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Abstract
In this paper, we present a unified approach for hidden markov
model based multilingual speech recognition. The proposed
approach could be used across acoustically similar as well as
diverse languages. We use an automatic phone mapping algo-
rithm to map phones across languages and reduce the effective
number of phones in the multililingual acoustic model. We
experimentally verify the effectiveness of the approach using
two acoustically similar languages, Tamil and Hindi and also
American English which is very different from the other two
languages acoustically. The experimental results are very en-
couraging and demonstrate the effectiveness of the approach in
building a universal multilingual speech recognition system.

1. Introduction
A practical approach to multilingual speech recognition for
countries like India where more than 30 languages are spoken
across the country would be to have a truly multilingual acoustic
model. This multilingual model should then be adapted to the
target language with the help of a language identification sys-
tem. This is more important in the case of telephony applica-
tions where the conversations can be of short durations and the
language could change from one conversation to another.

Indian languages in general belong to either Dravidian fam-
ily or Aryan family or both. For example, a south Indian lan-
guage Malayalam is derived from another south Indian lan-
guage Tamil, a Dravidian language. But, its vocabulary is rich
with words derived from sanskrit, an Aryan language, making
it resemble the Dravidian and Aryan languages. The acoustic
characteristics of some of the Malayalam phones are similar to
Tamil, while some are closer to Sanskrit. Therefore, while deal-
ing with Indian languages, there are acoustic similarities across
languages that could be shared to our advantage to reduce the
overall size of the acoustic model.

Dealing with many languages at the same time, the easi-
est and effective approach would be to identify the language
with the help of a language identification system and choose
the appropriate monolingual acoustic model for decoding. This
approach however suffers from mainly two drawbacks:

• Enrolling a new language to the system can be too time
consuming and expensive as the process invloves huge
amount of data collection, and needs complete building
of the acoustic model for the new language without any
effective usage of the existing models.

• Size of the acoustic models would keep increasing as the
number of languages to be dealt with increases.

There has been several research efforts towards building a
truly multilingual system[1][7][8][9][10][11]. Some of the ap-
proaches used combining the acoustic models of the phones

with the same IPA symbol across languages[1][11]. Further,
to enhance the modeling accuracy, they also used decision tree
clustering[4] with language specific questions as well[1]. In
an earlier experiment[1] to combine two diverse languages,
Tamil and American English, we followed this approach and
the best word recognition results we could get was 67 per cent
for American English and 64.5 per cent for Tamil with a fi-
nite state grammar driving the search for a vocabulary of 1000
words. In our experiments[1], we assumed that the language
identity[13] of the sentence was known before decoding the sen-
tence. There are also data driven approaches to cluster phones
across languages[7][12].

In this paper, we use a statistical distance measure, Bhat-
tacharyya distance[2][3], to map phones across languages com-
bining acoustic and phonetic knowledge. First, we combine two
languages Tamil and Hindi to build a bilingual system. In build-
ing this system, we tried to map every phone in Tamil to a phone
in Hindi if possible, otherwise it is retained. It may be noted that
Tamil and Hindi phones have got significant similarities com-
pared to non-Indian languages like American English. In the
next step, we wanted to convert and adapt this bilingual sys-
tem to a trilingual system without going through the detailed
model building process starting from monophones. For this,
we mapped every phone in American English to a phone in the
bilingual system and adapted the bilingual system for a few it-
erations for the combined pool of data of the three languages
Tamil, Hindi and American English. Due to the significant
differences between the bilingual system system and Ameri-
can English phones, it is expected to perform worse than their
monolingual counterparts. However, comparing with our earlier
experiments[1] using the IPA symbols and decision tree cluster-
ing to combine two diverse languages, Tamil and English, the
present set of experiments offered very promising results.

The acoustic models for all the systems are trained using
the HTK toolkit version 3.1[14], growing in steps from a single
gaussian monophone based system to an eight gaussian mixture
based triphone model using decision tree clustering[4].We used
13 cepstrum, delta cepstrum, and acceleration coefficients each
making the size of the feature vector to 39.

2. System Building
2.1. Phone mapping across languages

When we are to combine acoustic models of two languages, we
need to know the phones that are acoustically similar in these
languages while others may still may have language dependent
models. For this, we grouped all the phones in each of the lan-
guage into phonetically and acoustically similar clusters. To
compare the acoustic similarities of phones, we developed sin-
gle gaussian monophone acoustic models for all the phones.
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Then, the well known Bhattacharyya distance DBhat in eqn.
(1)[2][3] is used to measure the similarity of the phones. If the
distance between two phones is smaller, they are perceived to
be similar compared to another phone with a larger distance.
The Bhattacharyya distance of every phone in one language is
compared with all the phones in the other language belonging to
the same cluster to which the source phone belongs and the one
with the minimum distance is chosen to map the source phone.
At times, it may be possible that a phone in the source language
to be mapped may not have phone in the target language be-
longing to the cluster it belongs. In such cases, the phone is not
mapped to any phone and it is ratained in the combined phone
inventory.
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where µ1 and Σ1 are the mean and variance of the
source phone to be mapped, and µ2 and Σ2 are the re-
spective mean and variance of the target phone.

The acoustic characteristics of different phones in Ameri-
can English are very different from their Indian language coun-
terparts. So, using the baseline system acoustic model de-
veloped for Tamil and Hindi could not therefore be directly
deployed to decode sentences in American English. As in
the earlier case, we clustered phones for the Indian languages
and phones for the American English into acoustically similar
groups based on linguistic knowledge. Then, the Bhattacharyya
distance of each phone in American English is calculated to the
phones in the same cluster of the bilingual system phone set and
the one with the minimum distance is chosen to map the Amer-
ican English phone in the bilingual system developed for Tamil
and Hindi. If a particular phone belongs to more than one clus-
ter, then it is compared with the phones in all those clusters in
the bilingual phone set. It may be noted that unlike in the pre-
vious case, a phone in American English is always mapped to a
phone in the bilingual phone set to avoid an increase in the size
of the phone inventory.

After the mapping of the phones in American English to the
phones in the bilingual system, the acoustic models are adapted
for four iterations using the combined training data for Hindi,
Tamil and English to have the trilingual system.

2.2. Bilingual system for Tamil and Hindi

We developed the bilingual acoustic model for Tamil and Hindi
using the following steps:

• We grouped the phones into acoustically and phoneti-
cally similar clusters, for each of the language.

• Developed single gaussian acoustic model for all the
monophones.

• For each phone in Tamil, we calculated the Bhat-
tacharyya distance DBhat [2] to all the phones in the
same group for Hindi. If the distance is below a thresh-
old, the source phone in Tamil would be mapped to that
phone in Hindi. Otherwise, both the phones would be
modeled separately in the bilingual system.

• For some phones in Tamil, there may not be a phone in
Hindi that belongs to the same cluster. In such cases, the
algorithm will not try to map that phone in Tamil to a
phone in Hindi.

• After getting the list of phones for the bilingual system,
the lexicon for Tamil is edited using the rules obtained
for mapping.

Table 1. Tamil and Hindi vowel phone set after mapping

2.3. Trilingual system for Tamil, Hindi and American Eng-
lish

After building the bilingual system for Tamil and Hindi, the
American English is enrolled to the system using the following
steps:

• The phones are clustered into acoustically and phoneti-
cally similar groups for the bilingual system and Amer-
ican English. The clusters are formed carefully in such
a way that every American English phone would have at
least one phone to map to in the bilingual system.



Table 2. Tamil and Hindi consonants phone set after mapping
Table 3: Word recognition accuracy for three languages in per
cent using separate monolingual systems

Tamil Hindi American Eng-
lish

98.45 96.6 98.6

Table 4: Word recognition accuracy for the bilingual system in
per cent

Tamil Hindi
96.89 95.31

• Every American English phone’s Bhattacharyya distance
to all the phones in the bilingual system belonging to
the same cluster is calclulated and the phone with the
minimum distance is chosen to map that phone.

• After mapping the phones, the American English lexicon
is edited using the mapping rules.

• The bilingual acoustic models - 8 mixture of gaussians
based triphone models - are then adapted to American
English by retraining the system for 4 iterations using
the combined pool of training data of Tamil, Hindi and
American English.

3. Experiments and Results
For building the acoustic model, we used 20 hours of PSTN
quality Tamil speech and 28 hours of PSTN quality Hindi
speech recorded at 8 kHz sampling frequency. There are 74
speakers enrolled for Tamil training corpus and 105 speakers
for Hindi. For the test set, we used a total of 72 utterances from
16 speakers for Tamil and 85 utterances from 16 speakers for
Hindi. For the American English, we used NTIMIT database
from the Linguistic Data Consortium(LDC). We used 4600 sen-
tences for training, and 400 sentences for testing. HTK version
3.1[14] was used for training the acoustic models. 13 cepstrum,
and its first and second order derivatives making the total num-
ber of feature vectors to 39 are used to model the HMMs.

Since our aim was to compare the effectiveness of the phone
mapping in building a multilingual speech recognition system,
we chose a small task of 1000 words recognition for each of
the languages. The search was driven by a finite state word
grammar network.

In the case of bilingual system and the trilingual system,
there was no explicit language identification performed. The
grammar network for the bilingual system consisted possible
sentences of both the languages, while for the trilingual system
catered for three languages. Thus, the bilingual and trilingual
system deocding was done for 2000 words and 3000 words vo-
cabulary respectively rather than 1000 words in the monolingual
system. Language was identified as part of an integrated search
and there was no need for an explicit language identification in
this setup.

Table 1 lists the details how vowel phones in Tamil and
Hindi are mapped in the bilingual system using Bhattacharya
distance, and Table 2 lists the mapping details for consonants.
Table 3 lists the word recognition accuracy of the system for
Tamil, Hindi and American English using the monolingual



Table 5: Phone clusters used for building the trilingual system

Name of Phones in the Phones in
the cluster bilingual system American English
voiced stop b b bd bh b
voiced stop d dh dhh d dd dxx d dh
nasal ng ng ng eng
nasal m m m em
voiced lateral l ll lzh l el

Table 6: American English vowel phone mapping

American English Bilingual system
ah ax ay axn
ao oy ow
eh ey eyn
axr aan

acoustic models and Table 4 reports the accuracy of the bilin-
gual system for Tamil and Hindi.

Table 5 lists a subset of the phone clusters used in gen-
erating the phone mapping in the trilingual system and Table
6 shows the details of how some of the vowels in American
English are mapped to vowels in the bilingual Indian language
phone set. For brevity consonant mapping table is not listed in
this paper. It may be noted that more than one phone may get
mapped to a single phone at times. The model is then re-trained
for four iterations for all the three languages. This acoustic
model is then used to decode the sentences in any of the three
languages. It is clear from the mapping table that for American
English, the modeling accuracy would be less than that of Tamil
and Hindi. Table 7 describes the word recognition accuracy re-
sults of the trilingual system for the three languages. Table 8
gives the number of phones in different systems for comparison
purposes. It may be noted that the bilingual and the trilingual
systems have performed well in comparison with our earlier re-
sults reported in [1].

4. Conclusion

In this paper, we presented a unified approach to build truly
multilingual speech recognition systems. We demonstrated the
effectiveness of the approach using two acoustically similar lan-
guages, Tamil and Hindi, and an acoustically dissimilar lan-
guage American English. It is well known that language depen-
dent systems peform better than language independent systems.
By combining three languages, two similar, and another dissim-
ilar language, we observe that the loss of recognition accuracy
has not been too significant as compared to our earlier work [1]
to combine two languages Tamil and English.

The easy enrollment of English language with diverse
acoustic characteristics to the bilingual system for Tamil and
Hindi shows the effectiveness of the proposed approach to en-
roll new languages even with diverse acoustic characteristics.
This approach presents a new way to tie phones in different lan-
guages into a unified phonetic inventory. Using this approach,
new languages can be accomodated into the system very easily.

Table 7: Word recognition accuracy for the trilingual system in
per cent

Tamil Hindi American Eng-
lish

95.08 96.0 96.38

Table 8: Number of phones in different systems

Tamil Hindi English BilingualTrilingual
Phones 44 58 47 72 72
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