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Abstract 
We propose a method to adapt acoustic models for robust 
speech recognition in real environments using data from other 
languages. In real-world speech recognition systems, we can 
effectively adapt acoustic models using the speech data logged 
by the system. However, when developing a system for a new 
language, this step is impossible since we have no such speech 
data for it. Assuming that similar Gaussians of each language 
have similar transfer vectors, in our proposed method, we 
estimate the transfer vectors of each Gaussian of the language 
for acoustic model adaptation by the transfer vectors of the 
other language. We evaluated the performance of Indonesian 
acoustic models that were adapted using the transfer vectors 
estimated from Japanese transfer vectors. Our proposed 
method achieved a relative error reduction rate of 10.6% for 
real environmental speech data.  
Index Terms acoustic model adaptation, cross-lingual, MAP-
VFS  

1. Introduction 
We have developed a network-based, speech-to-speech 
translation system called VoiceTra [1] that reduces language 
barriers around the world and implements vocal 
communication among different languages. VoiceTra4U-M 
[1], our latest version, has 31 languages available for chat and 
text input, 17 for voice input, and 14 for voice output. One 
remaining challenge is enabling voice input for more 
languages.  
 To realize voice input for a new language, we must develop 
an acoustic model for it. This requires a large amount of 
speech data for training. Such speech data must closely 
resemble or match the real-world speech. However, since 
collecting such speech data is expensive and time-consuming, 
we train an acoustic model with such data as read and clean 
speech that is different from real-world speech in many cases. 
So we must reduce the mismatch of the trained model and the 
real-world speech. 

One of the most effective and simple ways for reducing the 
mismatch is to adapt an acoustic model with the speech data 
logged by the system [3, 4]. However, when developing a 
system for a new language, that process is unavailable since 
we have no such speech data for it.  

When matched training data of a new language don’t exist or 
are very limited but a large number of matched training data of 
another language exist, a multilingual acoustic modeling 
approach is attractive [5]. Recently, many approaches to 
multilingual acoustic modeling have been proposed. Multi-

layer perceptrons (MLPs) trained using the acoustic data of 
another language were used to generate the MLP phone 
posterior features for a new language [6]. In the Subspace 
Gaussian Mixture Model (SGMM), which provides new 
acoustic modeling, its parameters can be shared across 
languages [7]. The Kullback-Leibler divergence based method 
can exploit multilingual information as universal phoneme 
posterior probabilities conditioned on the acoustics [8]. In 
Deep Neural Networks (DNNs), which provide another new 
acoustic modeling, multilingual speech data are used for 
unsupervised restricted Boltzmann machine based 
initialization of DNNs [9]. Most studies use multilingual 
speech data that were collected under similar acoustic 
conditions. Few studies have focused on reducing the 
mismatch between the trained model and real-world speech 
using multilingual speech data.  

In this paper, we propose a cross-lingual acoustic model 
adaptation method using the data from other languages for 
robust speech recognition in real environments. When 
adapting the trained model to real environments, in our 
proposed method, assuming that similar Gaussians of each 
language have similar transfer vectors, we estimate the transfer 
vectors of each Gaussian of the language for acoustic model 
adaptation by the transfer vectors of the other language to 
adapt the acoustic model by the speech data logged by the 
system.  

The environment and the speakers are the two primary 
sources of mismatch in real environments [2]. The 
environmental variation consists of additive noise and such 
transmission distortion as recording equipment. The speaker 
variation includes speech rates and speaking styles. We 
believe that environmental variation is generally common 
between languages because we estimated that VoiceTra is 
used in similar situations; such speaker variations as speech 
rates and speaking styles are also similar between languages. 
Therefore, we assume that the transfer vectors for acoustic 
model adaptation are similar between languages.  

We evaluate our proposed method on real environmental 
speech data that were collected by our network-based speech-
to-speech translation system called VoiceTra, which was 
released in July 2010. The total number of accesses to it from 
August 2010 to May 2012 was 7.5 million [10]. Therefore, the 
amount of data, which cover a wide range of speech variations 
in real environments, is large.  

The rest of this paper is organized as follows. Section 2 
presents our proposed method in detail, and Section 3 
describes the experimental evaluation results for speech 
recognition with a travel conversation recognition task.  
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2. Proposed Method 
The basic idea of our proposed method is to adapt an acoustic 

model of one language using the transfer vectors that are 
estimated by the transfer vectors of the other language (the 
source language). This idea assumes that we have two speech 
datasets. One dataset for the target and source language is 
comprised of the read and clean speech; such speech is 
different from real-world speech, but it has similar acoustic 
conditions, such as recording conditions and speaking styles 
between the target and source languages. The other dataset is 
the real-world speech data only for the source language; it 
does not include the speech data for the target language. When 
developing a system for a new language (the target language), 
this assumption is practical. For example, we already have the 
read and clean speech for the target and source languages [16] 
and the real-world speech data for the source language logged 
by VoiceTra even though we have no real-world speech data 
of VoiceTra for the target language.  

Figure 1 depicts an overview of our proposed method, which 
is composed of the following three steps. First, we train an 
acoustic model of each language using the read and clean 
speech data (base models in Fig. 1). Since the read and clean 
speech data has similar acoustic conditions, such as recording 
conditions and speaking styles between the target and source 
languages, the difference between the target and source 
language’s acoustic models is basically just the language 
difference. Second, we adapt the source language’s acoustic 
model using the speech data logged by VoiceTra (blue adapted 
model in Fig. 1). Then we estimate the source language’s 
transfer vectors (blue arrows in Fig. 1). Finally, the transfer 
vectors of each Gaussian of the target language (red arrows in 
Fig. 1) for the acoustic model adaptation are estimated by the 
transfer vectors of the source language (blue arrows in Fig. 1). 
Then we apply the transfer vectors of the target language (red 
arrows in Fig. 1) to adapt the base acoustic model of the target 
language (red base model in Fig. 1) to the adapted acoustic 
model (red adapted model in Fig. 1).  This last step is based on 
the assumption that the mismatch between the trained model 
and the real-world speech is somewhat independent of 
language, because we estimated that VoiceTra is used in 
similar environments; such speaker variations as speech rates 
and speaking styles are also similar between languages. In 
addition, as above mentioned, since the difference between the 
base models for the target and source languages is basically 
just language differences, we believe that it is possible to 
estimate the transfer vectors of each Gaussian of the target 
language for acoustic model adaptation by the transfer vectors 
of the source language to adapt the acoustic model by the 
speech data logged by VoiceTra. Note that our proposed 
method does not use any knowledge of the target language in 
real-world speech such as speaking style and needs no 
phoneme mapping between languages. 

In this paper, to realize our proposed method, we apply the 
MAP-VFS algorithm [11, 12], which was proposed for 
acoustic model adaptation techniques, especially speaker 
adaptation. The conventional methods only use one language, 
but our proposed method uses more than one. The source 
language’s transfer vectors are estimated by maximum a 
posteriori adaptation (MAP) [13]. We only adapted the mean 
of each Gaussian distribution, not the other parameters 
(variance, transition probability, and mixture gain for each 
Gaussian mixture) because the effectiveness of adapting them 
is relatively small [2] in many cases.  

 
Fig. 1 Overview of proposed method. “AM” means acoustic 
model. 
 

2.1. Estimation of transfer vectors with MAP on 
source language 
We recalculated the mean vectors of the Gaussian distributions 
of the initial model of the source language by concatenation 

training. Let  I
sμμ  and R

sμμ  be the s-th mean vectors of the 
Gaussian distribution of the initial and retrained models for the 
source language. Then the transfer vector for s-th mean vector 

svv  is the difference between I
sμμ  and R

sμμ : 

I
s

R
ss μμμv ��

,   (1)  

where 1Ks �  ( 1K  is the Gaussian distribution set with the 
source language’s training data). In this adaptive training, each 

mean vector I
sμμ   of the initial model is used as the mean of 

the a priori distribution. Next the MAP estimates of mean R
sμμ  

are solved [14]: 

I
ss

R
s nn

n
μmμ

�
�

� �
�

�
�

,  (2) 

where smm  is the sample mean of the s-th Gaussian 
distribution and the Maximum Likelihood estimate, n  is the 
total number of training samples observed for the 
corresponding Gaussian mixture component, and �  indicates 
the relative balance between the a prior knowledge and the 

empirical data. Substituting this into Eq. (l), transfer vector svv  
is given by 

)( I
ss

I
s

R
ss n

n
μmμμv �

�
���

� . (3) 

Then transfer vector svv , which is obtained by MAP 
estimation, is represented as follows with transfer vector   

)( I
ss

ML
s μμmv �� , which is calculated by Maximum 

Likelihood (ML) estimation:  

base models adapted models

source
language’s AM

target
language’s AM

source
language’s AM

target
language’s AM

1st step

2nd step

Final step
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Table 1 Amount of testing data 
 BTEC VTlog 

hours utterances hours utterances 
Japanese 0.45 510 0.54 589 
Indonesian 0.56 510 1.44 1903 

 
 

Table 2 Amount of training and adaptation data 
 
 
  

Training Adaptation 
(VTlog) 

hours utterances hours utterances 
Japanese 98.7 57 K 143.3 157 K 
Indonesian 76.1 80 K 4.5 6 K 

 

ML
ss n

n
vv

��
�  .  (4) 

This equation shows that a transfer vector with MAP 

estimation is obtained by modifying transfer vector ML
svv  with 

ML estimation by the weighting coefficient, which is a 
function that depends on the amount of training data n . 
 

2.2. Estimation of transfer vectors on target 
language 
As well as the source language, the mean vectors of the 
Gaussian distributions of the target language’s initial model 

are also recalculated by concatenation training. Let I
tμμ   be the 

t-th mean vectors of the Gaussian distribution of the initial 
models for the target language. Because we have no adaptation 
speech data for the target language, the transfer vectors of each 
Gaussian of the target language are estimated by the transfer 
vectors of the source language.  
These transfer vectors for the target language are characterized 

by I
tμμ , 2Kt �  ( 2K  is the target language’s Gaussian 

distribution set). Transfer vector tvv  of I
tμμ  is interpolated 

based on the following equation with trained transfer vectors 

svv :  

��
��

�
)(

,
)(

,
tNs

st
tNs

sstt
k

k

k

kk
�� vv ,   (5) 

where )(tN  is the set of the source language’s Gaussian 

distribution of k-nearest neighbors to  I
tμμ . 

kst ,�  is the 

weighting coefficient that depends on the distance between  
I
tμμ  and  

I
sk
μμ . I

tμμ  is transferred to R
tμμ  using interpolated 

transfer vector tvv :  

t
I
t

R
t vvμμ ��

.   (6) 
In this paper, we select the set of k-nearest neighbors based on 
Kullback-Leibler divergence (KL-divergence) [15] as the   

Table 3 WER of baseline system trained with read speech 
  WER (%) 
Japanese BTEC 17.74 

VTlog 37.75 
Indonesian BTEC 15.97 

VTlog 55.31 
 
Table 4 WER of adaptation using real environmental speech 
data on VTlog of Japanese 

  WER (%) 
Japanese baseline 37.75 

+MAP 24.66 
 
 
distance measure between the two distributions. Weighting 

coefficient ba,�   is calculated by Eq. (7): 

)exp( ,
, f

d ba
ba

�
�� ,  (7) 

where bad ,  is the distance between  I
aμμ  and R

bμμ  based on 

KL-divergence [15] and f  is a weight control parameter. 

 

2.3. Training of a silence model 
A silence model, which is one state of an acoustic model, is 
trained with non-speech data. In real-world speech recognition 
an acoustic model for silence is important, because real 
environmental speech data frequently include such non-speech 
parts as pauses in utterances. Since non-speech data are 
independent of language, we can easily train a silence model 
using the non-speech data of the source language without 
target-language knowledge. We use the silence model trained 
with the non-speech data of the source language, too. 
 

3. Evaluation 

3.1. Experimental setup 
In the following experiments, we trained systems and reported 
the results for two languages: Indonesian as the target 
language and Japanese as the source language.  
We experimentally evaluated our proposed method’s 
performance on a travel conversation recognition task. The 
amount of test data for the evaluation of each language is 
summarized in Table 1. We used two kinds of speech data. 
One is the Basic Travel Expression Corpus (BTEC) [16], 
which is read and clean speech data for basic travel 
expressions. The other is real environmental speech data 
logged by VoiceTra (VTlog) and contains such speech 
variation as noise and speaking styles.  

The amount of data used for training and adapting each 
language is summarized in Table 2. The training data consist   
of read speech, and the adaptation data are the real 
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Table 5 Evaluation of proposed method using real 
environmental speech data on VTlog of Indonesian. +SIL 
denotes the silence model trained with non-speech data on the 
source language. VTlog denotes the acoustic model adapted 
with VTlog on Indonesian, excluding the testing data.  

  WER (%) ERR (%) 
 
Indonesian 

Baseline 55.31 0.0 
Proposed 50.40 8.9 

Proposed (+SIL) 49.45 10.6 
VTlog 42.78 22.7 

 
 
environmental speech data logged by VoiceTra. The acoustic 
models were 3-state left-to-right and gender-independent 
triphone HMMs trained with the training data of each 
language. We used decision tree-based clustering to obtain 500 
and 5000 tied states for Indonesian and Japanese. We used 
four Gaussians per state for Indonesian and 16 for Japanese. 
The features are 39 MFCC coefficients including energy, plus 
	
and 		� and per-utterance mean normalization. The number 
of Gaussians of Indonesian is much fewer than Japanese, 
because we optimized the topology of the Indonesian acoustic 
model using a small part of the Indonesian training data. 
Therefore, it may be possible for further improvements to 
optimize the topology using all of the Indonesian training data. 

The language models (LMs) were a trigram with 635-K and 
16-K word lists on the BTEC corpus for Japanese and 
Indonesian. The number of words of the Japanese LM greatly 
exceeds the Indonesian LM, because the Japanese LM 
contains many proper nouns, such as landmarks, places, and 
names.  

 

3.2. Experimental results 

3.2.1. Baseline results 
First, we evaluated the Japanese and Indonesian acoustic 
models trained with the read speech data of the training data 
(Table 2). Table 3 shows our experimental result. The word 
error rate (WER) of BTEC, which was matched between the 
trained model and the test speech, was 17.74% for Japanese 
and 15.97% for Indonesian. On the other hand, the WER of 
VTlog was badly degraded and mismatched between the 
trained model and the test speech. The result was 37.75% for 
Japanese and 55.31% for Indonesian. This result confirms that 
degradation is caused by the mismatch between the trained 
model and the test speech.  

Second, to reduce the mismatch, we adapted the Japanese 
acoustic model with the real environmental speech data logged 
by VoiceTra. We estimated the Japanese transfer vectors by 
MAP estimation [13]. Table 4 shows the experimental results 
of the adaptation. The WER of VTlog improved from 37.75 to 
24.66%, indicating its effectiveness for adapting the acoustic 
models using VTlog’s matched speech data.  
 

3.2.2. Acoustic model adaptation with source language  
Finally, we evaluated our proposed method, whose parameters 
we experimentally determined: 10�� , 3�f , 10�k  
(KL-divergence). Table 5 shows the experimental result. The 

WER of VTlog improved from 55.31 to 50.40% and achieved 
an 8.9% relative error reduction rate (ERR). This result 
verifies our hypothesis that we can adapt the Indonesian 
acoustic model with the transfer vectors that were estimated by 
the transfer vectors of Japanese, the source language. Note that 
our proposed method does not use any knowledge of 
Indonesian (the target language) in real-world speech such as 
speaking style and needs no phoneme mapping between the 
two languages.  
When using the silence model trained with the non-speech 
data of the source language without any target language 
knowledge (+SIL), we achieved even further improvement to 
49.45% with an ERR of 10.6%. In addition, we evaluated an 
acoustic model that was adapted with 4.5 hours of real 
Indonesian environmental speech data logged by VoiceTra. 
The results (VTlog) show that we achieved 42.78% with an 
ERR of 22.7%. Without any knowledge of Indonesian in real-
world speech such as speaking style, the performance of the 
proposed method was equivalent to 46.8% of the improvement 
that was adapted using 4.5 hours of the speech data of 
Indonesian, the target language. Our proposed method’s 
performance fails to surpass the adaptation method using the 
target language’s speech data. However, we can apply it even 
without any adaptation data or any knowledge of the target 
language in real-world speech, and it is not expensive or time-
consuming.  
 

4. Conclusions 
In this paper, we proposed a cross-lingual acoustic model 
adaptation method using the data from other languages for 
robust speech recognition in real environments. When 
adapting the trained model to real environments, assuming that 
similar Gaussians of each language have similar transfer 
vectors, we estimated the transfer vectors of each Gaussian of 
the target language for acoustic model adaptation by the 
transfer vectors of the source language to adapt the acoustic 
model by the speech data logged by the system. We evaluated 
our proposed method on real environmental speech data that 
were collected by our network-based speech-to-speech 
translation system called VoiceTra. Our proposed method 
achieved a relative error reduction rate of 10.6% for real 
environmental speech data. This suggests that the mismatch 
between the trained model and real-world speech is somewhat 
independent of language, since we confirmed that we can 
adapt the Indonesian acoustic model with the transfer vectors 
that were estimated by the transfer vectors of Japanese, the 
source language. 

Future work will investigate the dependency of the source 
language, because improvement of our proposed method may 
depend on it. We are also considering how to improve our 
algorithm to include more languages. As our experimental 
results show, if we have real Indonesian environmental speech 
data, we can adapt the target language acoustic model using 
them and easily improve our result. In such cases, combining 
the proposed and adaptation methods may be possible for 
further improvements. Finally, we must also clarify the 
differences between the trained model and the real-world 
speech.  
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