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ABSTRACT However, it is generally difficult if not impossible to 
prepare a complete set of a priori noisy environment 
knowledge. Especially, the noisy environments which are not 
seen in the training phase (aka unseen noisy environment) may 
become potential sources of serious performance degradation 
for those non-blind methods. In other words, it is crucial how 
to well organize and efficiently utilize the a priori noisy 
environment knowledge. To efficiently take the advantage of a 
priori noisy environment knowledge and, at the same time, 
alleviate the problem of unseen noisy environments and 
speakers, an Eigen-MLLR method originally proposed only for 
speaker adaptation [7-8] is adopted in this paper. 

 
In this paper an eigen-maximum likelihood linear regression 
(Eigen-MLLR) method is proposed to utilize a set of a priori 
noisy environment/speaker knowledge to online compensate 
the characteristics of unknown test environment/speaker. This 
idea is straightforward but is motivated from our recent 
findings that both the characteristics of different kinds of noisy 
environments and speakers could be simultaneously well 
organized in a PCA-constructed Eigen-MLLR subspace. 
Especially, the first three dimensions of the constructed Eigen-
MLLR subspace are highly related to the SNR value, gender 
and type of noise. The proposed Eigen-MLLR was evaluated 
on Aurora 2 multi-condition training task. Experimental results 
showed that average word error rate (WER) of 6.14% was 
achieved. Moreover, Eigen-MLLR not only outperformed the 
multi-condition training baseline (Multi-Con., 13.72%) but also 
the blind ETSI advanced DSR front-end (ETSI-Adv., 8.65%), 
the histogram equalization (HEQ, 8.66%) and the non-blind 
reference model weighting (RMW, 7.29%) approaches.  

This idea is straightforward (from the viewpoint of 
speaker adaptation) but is motivated from our recent finding [5] 
that both the characteristics of different kinds of noisy 
environments (represented by a set of MLLR super-matrices) 
could be simultaneously well organized in a PCA-constructed 
Eigen-MLLR subspace. Especially, the first three dimensions 
of the constructed Eigen-MLLR subspace are highly related to 
the SNR value, gender and type of noise. It is therefore 
possible to (1) analyze a set of environment/speaker 
characteristics collected from all seen noisy 
environments/speakers in the training phase to construct an 
Eigen-MLLR environment/speaker subspace, and to then (2) 
optimally estimate (in the sense of maximum likelihood) the 
characteristics of the unknown test noisy environment/speaker 
in the test phase to compensate the HMMs of the ASR engine. 

 

Index Terms—Robust speech recognition. Eigen-MLLR, 
 
 

1. INTRODUCTION 
 
Robustness of automatic speech recognition (ASR) to various 
noisy environments is the most important issue for mass 
deployment of ASR-based applications. To this end, speech 
enhancement, adaptation and compensation methods are often 
applied to partially eliminate the noise effect. They can be 
roughly divided into two categories: blind and non-blind 
approaches. 

It is worthy noting that our goal is to use only one input 
test utterance to online (instead of offline or a few adaptation 
utterances as in other MLLR-based approaches) estimate and 
compensate the characteristics of the unknown test noisy 
environment. Moreover, since the Eigen-MLLR analysis could 
automatically find an eigen-matrix to discriminate gender, 
additional gender identification HMMs as in ESSEM [6] may 
be no longer necessary. 

The blind ones try to alleviate the noise effect using only 
the testing utterance. They include two-pass Wiener filtering in 
ETSI-Adv. [1] and HEQ [2], etc. On the other hand, the non-
blind ones, such as piecewise-linear transformation (PLT) [3],  
maximum likelihood based stochastic vector mapping (ML-
SVM) [4], RMW [5] and ensemble speaker and speaking 
environment modeling (ESSEM) [6], use not only the input 
testing utterance but also a priori knowledge of noisy 
environments to mitigate the noise distortion. 

The paper is organized as follows. Section II describes the 
proposed Eigen-MLLR method in detail. Section III reports the 
analysis and experimental results evaluated on the multi-
condition training task of Aurora 2 corpus [9]. Some 
conclusions are drawn in the last section. 
 

2. EIGEN-MLLR COMPENSATION Basically, the non-blind approach is preferable because it 
can take the advantage of a priori noisy environment 
knowledge to assist ASR in better dealing with the distortion of 
a specific noisy environment. This is especially true for the 
case when very limited data of the unknown test noisy 
environment is available. For example, PLT and ML-SVM 
cluster various types of noises under a variety of SNR 
conditions and trains one set of HMMs or transformation 
functions, respectively, for each cluster. RMW and ESSEM 
generate an ensemble speaker and speaking environment super-
vector formed by concatenating the set of the mean vectors of 
the corresponding HMMs or MLLR transformation matrices, 
respectively, to optimally synthesize a suitable HMM for the 
unknown test noisy speech. 

 
Fig. 1 displays a block diagram of the proposed Eigen-MLLR 
fast environment/speaker compensation framework for robust 
speech recognition. It is operating in two phases: (1) a training 
phase to analyze and properly organized a set of a priori noisy 
environment/speaker knowledge to construct an Eigen-MLLR 
subspace and (2) a test phase to optimally synthesize a set of 
test environment/speaker-compensated HMMs. 

In the training phase, a noisy environment/speaker-
independent HMM, ni� , is first trained from the observed 
speech feature vectors of all seen noisy environments/speakers. 
Then, a set of noisy environment/speaker-specific MLLR 
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super-matrices � �, 1 ~nW n N�  is generated by using MLLR to 

adapt  to each of these ni� N  seen noisy 
environments/speakers using its own observed speech feature 
vectors � �, 1 ~ N�nO n .

�̂

� �� �, , , ,, , 1 ~n n s k n s kW A b n N� �

� �, ,
ˆˆ ,s k s kA b

O
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� �� �, , , ,, , 0 ~E E E
m m s k m s kW A b m M� �

The set of MLLR super-matrices � �, 1 ~nW n N�  is 
analyzed by PCA to construct an Eigen-MLLR subspace 
represented by a set of MLLR eigen-matrices 

� �, 0� ~ ME
mW m  with 

1

1
N

n
n

WN
�

0

EW �  is the mean super-

matrix. This set of MLLR eigen-matrices � �, 0 ~E
mW m �

ni

M

and the noisy environment/speaker-independent HMM �  are 
then treated as the a priori noisy environment/speaker 
knowledge.

In the test phase, an optimal HMM for recognizing the 
input testing feature vector sequence, O , is synthesized by 
maximum likelihood eigen-decomposition (MLED) [8] to find 
a set of weights, �

�̂

�
Fig. 1:  A block diagram of the proposed Eigen-MLLR fast 
environment/speaker compensation framework for robust 
speech recognition. 0 1 2ˆ ˆ ˆ ˆ, , ,... M� � � �  with , to combine the 

set of MLLR eigen-matrices 

0�̂ 1�

� �, 0 ~E
mW m M�  so as to 

generate an estimate of the test environment/speaker 
characteristics, , and finally apply W  to transform 

2.2. Maximum Likelihood Eigen-Decomposition 

Ŵ ˆ
ni�  into 

.�̂

The Eigen-MLLR problem could be solved by the maximum 
likelihood eigen-decomposition (MLED) [8] formulation; we 
simply review MLED for the sake of completion in this sub-
section. Given the set of the MLLR eigen-matrices, 

, , , , , ,{ ( , ), 1~ , 1~ , 0E E E
m m s k m s k

In the following subsections, we discuss the two main 
parts of Eigen-MLLR in detail including (1) Eigen-MLLR 
subspace construction and (2) MLED weight optimization. }MW A b s S k K m� � � �� � � �

ni�

{ (1), (2),..., ( )}O o o o T

, the 

noisy environment/speaker-independent HMM  can be 
optimally adapted online to match with the input feature 
vectors, � , of the unknown test noisy 
environment/speaker by linearly combining the set of the 
MLLR eigen-matrices: 

2.1. Eigen-MLLR Subspace Construction 
 
In the Eigen-MLLR framework, we employ the MLLR method 
to measure how to adapt ni�  to the observed feature vectors of 
the n-th seen noisy environment/speaker. The relationship 
between the mean vector 

, , , , , , , ,
0

ˆˆ ˆˆ
M

E
s k s k s k s k m m s k s k s k

m
A b W� � �

�

� � 	 � �
 � Z,s k�  of the k-th mixture of the s-th

state of  and its counterpart 
�

K

 (2) 

ni� , ,n s k�  in the adapted HMM, 

, of the n-th noisy environment/speaker can be expressed by n� for 1 ~k �  and 1 ~s S� , where  with � �0 1, ,..., T
M� � �� �

1
, ,n s k�

A

, ,n nW A

, ,{ (E E
m m

, , , , ,n s k s k n s kA b�� � 	

b

, ,n s kA , ,n s kb

, ,, ), 1~s k n s kb s S��

, ,, ), 1~E
s k m s k

    (1) 0� �

where , ,n s k  and , ,n s k  are the mean transformation matrix and 
the bias vector, respectively. It is noted here that only the mean 
vectors of the mixture components of ni�  are transformed 
because they are the most important factors for speech 
recognition.

The set of  and  are concatenated into a MLLR 
super-matrix and is regarded as the environment/speaker 
characteristics of the n-th seen noisy environment/speaker, i.e.,  

. After 

that, PCA is applied to analyze and construct an Eigen-MLLR 
subspace. So, the a priori noisy environment/speaker 
knowledge is represented by ni�  and the set of M MLLR 
eigen-matrices, i.e., 

, ,, 1~ 1 Nk K� � � � �

, ,, 1~ 0

{ ( ,n

,

}�

}

 is the vector of combination weights; ,ˆs k� ,

, ,  1T
s k s k�

T
� � � �� , and, ,m s k , , , ,

E E E
m s k m s kW A b� � � �

� �, ,
E

s k m s k� �

{ (1), (2)O o o

, s k

,...,

, , 0 ~�

( )}o T

W m MZ  are the mismatch-compensated 

mean vector, the extended mean vector, the augmented mean 
transformation matrix, and the transformed mean matrix for the 
k-th mixture component of the s-th state of the HMM model, 
respectively. The input test feature vector sequence, 

� , can then be recognized using the 
noisy environment/speaker mismatch-compensated HMM 
model �̂ .

MW A b s�� S k m� � � � �K �

The problem can, therefore, be stated as: how to optimally 
estimate the combination weight vector �  directly from the 
observed testing sequence, O , in order to adapt the noisy 
environment/speaker-independent HMM, , to ni� �̂  for the 
unknown test noisy environment/speaker. The maximum 
likelihood (ML) criterion defined below is often adopted for 
this optimization problem: 

with 

1
N

0, ,
E

, ,
1

k n s kWs
n

. It is worthy noting that the popular tree 

structure-based class tying can also be applied to reduce the 
number of MLLR transformation matrices. 

W N
�

�

� �� �ˆˆ arg max |P O
�

� � � �    (3) 

The expectation-maximization (EM) algorithm is applied 
to solve the optimization problem by taking the state and 
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mixture sequence � �{ ( ) ( ), ( ) , 1, , }t s t k t t T�� � � � �

( , )Q �

  as the 
hidden data and add them to form the complete data sequence 

. An auxiliary function { , }O � � �  is defined as follows: 

�, , ,
1 1 1

ˆ( , ) ( ) log ( ( ); , )
T S K

s k s k s k s k
t s k

Q t c N o t� �
� � �
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 �,�  (4) 

where �  and  are the old and new MLLR eigen-matrices 
combination weight vectors, respectively; 

��

,ˆs k��

,..., M��

 is the 
mismatch-compensated mean vector of the k-th mixture 
component of the s-th state using  with � �0 1, T� �� � �� �

0 1�� � ; and 

In all following evaluations, we simply followed the 
experimental conditions of Aurora 2 protocols by using 
Hamming window of 25 ms with a frame shift of 10 ms for 
framing. 39-diemsional MFCCs were used to train 16-state 
word HMMs with 3 mixtures in each state. Moreover, cepstral 
normalization was applied to partially remove the distortion of 
noises. 

 
3.2. Analysis of the Constructed Eigen-MLLR 
Subspace 

� � � �
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, ,
,

, ,
1 1

ˆ( ( ); , )
( )

ˆ( ( ); , )

t t s k s k s k
s k S K

t t j s j s j
i j

s s c N o t
t

i i c N o t
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�
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� �

�
� �

�
 

,  (5) 

In the Aurora 2 multi-condition training task, only the first 4 
types of noises were available for building the speech 
recognizer. For each noise type, there are 7 different SNRs 
including “clean”, -5 dB, 0 dB, 5 dB, 10 dB, 15 dB and 20 dB. 
Therefore, there are 28 different seen noisy environments for 
each speaker. The collections of all seen noisy 
environments/speakers were used to extract the set of a priori
noisy environment/speaker-specific MLLR super-matrices (6 
block MLLR mean transformation matrices, in total 3822 
dimensions per environment) and further analyzed by PCA to 
construct an Eigen-MLLR subspace 

is the occupancy probability for � �( ) ( ), ( )t s t k t� �  calculated 
by the forward-backward algorithm using the adapted HMM 

 derived from  with the old combination weight vector 
.

�̂
�

ni�

By further ignoring some terms not related to �� , Eq. (5) 
can be simplified and expressed by 

� �
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,

1 1 1

1
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Z Z �

�
�

 (6) 

Then the new weight vector  can be found by solving the 
following linear system: 
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1
1
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1 1 1
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Z Z

Z
  (7) 

Fig. 2(a) shows the projections of the training noisy 
environments/speakers on the first and second dimension of the 
constructed Eigen-MLLR subspace. From the figure, it is very 
interesting to see that the first and second dimension of the 
constructed Eigen-MLLR subspace is highly related to the 
SNR value and gender, respectively. Especially, the projections 
of the MLLR super-matrices of female and male are clearly 
separated with each other. These results suggest that additional 
gender identification HMMs as in [6] are not necessary. 

Fig. 2(b) shows the projections of the female MLLR 
super-matrices on the first and third dimension of the 
constructed Eigen-MLLR subspace (the projections of the male 
super-matrices are similar). From the figures, it could be seen 
that the first and third dimension of the constructed Eigen-
MLLR subspace is highly related to the SNR value and type of 
noise, respectively. 

The expectation and maximization steps of the EM 
algorithm (i.e., Eqs.(5)-(7)) are iteratively applied until the 
likelihood converges. In summary, these results confirmed that the 

characteristics of noisy environments/speakers could be 
simultaneously well organized in a PCA-constructed Eigen-
MLLR subspace. It is therefore possible to optimally combine 
the set of MLLR eigen-matrices for fast environment/speaker 
compensation. 

3. EXPERIMENTAL RESULTS ON 
AURORA 2 

The proposed Eigen-MLLR robust speech recognition method 
was evaluated on the multi-condition training task of Aurora 2 
corpus.

 
3.3. Performance Evaluation 

 Several approaches were evaluated and compared on the test 
sets A, B and C of Aurora 2 database including (1) multi-
condition training baseline, blind (2) ETSI-Adv., (3) HEQ, and 
non-blind (4) RMW and (5) the proposed Eigen-MLLR 
approaches. It is worthy noting that RMW and Eigen-MLLR 
all used the same set of MLLR super-matrices as the a priori 
knowledge. But RMW didn’t apply PCA to transform the set of
MLLR super-matrices into eigen-matrices. Moreover, Eigen-
MLLR kept the maximum possible number of eigen-matrices 
(i.e., 56 eigen-matrices without dimension reduction) here for 
fair comparison. 

3.1. Aurora 2 Multi-Condition Training Task 

In the multi-condition training task of Aurora 2 corpus, the 
eight noises including (1) subway, (2) babble, (3) car, (4) 
inhibition, (5) restaurant, (6) street, (7) airport and (8) railway, 
are divided into 4 disjoint sets, i.e., one training and three test 
sets, sets A, B and C. For the training set, only noise types 
(1)~(4) are available to build the speech recognizer. Test set A 
also includes noise types (1)~(4), but set B has noise types 
(5)~(8). On the other hand, test set C has the same noise types 
(1) and (5) but they go through different communication 
channels compared with the training set. For each type of noise, 
a set of clean utterances and 5 sets of noisy utterances with 
SNRs ranging from 0~20 dB are used for evaluation. It is noted 
that set A, B, and C represent the scenario of seen noisy 
environment, unseen noisy environment, and unseen 
communication channels, respectively. 

Performance comparison and summary are shown in Fig. 
3(a) and (b). It can be seen from Fig. 3(a) that the blind ETSI-
Adv. and HEQ methods all performed better than the multi-
condition training baseline, with the average WERs of 8.65% 
and 8.66%, respectively, were achieved. On the other hand, the 
non-blind RMW and Eigen-MLLR further improved the 
average WERs to 7.29% and 6.14%, respectively. These results 
reveal the benefits of utilizing a priori noisy 
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environment/speaker knowledge. Especially, Eigen-MLLR 
worked much better than all others on unseen noises and 
channels, i.e., test set B and C. Moreover, Fig 3(b) shows that 
Eigen-MLLR consistently outperformed others in all different 
SNR conditions. 
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It is also interesting to see that, although, Eigen-MLLR 
and RMW all used the same set of MLLR super-matrices as the 
a priori noisy environment/speaker knowledge, Eigen-MLLR 
further gained 15.8% relative error rate reduction comparing 
with the RMW method by applying PCA to transform the 
MLLR super-matrices into eigen-matrices. This may show that 
Eigen-MLLR could more efficiently explore the set of a priori
noisy environment/speaker knowledge than RMW. 

4. CONCLUSIONS 

In this paper a non-blind Eigen-MLLR framework is proposed 
for fast noisy environment/speaker compensation. 
Experimental results on Aurora 2 database showed that (1) the 
characteristics of different kinds of noisy 
environments/speakers could be well organized in a PCA-
constructed Eigen-MLLR subspace at the same time. 
Especially, the first three dimensions of the constructed Eigen-
MLLR subspace are highly related to the SNR value, gender 
and type of noise, (2) Eigen-MLLR could efficiently utilize a 
set of a priori noise environment/speaker knowledge to deal 
with both seen and unseen noisy environments/speakers. 
Especially, Eigen-MLLR further gained 15.8 % relative error 
reduction comparing with RMW. Eigen-MLLR is therefore a 
promising method for robust speech recognition. 
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Fig. 2:  The constructed Eigen-MLLR subspace and the 
projections of super-matrices of various noisy 
environments/speakers in Aurora 2 multi-condition training set: 
(a) female (solid lines)  and male (dot lines) in the first and 
second, (b) four types of noises (female) in the first and third 
dimension of the Eigen-MLLR subspace. 
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