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ABSTRACT

Recently, we, at The University of Hong Kong (HKU) have pro-
posed several approaches based on stochastic vector mapping and
switching linear Gaussian HMMs to compensate for environmen-
tal distortions in robust speech recognition. In this paper, we present
a comparative study of these algorithms and report results of per-
formance evaluation on Aurora connected digits databases. By fol-
lowing the protocol specified by the organizer of the Eurospeech-
2003 special session on Aurora tasks, the best performance we
achieved on Aurora2 database is a digit recognition error rate,
averaged on all three test sets, of 5.53% and 6.28% for multi-
and clean-condition training respectively. In a preliminary eval-
uation on Aurora3 Finnish and Spanish databases, significant per-
formance improvement is also achieved by our approach.

1. INTRODUCTION

Finding effective ways of dealing with robustness issues has been
one of the most important research areas in automatic speech recog-
nition. For example, in real applications related to the portable
devices, such as cell phone or PDA, speech recognition engines
usually have to be used in the presence of different acoustic en-
vironments or channels. In light of such rigid requirement, it is
quite helpful to standardize a front-end and environment robust-
ness techniques with well-defined databases and widely-accepted
evaluation criteria. Aurora2 and Aurora3 are two connected digit
databases created for such purpose [4].

In the past several years, we have proposed several approaches
based on the stochastic vector mapping techniques [7, 8] and switch-
ing linear Gaussian hidden Markov models (SLGHMM) [9], and
demonstrated their usefulness in dealing with the noise robustness
issue. The algorithmic details of these techniques can be found in
the above cited publications. In this paper, we present a compar-
ative study of these algorithms and report results of performance
evaluation on Aurora connected digits databases by following the
protocol specified by the organizer of the Eurospeech-2003 special
session on Aurora tasks.

The rest of paper is organized as follows. In Section 2, we first
describe briefly the baseline system. Then, we give an overview of
our approaches along with evaluation results on Aurora2 database.
In Section 3, we report the results of a preliminary evaluation of
one approach, namely maximum likelihood (ML) training based
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MMs, on Aurora3 Finnish and Spanish databases. Finally,
marize our findings in Section 4.

. HKU APPROACHES AND EVALUATION ON
AURORA2 DATABASE

aseline System

Front-End for the Evaluation

perimental results presented in this section are produced
g the ETSI Advanced DSR (WI008) standard front-end [3]
o minor modifications on the “reference” scripts provided

CDROM. The first modification is to replace the log energy
of each frame with the 0-th cepstral coefficient. Another

cation is the velocity features are computed over 7 instead
mes. Accordingly, for each frame, a 39-dimensional feature
is generated. There is no any endpointing procedure applied
ess the training and testing utterances.

Standard Back-End

its are modelled by the whole word left-to-right CDHMMs,
onsisting of 16 states. The complex back-end with 20 Gaus-
mponents in each state of CDHMM is used in these exper-
. The experimental results of the baseline system using the
front-end and back-end are reported in Table 1, which in-
a small improvement over the reference results provided by
cial session organizer.

le 1. Aurora2 Word Error Rate (Multicondition Training)
Set A Set B Set C Overall

Baseline 5.91% 6.68% 7.11% 6.46%

pproaches based on Stochastic Vector Mapping

proach based on stochastic vector mapping [7], aims to es-
the clean speech feature vector, ��, from the noisy speech
vector �, by applying the environment dependent transfor-
���� ������, where � represents the trainable parameters
ted with the transformation and �� denotes the correspond-
ironment (e.g., a combination of noise type and noise level)

ch � belongs. If the feature vector � under an environment �
s the distribution of a mixture of � Gaussian components,



the mapping function can be defined as a piecewise linear transfor-
mation:

�� � ���� ����� � � �

��

���

������ ���
���
� � (1)

where���� � ��
���
� ����� is the set of mapping function parameters

that can be estimated from the training data.

2.2.1. SPLICE Approach Using Stereo Data From MSR

If the stereo data are used to estimate ���� of each environment
under ML criterion, this becomes the SPLICE approach originally
proposed by Microsoft researchers [1]. With the sets of so es-
timated parameters, we can create a training set of pseudo-clean
speech by transforming each training speech feature vector. Con-
sequently, a set of pseudo-clean HMM parameters, �, can be es-
timated by using an ML-based multi-style training strategy. In
this set of experiments, the multicondition training data are di-
vided into 17 subsets, including the clean condition and 16 noise
conditions (4 different noise scenarios at 4 different SNRs). For
each subset, a mixture of 256 Gaussian components, each associ-
ated with a bias vector �, are trained for stochastic vector mapping.
Sentence based Cepstral Mean Normalization (CMN) is performed
in both training and testing before feature vectors are enhanced.
The experimental results of SPLICE on multicondition training are
shown in Table 2. It is observed that although the improvement un-
der the well-matched condition (i.e., Set A) are significant, the over
emphasis on the stereo training data may degrade the performance
on unseen test condition (i.e., Set B).

Table 2. Aurora2 Word Error Rate (Multicondition Training)
Set A Set B Set C Overall

SPLICE 5.14% 6.71% 6.02% 5.95%

2.2.2. Our Approaches: ML/MCE Joint Training of Mapping Func-
tion Parameters and CDHMMs Without Using Stereo Data

However, in many application scenarios, the stereo data are very
expensive to collect and thus not available for estimation of the
vector mapping function parameters. In [7], we have proposed
an environment compensated MCE (minimum classification er-
ror) training approach for the joint design of the mapping func-
tion parameters and CDHMM parameters that does not rely on the
availability of stereo data. In this approach, the mapping func-
tion parameters � � ������ and the CDHMM parameters � are
estimated jointly by minimizing the following empirical sentence
classification error defined on the training set ��������

	����� �
�




��

���

������� ��� �� � (2)

with ����� � ��� �� being the loss function defined similarly to
that described in the conventional MCE training [5].

In experiments presented in [7], we still used the mapping
function parameters trained from the stereo data as the initial val-
ues for MCE training, although it is not necessary. Actually, we
have developed a ML training procedure to estimate the vector
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briefly as follows:

First, a set of CDHMMs are trained from the multicondition
training data as the initial values of HMM parameters; The
initial values of the mapping function parameters are set to
be zero;

Second, for each environment �, an EM iteration is per-
formed to estimate the environment dependent mapping func-
tion parameters 	���� by maximizing the likelihood function��

��� ������� �����;

Third, transform each training utterance using the related
mapping function parameters 	���� and feed the resulted ut-
terances into the one-pass EM process to re-estimate the
new values of CDHMM parameters 	� by maximizing the
likelihood function

��

��� ������� 	�����;

	� and 	� are our ML estimation of mapping function pa-
rameters and CDHMM parameters, which can be used as
the initial points of further joint MCE training.

the lack of space, we will list the formulae for this proce-
lsewhere.
milar to SPLICE, 256 piecewise linear mapping vectors are

for each subset and sentence-based CMN is performed in
e. The experimental results are shown as “Joint-ML” in
. Although the Joint-ML approach can not achieve a similar
ance with that of SPLICE on the Set A, it does not hurt

rformance under unseen conditions. Therefore, the overall
ance of Joint-ML is comparable to that of SPLICE even
the stereo data are not used. Starting from this set of seed

s, the joint MCE training can be performed to fine-tune the
�. Further performance improvement is achieved as shown
row labelled as “Joint-MCE” in Table 3.

le 3. Aurora2 Word Error Rate (Multicondition Training)
Set A Set B Set C Overall

Joint-ML 5.39% 6.41% 6.21% 5.96%
Joint-MCE 5.17% 5.98% 5.99% 5.66%

pproaches based on Switching Linear Gaussian Hidden
v Models

tching linear Gaussian hidden Markov model [9] is illus-
in Fig. 1(a). It uses a hybrid Dynamic Bayesian Network
of Switching Linear Gaussian models and Continuous Den-

MMs to compensate for the nonstationary distortion that
xist in speech utterance to be recognized. These two dy-
models are coupled with each other: one stream of CDHMM
el the generic linguistic information of clean speech; and

t of parallel linear Gaussian dynamic streams, ���� in Fig.
representing a possible additive stationary distortion in fea-
ctor space in conjunction with one discrete state Markov
 stream in Fig. 1, controlling the choice of the distortion
at each time step. With this representation, the CDHMMs

e set of linear Gaussian models can be jointly learned from
ondition training data. Such a SLGHMM is able to model
imately the distribution of speech corrupted by switching-

ion distortions.
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Fig. 1. Directed acyclic graphs specifying conditional indepen-
dence relations for (a)Switching Linear Gaussian Hidden Markov
Models; (b)Segmental Switching Linear Gaussian Hidden Markov
Model. (The nodes in shade represent observable variables.)

In this study, we only evaluate a simplified version of SLGHMM,
namely Segmental SLGHMM (SSLGHMM) [9], which eliminates
dependence between some variables of the DBN representation
as shown in Fig. 1(b) so that it becomes mathematically more
tractable for the relevant inference. In SSLGHMM, the value of
switch state � is independent of all switch states at other time
and treated as observations to this DBN. It means that the values
of � are assigned by an appropriate pre-segmentation. One ex-
ample of such segmentation for Aurora2 evaluation is given in [9].
The SSLGHMM parameters can be estimated by using either an
ML criterion as described in [9] or an MCE criterion as described
in [8]. The experimental results are listed in Table 4. Readers are
referred to [9] for the detail of experimental setup.

Table 4. Aurora2 Word Error Rate (Multicondition Training)
Set A Set B Set C Overall

ML-SSLGHMM 5.32% 6.39% 6.06% 5.89%
MCE-SSLGHMM 4.97% 5.91% 5.90% 5.53%

2.4. The Best Result of Full Evaluation on Aurora2 Task

In the full evaluation on Aurora2 database, of which results are
shown in Table 5, we only use the MCE training approach based
on SSLGHMMs (MCE-SSLGHMM). The experimental setup for
Multi-condition and Clean-condition are the same except that the
initial values for the stream of CDHMMs are set as either the
multi-condition trained CDHMMs in Multi-condition evaluation
or the clean-condition trained CDHMMs in Clean-condition eval-
uation.

At the
the app
Spanis
achiev

3.1. F

The ba
Aurora
nents p

Th
WI008
uation
of bac
Accord
cations

3.1.1.

A new
weight
level, l

3.1.2.

For ea
accele
genera

3.1.3.

The W
duces
severa
speech
tures a
Table 5. Aurora2 Summaries

Set A Set B Set C Overall
Multi 6.26% 6.74% 7.79% 6.76%
Clean 11.44% 11.38% 13.39% 11.81%
Average 8.85% 9.06% 10.59% 9.28%

Set A Set B Set C Overall
Multi 4.97% 5.91% 5.90% 5.53%
Clean 5.69% 6.75% 6.53% 6.28%
Average 5.33% 6.33% 6.22% 5.91%

Set A Set B Set C Overall

Multi 23.88% 11.03% 20.38% 18.04%
Clean 51.24% 40.51% 52.58% 47.22%
Average 37.56% 25.77% 36.48% 32.63%

Aurora 2 Word Error Rate

Aurora 2 Relative Improvement

Aurora 2 Reference Word Error Rate

3. EVALUATION ON AURORA3 DATABASE

writing of this paper, we only completed the evaluation of
roach based on ML-SSLGHMMs on Aurora3 Finnish and

h databases. In this section, we report the results we have
ed so far.

ront-End and Back-End for the Evaluation

ck-end used in these experiments is similar to that used in
2 evaluation except that there are only 3 Gaussian compo-
er state.
e front-end used for Aurora3 evaluation is also based on
standard but slightly different from that of Aurora2 eval-

because the data file of Aurora3 usually has a long period
kground noise before/after, and even within an utterance.
ing to the results reported in [6], we make several modifi-
on WI008 front-end as follows.

Weighted Sum of Log Energy and ��

energy coefficient �� is generated for each frame by a
ed sum of two features representing the whole band energy
og energy �����, and 0-th cepstral coefficient ��,

�� � 
��
��

�
� 
������� � (3)

First and Second Order Derivatives

ch frame, a 13-dimensional velocity vector and 13-dimensional
ration vector of the 13 static features (��� ���� ��� and ��) are
ted over a window of 9 neighboring frames.

Drop the Nonspeech Frames

I008 advanced front-end toolkit provided by ETSI also pro-
a VAD file for each data file, which segments each file into
l speech or nonspeech parts. In our experiments, all non-

frames are dropped after the generation of dynamic fea-
nd the remaining speech segments within each utterance are



concatenated to form a new speech file as a training or testing sen-
tence.

3.2. Segmentation Issue of SSLGHMMs

One of the important implementation issues in evaluating SSLGH-
MMs on Aurora3 database is the criterion for segmenting each
frame into an appropriate distortion state, i.e, assigning a mean-
ingful value to each switch state �. In Aurora2 database, there
is a clear label of noise type and level, which gives strong infor-
mation of suitable segmentation. In a more realistic situation of
Aurora3 database, there exists no such information. Instead, an
appropriate procedure has to be designed to cluster the training
utterances into several similar “environments”. In this prelimi-
nary study, we adopt a very simple approach as suggested in [2].
We divide each set of training utterances into 8 subsets according
to their silence parts and then a set of Gaussian Mixture Model
(GMM) with 32 Gaussian components is trained for each subset
from the speech frames of all utterances belonging to that sub-
set. In SSLGHMMs, we assume that each Gaussian component
corresponds to a subspace distorted by a kind of noise source. Ac-
cordingly, we have in total � � � � ��� linear Gaussian dynamic
streams in the SSLGHMM for each evaluation experiment of Au-
rora3 tasks. During the recognition, given an unknown utterance,
all of the speech frames are used to identify the closest subset as
that having the maximum likelihood of the GMM. Then the closest
subspace in that subset is chosen for each frame of feature vector,
��. The index of the linear Gaussian stream associated with that
subspace is assigned to �.

3.3. Evaluation Results

The evaluation results on Aurora3 Finnish and Spanish databases
are shown in Table 6. For both languages, the word error rates
under three training-testing conditions defined by Aurora3 task as
well-matched (WM), medium-matched (MM), and high-mismatched
(HM), are all reduced by using the ML-SSLGHMMs. As ex-
pected, it is observed that the SSLGHMMs trained under HM con-
dition perform less satisfactory in comparison with that of WM or
MM evaluations.

4. SUMMARY

In this study, we have evaluated following three types of approaches:

� SPLICE approach using ML training and stereo data,

� Joint ML/MCE training of stochastic vector mapping func-
tion and CDHMMs without using stereo data,

� ML- or MCE-trained segmental switching linear Gaussian
HMMs (SSLGHMM) without using stereo data.

In terms of recognition accuracy, the three approaches based
on ML-training achieve a similar performance improvement in com-
parison with the baseline. However, our approaches do not require
the availability of the stereo training data, thus are more practical.
For our MCE-based approaches, it’s quite clear that MCE-training
is helpful for further improving the performance.

In terms of memory requirement, the first two types of ap-
proaches are the same while the SSLGHMM approach requires
more memory for additional variance parameters.
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Table 6. Aurora3 Summaries

Well (x40%)
Mid (x35%)
High (x25%)
Overall

Well (x40%)
Mid (x35%)
High (x25%)

Overall

Well (x40%)
Mid (x35%)
High (x25%)
Overall

7.39% 1.78%
13.03% 5.76%

12.28% 10.42%
17.92% 3.29%

8.30%

5.34%

Finnish German

11.59% 5.58%

Finnish Spanish

13.39%

3.36%
6.08%
8.45%

Finnish Spanish
3.91%
19.08%

Aurora 3 Word Error Rate

Aurora 3 Relative Improvement

3.43%
15.66%
12.40%

9.95%

3.01%
5.88%

Aurora 3 Reference Word Error Rate
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