non-terminal symbols. During decoding, a
The Ibis decoder [8] was developed at the University of rule stack gives us the ability to enter and leave the linked
Karlsruhe as part of our Janus Recognition Toolkit (JRTK). finite state graphs. This kind of network organization has
Besides several other advantages such as smaller memorysually a smaller memory footprint and results in higher
usage and higher recognition speed, Ibis allows us to decoddlexibility for using grammars in speech recognition in com-
along context free grammars in addition to the classical sta-bination with a dialogue management system. Furthermore,
tistical n-gram language models. In the following sections, it enables us to work with real context free grammars.
we describe our common language model interface to the  Several domain dependent sub-grammars can be acti-
single pass search engine and some features of our contextated/deactivated and loaded at run time. The activation/de-

free grammar implementation. activation mechanism goes all the way to the rule level, giv-
ing the dialogue management system the full control over
2.1. LM Interface and Vocabulary Mapper the speech recognizer. Furthermore, it is also allowed to pe-

nalize grammars or rules by giving them a penalty factor.
The common language model interface abstracts from dif- Another feature is that grammars can be expanded on the
ferent linguistic knowledge sources, such as phrase languagfly by new rules or terminals without restarting the recog-
models, grammars or interpolated linguistic knowledge sourGgsger. Even new words can be added to the grammar and the
It makes it easy to attach new language model types andsearch network on the fly. In most cases we work with non-
consists mainly of three functions, which are usually called statistical grammars, i.e. each transition to the next word
by the search engine: has the same language model score.

To cope with spontaneous non-verbal speech events and
non-human noises, we are using the mechanism of filler
words in the decoder, which can potentially occur between
lks.scoreArray (LCT) gives back the array of scores for any two terminals. Instead of asking the language model for

all language model words given a specific linguistic their score, a predefined filler penalty is applied.
context,

lks.extendLCT (LCT, LVX) extends a given linguisticcon- 3. MULTILINGUAL LANGUAGE MODELING

text by a given language model word to form a new - o
linguistic context, The goal of multilingual language modeling is to be able

to recognize utterances from multiple languages with the
In the case of a grammar, a linguistic context (LCT) is use of a single recognition engine. This not only requires a
equal to a grammar state or, in the case of an n-gram lan-multilingual language model, but also a multilingual acous-
guage model, to the n-gram history of length- 1. The tic model. We studied the latter problem already extensively
term LVX refers to the language model vocabulary index. A [7] and will apply our results in this paper.
vocabulary mapper is used to map search vocabtieoyds Experiments in multilingual n-gram language modeling
to language model words. In the standard case of an n-granhave been performedin[2, 3, 4, 5] and can be divided by the
language model, each search vocabulary word is stripped ofdegree to which language switching is allowed. [4] merged
its variant information and directly mapped to the language the corpora of two languages to calculate one combined

3The search vocabulary is not necessarily identical to the pronuncia- trigram language model, thus allowing language switching

tion lexicon, e.g. two items in the search vocabulary can rely on the same &t @ny time. _They introduced a penalt.y factor to control
pronunciation. language switches, but could not regain full performance

Iks.createLCT () creates the initial linguistic context, which
consists usually only of the begin of a sentence,




compared to the monolingual case. [2] built a four-lingual changes. The information that is captured in the shape of
language model that allows language switching through athe probability distribution over the n-grams of a language
common backoff-node which was implemented as a pauseis possibly corrupted. We therefore implemented a new ap-
model, i.e. language switching is possible by inserting a proach for the Ibis language model interface that allows to
pause. [3] calculated n-grams on two monolingual corpora easily combine two monolingual language models and ef-
and introduced one common sentence-begin and sentencdectively prevents language switching within an utterance.
end symbol, therefore language switching is possible at theTo do so we introduced a meta layer between the monolin-
sentence level. With this setup, they could achieve good re-gual language models and the decoder and catluiltilin-
sults if the amount of text was the same for both languages.gual Meta-LM

The idea behind our Meta-LM is to prevent language
switches by allowing expansions of a given LCT by words
taken from the same language as the LCT only. So in this
3.1.1. Previous Work case, an LCT not only represents the n-gram history, but

. also information about the languages that the words in the

In [5], we compared three approaches to multilingual n- hisiory come from. The extension of an LCT by an un-
gram language modeling. In the first, we concatenated twoyanted word gets the worst possible score. If the language
language tagged training corpora, and calculated alanguagg the LCT is not yet decided, because it only consists of

model on the new corpus as introduced by [4]. This ap- ords from all languages, the score is interpolated from all
proach fails when the sizes of the training corpora are highly monolingual language models.

unbalanced., like in our case, where the English corpus was  gjnce the n-gram language models for different languages
about 218 times larger than the German one. On averagegiye probabilities that differ in magnitude for reasons de-
German n-grams were assigned a smaller probability thangcrined above, our multilingual language model allows the
English n-grams, and, therefore, German words were oftengppication of different weights to the scores from the indi-
incorrectly recognized as English ones. In our second ap-y;iqyal monolingual language models. Though we applied
proach we interpolated between two monolingual language g ,; Meta-LM so far only to n-gram language models, it is

models using constant weights. Because of the U”ba|ance%ossible to use any type of language model, e.g. interpo-
corpora, less n-grams for a specific n were seen for Germangieq language models or grammars.

compared to English. So most of the n-grams probabilities
in the German language model were higher than most of
the n-gram probabilities in the English model. Now English
words were often incorrectly recognized as German onesTo handle multilingual grammars we make use of the mech-
because the German n-gram probabilities dominated the Enanism of having several different grammars in parallel, as
glish. In order to overcome these problems, we balanceddescribed in section 2.1. When asking for the next scores
the probability distribution functions of the two languages given a linguistic context the grammar itself ensures, that
by assigning similar probabilities to two n-grams obtained language switching is not permissible by giving the worst
from different corpora if they had a similar frequency rank possible score to unwanted words.

with respect to the rest of the n-grams obtained from the ~ The multilingual grammar, together with its language
respective corpus. This third approach showed the best perdependent sub-grammars, appears as one linguistic knowl-
formance, but the multilingual recognition results were still edge source — a grammar set — to the decoder. Therefore,
relatively poor compared to the monolingual case [5]. the language model vocabulary is built over all grammars in
the set. When mapping the different multilingual search vo-
cabularies to the language model indices, one has a choice
of two mapping methods:

3.1. Multilingual N-gram LMs

3.2. Multilingual Grammars

3.1.2. Combining Monolingual LMs at a Meta Level

In our task, language switching takes place only at utter-
ance boundaries. It is, therefore, desirable to suppress the
language switching within an utterance. However, the meth-
ods for multilingual language models from [5] still allow
language switching after every word. Furthermore, those
methods require complex manipulations of the counts of
the individual language models before merging them. Also, e Language model words with the same orthographic

e Language dependent search vocabulary words can be
mapped to the appropriate language dependent lan-
guage model word. Therefore, all language model
words with the same orthographic representation have
to be tagged with a language id.

through this process of balancing the probability distribu- representation and semantic meaning can be shared
tions, the relations of the n-grams within a language are across the languages, which means, in our case, that
changed. Though the ranking of the n-grams in terms of fre- e.g. a street name shares the same LVX in all lan-

guency remains the same, the distance between the n-grams guages.



The second method has a major advantage over the first Language| Speakers Utterances| Duration
one, especially in the case that speakers of one language German 11 457 17
are familiar with the other language. The method allows English 9 363 14
the decoding of a word with the pronunciation of another Total 20 820 31
language, e.g. a street name, without switching the language _
model and without destroying the semantic meaning of the Table 1. Overview of the test set
word.

German| English
3.3. Multi-domain and context language modeling vocabulary sizel  2.574 2.029
LM corpus size| 9.167 | 260.914

Though our research in this work focuses on multilingual
speech recognition, the techniques to combine monolingual
grammars and language models can be easily transfered to
multi-domain speech recognition. In this case one decodes
different domains using one decoding engine and one CoM-rapie 5 Size of the vocabularies, grammars and LM train-
mon acoustic model but separate domain specific Ianguagqng corpora
models. This approach has several benefits. First, it is very
easy to implement if the domain-dependent language mod-
els already exist. Second, the construction of several do-
mains becomes decoupled from each other and is thereforésaussians. The input vector is a combination of 13 Mel-
easier to separately optimize and maintain. Third, by avoid- frequency scaled cepstral coefficients (MFCC) at the time
ing to combine the training material of different domains, of the current frame and seven MFCC vectors to the left
there is no chance for contamination. and right. A linear discriminant analysis (LDA) reduced the
In the LingWear project we use this approach to per- dimension of the input vector to 40.
form speech translation in the medical domain in addition Incorporated into this system are techniques such as in-
to speech recognition in the navigation domain. For SFB cremental vocal tract length normalization, cepstral mean
and FAME we use a multi-domain approach based on gram-normalization, and feature space adaptation. The models
mars using the activation/deactivation feature as mentionedwere trained in a language independent way using a tech-
in 2.2. We make use of this feature not only on the higher nique calledViLtag[7]. In MLtag, the training material for
level of complete domains, but allow the dialogue manager phonemes is shared in a knowledge-based way with the help
to control the speech recognizer depending on single com-of the alphabet of the International Phonetic Association.
munication contexts by activation/deactivation or weighting Previous research has shown that it is best to preserve the

grammar rules 132 198
grammar nodes  1.357 1.408
grammar arcs 2.061 1.357

of specific rules. language information of a phoneme so that the algorithm
for clustering the context dependent models can ask for the
4. EXPERIMENTS AND RESULTS language of a phoneme and decide whether it wants to share

the parameters of poly-phones from different languages or

In order to show the differences in recognition performance NOt [7].

and resource requirements of the different approaches for

multilingual language modeling, we applied them to the 4.2. Data

navigation domain of the LingWear mobile tourist assis-

tant. Throughout the experiments, we use one multilingual German and English test data were collected from native
acoustic model trained in the languages German and En-SPeakers using a laptop and a close-talking microphone. It
glish. The performance of the multilingual acoustic in com- €ontains spontaneous speech queries to LingWear while tour-

models serves as a baseline. quests for directions and informations, whereby informa-

tions about streets, hotels, restaurants, sights and other places
of interest were stored in the database. The users also asked
for recommendations. Table 1 gives an overview.

For our experiments we used the multilingual acoustic de-  Table 2 shows the sizes of the vocabularies used for rec-
scribed in [5]. 5000 context dependent tri-phone models ognizing the two languages and the size of the two language
were trained on 60 hours of spontaneous German (GSST)model training corpora, together with the grammar sizes.
and 40 hours of spontaneous English (ESST) Verbmobil- While the vocabularies and grammars are roughly equal in

Il speech data, as well as 15h of English Broadcast Newssize, the amount of available language model training ma-
(BN). Every acoustic unit was modeled by a mixture of 30 terial differs substantially. The English training corpus is

4.1. Multilingual Acoustic



approximately 28 times as big as the German one. Not all4.5. Multilingual Grammar and N-gram LM
queries of the test set were covered by the n-gram LMs and

grammars. 4.5.1. Multilingual n-gram Meta-LM

In German, both the WER and the SER increases slightly
4.3. Baselines by 1.8% compared to the monolingual case. Therefore, the
Meta-LM outperforms the mixed one. However, in English

Using the multilingual acoustic, we decoded the English the WER falls short of the monolingual and mixed LM re-
and German test set separately with the help of monolingualsults. It increases by 14%. However, the SER only increases
n-gram language models as well as monolingual grammarspy 1.7%.
The results can be seen in the first two rows of table 3. For ~ The increase in WER is due to the high amount of lan-
all experiments we used the same beam settings during deguage switches, the highest in English among all presented
coding. When optimizing the language model parametersmethods. Even though the number of switches roughly equals
for the single languages, one can see, that there is only ahat of the mixed LM, a language switch in the Meta-LM
small difference between the languages. causes more word errors than for the mixed LM, since the

When comparing the monolingual numbers of the En- Meta-LM always recognizes a whole utterance in the wrong
glish grammar with the English n-gram LM an increase in language in the case of a language switch. One reason for
WER by 14.7%, but a decrease in SER by 7% is seen. Inthe switches seems to be, that German noises at the be-
German, there is a gain of 9.4% in WER and also a large ginning of a sentence get a higher LM score than the En-
gain of 9.4% in the SER. It is also noticed that the WERS glish ones due to the imbalance of the LM training corpora.
and SERs for the grammars in English and German are ly-Since all noises share the same acoustic independent of their
ing in the same range, which means that both test sets are ofanguage but are seen as language dependent words in the
equal difficulty. The difference between the results of En- language model, German noises are preferred over English,
glish and German in the case of the n-gram LM can only be therefore pruning away English hypotheses at the beginning
explained by the fact that the English LM training material of the search.
outweighs the German material by a factor of 28. The Meta-LM shows the slowest runtime behavior of

When comparing the real time factors between the n- all examined methods, because of the extra meta layer in-
gram LMs and the grammars, it can be seen that the gram+roduced above the monolingual LMs. But the loss in speed
mar is roughly twice as fast as the n-gram LM. The n-gram is still acceptable when compared to the ease of use of the
LM loses more in the case of German due to the poor cover-Meta-LM.
age of the LM. Thus, decoding along context free grammars
in h restricted domains gives a large advantage over the
stasrlljc(i:arde:-tgrcatm approach.g ¢ g 4.5.2. Multilingual Grammar

The results of the experiments of the multilingual grammar
show that measured over both languages, the grammar ap-
proach outperforms the n-gram LM approaches. Compared
In analogy to the first experiment in [5] mentioned above, to the monolingual grammar baseline, the overall WER in-
we simply concatenated the two language tagged LM train-creases only by 4% and the SERs are nearly equal. In the
ing corpora. We then trained a new n-gram model on this case of English the decrease in the SER is a result of the
corpus and call it thenultilingual Mix-LM. The resultsinta-  search vocabulary to language model vocabulary mapping.
ble 3 show that the performance on English stays the sameMainly street names, like ‘Kaiserstrasse’, and other points
However, on the German test set, the WER increases severedf interest with a German orthography are replaced by their
by 17%, the SER increases by 3.3%. As mentioned above German pronunciation variant. This was not counted as a
and also observed by [5], the difference between the WERslanguage switch, because the semantic meaning of the sen-
can only be explained by the large difference of the LM tence was not changed. Examples other than street names
training corpora sizes. This explanation is also validated by include ‘okay’, ‘in’ or the noise models. It can also be seen,
the LID, which is in the case of German the worst observed that the balance in WERs and SERs between both languages
error rate, while on English it is almost as good as the Meta- is not changed by using the multilingual approach, because
LM. our non-statistical grammars do not have to cope with un-
The run time behavior of the system is, as expected, balanced training corpora sizes. Due to the larger search
slower than the monolingual systems, due to the larger searcépace when using the multilingual grammars, the RTFs in-
space. The system is faster than the Meta-LM system, how-crease by nearly 28%, but are still twice as small as com-
ever, because of the missing meta layer, which producespared to the multilingual n-gram LM approaches.
some additional overhead. As mentioned already in the multilingual n-gram Meta-

4.4. Simple Merging of N-gram LM Training Corpora



English German

Language | Type WER| SER| LID [ RTF| WER| SER LD | RTF
monolingual | n-gram 21.7% | 47.4% — | 0.70 || 26.5% | 54.4% -1 1.29
monolingual | grammar 24.9% | 44.1% 0.48 || 24.0% | 42.2% — | 0.48

multilingual | n-gram Mix-LM 21.6% | 46.8% | 5.51% | 1.00 || 31.0% | 56.2% | 10.28% | 1.38
multilingual | n-gram Meta-LM || 24.8% | 48.2% | 6.06% | 1.24 || 27.0% | 55.4% | 0.22% | 1.51
multilingual | grammar 25.9% | 43.2% | 3.58% | 0.67 || 25.0% | 42.7% | 1.75% | 0.61

Table 3. Performance and resource usage of both systems. SER is the sentence error rate. LID (language identification error rate) is the
percentage of sentences with language switches. The real-time factor (RTF) was computed on a Laptop with a 1.13GHz Pentium Il Mobile
Processor.

LM, the grammar also had to cope with language switches, 6. ACKNOWLEDGMENT
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ggz{gra% f;etf]e g‘ilzl(; tzee ﬁgza'serpil:]ctirl]ovxéavg?écgn?:ft;:;%s (Humanoide Roboter - Lernende und kooperierende mul-
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the user queries. Furthermore, when using grammars it is :

search foundation (DFG).
not necessary to use a separate parser for the language pro-
cessing because the parse tree of the recognizer can be given

directly to the dialogue manager.

Again, without losing too much in word accuracy, de-
coding is nearly twice as fast compared to the n-gram LM
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