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ABSTRACT

This paper overviews the main methods that have
recently been investigated for making speech recognition
systems more flexible at both the acoustic and linguistic
processing levels. Improved flexibility will enable such
systems to work well over a wide range of unexpected and
adverse conditions by helping them to cope with varia-
tions between training and testing speech utterances. This
paper focuses on the Bayesian adaptive learning ap-
proach, the minimum classification error (MCE) ap-
proach, the HMM composition technique, and spontane-
ous speech recognition techniques. '

1. INTRODUCTION

In speech recognition, we always encounter discrep-
ancies between training data and test utterances. These
discrepancies are the major factors degrading the perfor-
mance of speech recognition systems, especially in practi-
cal situations. Even if a speech recognition system per-
forms remarkably well in laboratory evaluations and dur-
ing demonstrations to prospective clients, it often per-
forms not nearly as well in the “real world”.

There are two reasons for discrepancies. First,
speech signals are subject to variations resulting from lin-
guistic variations as well as such acoustic variables as
speaker individuality, environment-dependent speaking
styles, additive noise, and microphone and transmission
characteristics. Second, it is not practical to collect a large
set of speech and text data spoken and written by a large
population over all possible combinations of signal condi-
tions.

Flexible speech recognition refers to the problem of
designing an automatic speech recognizer that works well

over a wide range of unexpected and adverse conditions.
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There are two major approaches to improving flexibility.
One is to apply statistical modeling techniques (e.g.,
HMM) to characterize the basic speech units and use an
integrated training/testing paradigm (invariant methods).
The other is to apply automatic adaptation techniques
(adaptive methods). Invariant methods assume no explicit
knowledge of the testing signal environment, while the
adaptive methods estimate some of the characteristics and
adjust the signals or models accordingly to achieve a reli-
able pattern-matching result.

Recognition performance under adverse conditions
is often impaired by variations in the degree of speech
quality degradation rather than by the degradation itself.
Problems are created, for example, by the variation in
noise level associated with variations in the distance be-
tween the speaker and the microphone. If training can be
done under the same noise conditions as those under
which the speech is to be recognized, performance is bet-
ter than that attained when the training is done under
noise-free conditions. Conversely, if training is done un-
der noisy conditions and the speech to be recognized is
clean, performance is worse than when noisy speech is
recognized.

If the ranges of the noise characteristics and speak-
ing manner (such as speaking rate, loudness, and Lombard
effect) are known ahead of time, training under the vari-
ous expected conditions is useful [Lippmann et al., 1987].
This method is limited, however, because it is impossible
to train under every condition.

It would therefore be useful to have methods for au-
tomatically adapting to and normalizing the effects of ad-
verse conditions. Possible adaptation schemes include
equalization, normalization, and adaptation of the signals,
features, and models. In this paper I will focus on model
adaptation techniques.
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2. SPEECH VARIATION

Figure 1 shows the main causes of speech variation
resulting from the speech production processes [Cole et
al., 1995] Although the physical phenomena of speech
variation can be classified as either noise addition or dis-
tortion, the distinction between these categories is not
clear. The actual phenomena resulting from variation are

(1) Spectral variation

(2) Nonlinear time expansion and contraction

(3) Additive noise, which increases the difficulty of

determining the speech period.
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Fig. 1 Main causes of speech variation.

When people speak in a noisy environment, not only
does the loudness (energy) of their speech increase, but
the pitch and frequency components also change. These
speech variations are called the Lombard effect [Pisoni et
al., 1985; Junqua et al., 1990]. Several experimental stud-
ies have indicated that these indirect noise influences have
a greater effect on speech recognition than does the direct
influence of noise entering microphones [Rajasekaran et
al.; 1986, Lippman et al., 1987]. It has also been reported
that articulation effects under noisy conditions are context
dependent-[Junqua et al., 1990].
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Figure 2 shows the major methods that have been
investigated to cope with speech variation problems
[Juang, 1990, 1991; Furui, 1992b], along with the basic
sequence of speech recognition processes. Several meth-
ods have been used to deal with additive noise: using spe-
cial microphones, using auditory models for speech analy-
sis and feature extraction, reducing and suppressing noise,
using noise masking and adaptive models, using spectral
distance measures that are robust against noise, and com-
pensating for spectral deviation resulting from the special
speaking manners used in noisy environments (Lombard
effect). Various methods have also been used to cope
with the problems caused by the different characteristics
of different kinds of microphones.
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Adaptive filtering
Noise subtraction
Comb filtering
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Spectral mapping
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Fig. 2 Major methods for coping with speech
variation problems in speech recognition.

Because methods for coping with individual speech
variation have already been surveyed [Furui, 1991,
1992a], I will just briefly review the major speaker-inde-
pendent methods used in speech recognition, concentrat-
ing especially on speaker adaptation techniques. Readers
wanting more detail should refer to the original papers.

Discourse recognition using spontaneous speech has
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recently occupied the attention of many researchers.
When recognizing spontaneous speech in dialogues, it is
necessary to deal with variations that are not encountered
when recognizing speech that is read from text. These
variations include out-of-vocabulary words, ungrammati-
cal sentences, botched utterances, restarts, repetitions,
style shifts, and instability in the detection of end-points
[Furui, 1995a, 1995b). |

Another problem related to the variation of speech is
how to adapt to a new task. Most advanced speech recog-
nition systems use statistical approaches consistently for
acoustic and linguistic processing. To build reliable sta-
tistical models, it is necessary to use large speech and lan-
guage databases. These databases must be changed every
time the tasks are changed, but it is difficult to collect a
large database for each task. Adapting the model to new
tasks using a relatively small database would be useful.

This paper introduces the major techniques that
have recently been introduced for automatic adaptation of
model parameters. They include Bayesian adaptive learn-
ing, the minimum classification error (MCE) approach,
and the HMM composition technique. This paper also
addresses spontaneous speech recognition problems. For
other techniques, readers should refer to the review papers
by Juang [1990, 1991] and Furui [1992b].

3. BAYESIAN ADAPTIVE LEARNING

The Bayesian learning framework offers a way to
incorporate newly acquired application-specific data into
existing models and combine them in an optimal manner.
It is therefore an efficient technique for handling the
sparse training data problem which is typical in adaptive
learning of model parameters [Lee et al., 1995]. Its prin-
ciple has been used to derive maximum a posteriori
(MAP) estimates of the parameters of speech models, in-
cluding HMM parameters.

The HMM parameters are usually estimated using
the maximum likelihood (ML) approach. Although ML
estimation has good asymptotic properties, it often re-
quires a large amount of training data to achieve reliable
results.

For a given set of training/adaptation data x, the
ML estimation assumes that the HMM parameter A is
fixed but unknown and that it satisfies
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A= arg;naXf(XIfl), ®

where f(xI4) is the likelihood of observing x. On the other
hand, the MAP formulation assumes A to be a random
vector with a certain distribution. Before making any new
observations, the parameter vector 1s assumed to have a
priori density g(4); when new data x are incorporated, the
parameter vector is characterized by a posteriori density
g(Alx). The MAP estimate maximizes the a posteriori

density:

AnMap = arg /rlnax g(Ax)=arg /rlnax f (X|A)g(/1). )

Since the parameters of the a priori density can also be
estimated from an existing HMM A, Ao, this framework
provides a way to combine A, with newly acquired data x
in an optimal manner.

The a priori density can be used to impose con-
straints on the values of the parameters. If the parameter
is unknown, a priori density g(4), is a constant for the en-
tire parameter region of interest. The MAP estimate ob-
tained by solving eq. (2) is therefore equivalent to the ML
estimate obtained by solving eq. (1). When the a priori
density of the HMM parameters is assumed to be the prod-
uct of the conjugate a priori densities for all HMM param-
eters, the MAP estimates can be solved with the expecta-
tion-maximization (EM) algorithm [Gauvain et al., 1994].

The MAP estimates can usually be expressed as a
weighted sum of two components; one depends on the in-
formation in the a priori density (i.e., Ag) and the other
depends on the new set of adaptation data. It can further
be shown that the MAP and the ML estimates are asymp-
totically equivalent.

The MAP-based adaptive learning algorithms have
been applied to a number of applications [Lee et al., 1991;
Gauvain et al., 1992; Lee et al., 1993; Matsuoka et al.,
1993], including speaker and task adaptation, context ad-
aptation, corrective training, parameter smoothing,
speaker group modeling, on-line incremental adaptation,
and N-gram and histogram probability smoothing and ad-
aptation. The same approach is expected to be applicable
to the problems of transducer and channel adaptation.
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4. MCE/GPD APPROACH

In contrast to conventional ML and MAP training,
which estimates a model based only on training utterances
from the same category, discriminative training takes into
account the models of other competing categories and for-
mulates the optimization criterion so that category separa-
tion is cnhanced and the classification/recognition error
rate for the training data is directly minimized. The opti-
mization solution is obtained with a generalized probabi-
listic descent algorithm. This method is therefore called
the MCE (minimum classification error)/GPD (general-
ized probabilistic descent) method. Unlike the Bayesian
framework, this method does not require estimating the
probability distributions, which usually cannot be reliably
obtained. This method has been applied in various experi-
mental studies for both speech and speaker recognition
with good results [Katagiri et al., 1992].

This method can also be used in model adaptation: it
was recently confirmed that this method is effective for
speaker adaptation [Lin et al., 1994; Matsui et al., 1995].

5. HMM COMPOSITION / PMC

The hidden Markov model (HMM) compositiory/
parallel model combination (PMC) method creates a
noise-added-speech HMM by combining HMMs that
model speech and noise [Gales et al., 1992; Martin et al.,
1993]. This method is closely related to the HMM de-
composition proposed by Varga et al. [1990, 1991]. In
HMM composition, observation probabilities (means and
covariances) for a noisy speech HMM are estimated by
convoluting observation probabilities in a linear spectral
domain. Figures 3 and 4 show the HMM composition
process. Since a noiss HMM can usually be trained by
using input signals without speech, this method can be
considered as an adaptation process where speech HMMs
are adapted on the basis of the noise model.

This method can be applied not only to stationary
noise but also to time-varying noise, such as another
speaker’s voice. The effectiveness of this method was
confirmed by experiments using speech signals to which
noise or other speech had been added. The experimental
results showed that this method produced recognition
rates similar to those of HMMs trained by using a large
noise-added speech database.
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Fig. 3 HMM composition process for creating a noisy
speech HMM as a product of two source HMMs.
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Fig. 4 Transformations in HMM composition process.

This method has recently been extended to simulta-
neously cope with additive noise and multiplicative dis-
tortion [Gales et al., 1993; Minami et al., 1995]. Figure 5
shows a universal model for producing noisy and distorted
speech; speech signal S is produced by speech HMMs and
noise signal N is produced by a noise HMM. Both S and
N are defined in the linear-power spectral domain. Scalar
parameter k corresponds to the signal-to-noise ratio
(SNR). First, S is multiplied by (multiplicative) distortion
G, which could include speaking styles and speaker char-
acteristics. Then (additive) noise N is multiplied by k and
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added to speech signal SG. Finally, the noise-added
speech signal is multiplied by (multiplicative) distortion
H, which includes channel distortion.

.
e

LA T

Fig. 5 Universal model for producing noisy and
distorted speech.

We thus obtain the final noisy and distorted speech
signal: X (= H(GS + kN) = HGS + kHN). By setting W =
HG, we get X = WS + kHN. Since absolute gain does not
make any difference in the likelihood calculation in the
recognition stage, the speech signal can be rewritten as X’
= W’S + HN, where W’=W/k. The basic noisy speech
model can thus be converted into the model shown in Fig.

6.
9 HN

QLQ@ —lw—— x

W=HG

Fig. 6 Conversion of the universal model
producing noisy and distorted speech.

The HMM for HN can be trained by using a signal
recorded for a period without speech. The HMM:s for S
can be made from noise-free speech. To estimate the
value of W’=W/k, we model X’ by combining the HMMs
for HN and W’S by using the HMM composition method.
W’ is thus estimated by maximizing likelihood score
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P(XIM(W)) for the adaptation data given composed
HMMs, M(W?), as a function of W’. For convenience,
parameter k corresponding to the SNR is initially esti-
mated using the parallel method shown in Fig. 7. In this
method, several sets of models having different W (W”)
are prepared. From these models, a set of models having
the maximum likelihood is selected. W’ is then estimated
by using the steepest descent method.

Speech

9—@—9’ ——> PXIM(W}))
WS

1 |
Q'_Q_Q ——————> P(XIM(Wy)
Y@

9’—@—@ e P(XIM(W)
WS

Fig. 7 Parallel method for estimating filter W.

Recognition experiments confirmed that this
method greatly improves recognition rates for noisy and
distorted speech. The efficiency and flexibility of the al-
gorithm and its adaptability to new noises make it suitable
as the basis for a speech recognizer that is flexible to wide
variations in conditions.

6. SPEAKER ADAPTATION

Approaches to building speaker-independent recog-
nition systems include [Furui, 1992a]:
(1) Signal processing to extract invariant features
(2) Information theoretical approaches (such as
those using discriminant methods)
(3) Pattern recognition (including multiple-template
methods)
(4) Artificial intelligence (knowledge engineering)
(5) Statistical approaches (for example, using
HMMs)
(6) Neural networks.
The performance of speaker-independent speech-
recognition systems has recently been greatly improved

by training them with a large speech database spoken by
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many speakers and by incorporating statistical models of
speech variations. It is still impossible, however, to accu-
rately recognize the utterances of every speaker. A small
percentage of people occasionally cause systems to pro-
duce exceptionally low recognition rates. This is an ex-
ample of the “sheep and goats” phenomenon. Experi-
ments have shown that people can adapt to a new
speaker’s voice after hearing just a few syllables [Kato et
al., 1985]. Recent research has therefore explored the
possibility of giving recognition systems the ability to au-
tomatically adapt to individual speakers [Furui, 1991].

Speaker-adaptation methods are generally classified
either as supervised (text-dependent) methods, in which
training words or sentences are known, or as unsupervised
(text-independent) methods, in which arbitrary utterances
can be used. The major speaker-adaptation methods that
have recently been investigated are

(1) Speaker cluster selection

(2) Interpolated re-estimation (e.g., Bayesian

learning)

(3) Codebook mapping (adaptation/normalization)

(4) Reference-template generation.

In the framework of Bayesian learning, speaker ad-
aptation can be viewed as adjusting speaker-independent
models to form speaker-specific ones, using the available
a priori information and a small amount of speaker-spe-
cific adaptation data. The a priori densities are simulta-
neously estimated during the speaker-independent train-
ing process along with estimating the parameters for the
speaker-independent models. Experimental results
showed that the speaker-adapted models perform better
than speaker-dependent models when relatively small
amounts of data were used for training or adaptation.
When a large amount of training data was used, the results
were comparable, consistent with the Bayesian formula-
tion that the MAP estimate asymptotically converges to
the ML estimate [Gauvain et al., 1992].

7. COPING WITH SPONTANEOUS-SPEECH-
SPECIFIC PROBLEMS

As described in Section 2, the recognition of sponta-
neous speech poses many difficult problems that do not
occur in the recognition of speech that is read. One of the
most important issues is how to create language models
(rules) for spontaneous speech. It is crucial to develop
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robust and flexible parsing algorithms that match the char-
acteristics of spontaneous speech. How to extract contex-
tual information, predict users’ responses, and focus on
key words are very difficult and important issues.

A word spotting technique is frequently used to de-
termine the speech period in spontaneous speech - that is,
for separating speech from stationary and nonstationary
noises in a real environment. Nonstationary noise in-
cludes such speech and speech-like sounds as coughing,
restarting, and the repetition of utterances. The word
spotting method extracts target words from continuous
speech by using the acoustical and temporal characteris-
tics of these words in a top-down manner [Wilpon et al.,
1984].

In spontaneous speech, correct sentences are not al-
ways spoken, and obstacle words and sounds that are un-
necessary for understanding the utterances are frequently
added. Additionally, the system is requested to respond to
the utterance as quickly as possible. To solve these prob-
lems, it is necessary to establish a method for detecting the
time at which sufficient information has been acquired in-
stead of detecting the end of input speech.

Adaptation to style shifting is also an important
problem in spontaneous speech recognition. In typical
laboratory experiments, speakers are reading lists of
words rather than trying to accomplish a real task. Users
actually trying to accomplish task, however, use a differ-
ent linguistic style.

8. ADAPTATION TO NEW TASKS AND NEW
LANGUAGES

Speech recognition systems basically consist of
acoustic and linguistic models, and both models change
their characteristics according to the recognition task. For
acoustic models, task-independent phone models have
been explored [Hon et al., 1991]. However, because auto-
matic training using utterances without phone labels is
now possible, it is not difficult to use large speech data-
bases to make task-dependent acoustic models that can be
changed every time a task changes.

The adaptation of linguistic models, in contrast, is

still a very important issue. This is because a linguistic

database needs to be much bigger than an acoustic data-
base, and collecting a large linguistic database for a new
task is difficult and costly. Various research efforts have
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therefore explored the adaptation of linguistic models
[Kuhn et al., 1990; Matsunaga et al., 1992].

It is also desirable that recognition algorithms de-
signed for one language be flexible enough to be easily
adapted to other languages.

9. IMPROVED ADAPTATION

Important practical issues in using adaptation tech-
niques include the specification of a priori parameters (in-
formation), the availability of supervision information,
and the amount of adaptation data needed to achieve ef-
fective learning. Since observation of all the phoneme
units enough times is unlikely in a small adaptation set,
especially in large-vocabulary continuous-speech recog-
nition systems, only a small number of parameters can be
effectively adapted. It is therefore desirable to introduce
some parameter correlation or tying so that all model pa-
rameters can be adjusted at the same time in a consistent
manner, even if some units are not included in the adapta-
tion data.

If a correlation structure between parameters can be
established and the correlation parameters can be esti-
mated when training the general models, the parameters
of unseen units can be adapted accordingly [Furui, 1980;
Cox, 1993]. To improve adaptation efficiency and effec-
tiveness along this line, many new techniques have re-
cently been proposed. They include hierarchical spectral
clustering and smoothing [Furui, 1989; Ohkura et al.,
1992], spectrum bias and shift transformation, cepstral
normalization [Acero et al., 1990], probabilistic spectral
mapping, acoustic bias normalization and context bias
modulation, and stochastic matching.

The second type of improvement is through a set of
constraints on the model parameters, so that all the param-
eters are adjusted simultaneously according to a predeter-
mined set of constraints, e.g., multiple regression analysis
[Furui, 1980]. Various methods have recently been pro-
posed in which a linear transformation between the refer-
ence and adaptive speaker feature vectors is defined and
then translated into a bias vector and a scaling matrix,
which can be estimated with an EM algorithm [Zhao,
1993; Bellegarda et al., 1994; Leggetter et al., 1994;
Digalakis et al., 1995; Sankar et al., 1995; Zavaliagkos et
al., 1995].

The third type of improvement is on-line and incre-
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mental adaptation [Matsuoka et al., 1993; Zavaliagkos et
al., 1995]. In this approach, adaptation is performed at
runtime on the testing data in an unsupervised manner.
This method is especially important when the environ-
ment, noise, distortion, or speaker vary during the recog-

nition.
10. DISCUSSION

This paper briefly reviewed the major approaches
for improving the performance of speech recognition sys-
tems under real conditions - when speech signals are sub-
ject to many different kinds of variation. Considerable
success has been attained by using these approaches.
However, continued research on new models of the oper-
ating conditions as well as solutions to enhance recognizer
flexibility is still necessary to ensure the maximal deploy-
ment and usefulness of speech recognition systems.

To correctly evaluate speech recognition technolo-
gies and to achieve steady technical progress, it is impor-
tant to comprehensively evaluate technologies under ac-
tual field conditions instead of under controlled laboratory
conditions. It is also important to evaluate and improve
the technologies from the viewpoint of the human inter-
face, for which evaluation under actual and adverse condi-
tions is essential. It is therefore important to collect data-
bases under field conditions (actual or simulated) and to
use these databases to compare the effectiveness of the
proposed methods. It is also necessary to clarify the ap-
propriate application areas for each major method, to set

forth guidelines for combining these methods, and to im-

prove the most promising methods.
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