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ABSTRACT

This paper describes three different approaches to the
use of spectral transformation for supervised speaker
adaptation in continuous speech recognition. Each
approach may involve transforming feature vectors of
the speech of a speaker, transforming mean vectors of
the HMMs of a reference recognition system, or
transforming both feature vectors and HMMs. A
comparison of these approaches is investigated using
the ARPA 1000-word Resource Management (RM1)
continuous speech corpus. Using the average speaker-
independent (SI) test result as a reference point, it is
found that the best adaptation approach can achieve an
error reduction of 23.5% by using 10 sentences as
adaptation speech.

1. INTRODUCTION

It is commonly agreed that a well trained speaker-
dependent recognition system always outperforms its
speaker-independent counterpart as far as recognition
accuracy is concerned. However, since speaker-
dependent models are trained specifically for a speaker,
a new set of models has to be trained for each new
speaker if high recognition accuracy is desired. Thus,
as far as a new speaker is concerned, the training
procedure of a speaker-dependent recognition system
has two main drawbacks. The firstone is thatitinvolves
atime-consuming datacollection process which requires
considerable effort from a new speaker to provide the
sufficient amount of training data. The second one is
that a significant lead time is then required for training
the models before the new speaker can use the system.

As remedies to the above problems while still
maintaining high recognition accuracy, various speaker-
adaptive methods have been proposed. These methods
have been used to either adapt a new speaker t0 a
recognition system or alternatively, adaptarecognition
system to anew speaker by utilising only a small amount
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of speech data from the new speaker. Since only a small
amount of data is involved in the adaptation process, the
adapted models can be made available with a short lead
time if an appropriate adaptation method is used.

In this work, we choose to use spectral transformation
as a means to perform speaker adaptation for speech
recognition. Spectral transformation has several
advantages over the other adaptation methods, such as
Bayesian re-estimation of model parameters [1,2]. It
needs less adaptation speech data and it does not
require all recognition units to appear in the adaptation
sentences. Moreover, the transformation can be
computed directly from two sets of adaptation sentences
obtained from a new speaker and a reference speaker.
Much of the previous work on spectral transformation
has focussed on the estimation of the transformation
[3,4,5] and some researchers have proposed the use of
neural networks to learn the required transformation.
However, the long training time of neural networks has
hindered their practical application. In this work, all
transformations are estimated by using canonical
correlation analysis (CCA), which is much faster to
compute. Here we concentrate on the study of how
different approaches perform differently in making use
of the linear transformation to perform supervised
speaker adaptation.

2. ADAPTATION APPROACHES

The spectral differences between two speakers can be
compensated if a vector in the spectral space of a
speaker can be transformed appropriately to the
corresponding vector in the spectral space of another
speaker. This transformation can be computed using the
corresponding pairs of vectors which are obtained by
performing dynamic time warping (DTW) on the same
context of adaptation speech uttered by these two
speakers. Once the. required transformation has been
estimated, it can then be applied to perform speaker
adaptation for the recognition system. A general
framework for the adaptation approaches presented
here is shown in Figure 1.
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Figure 1: Adaptation approaches

In using spectral transformation for speaker adaptation,
one can transform the feature vectors of the incoming
speech of a new speaker into the spectral space of a
reference speaker, who has participated in the training
of a reference recognition system. In this approach
(New-to-Ref), the reference recognition system requires
no modification and the same system is used for all the
new speakers. Since incoming speech of a new speaker
has to undergo a transformation before it is passed to
the recogniser, additional computation is involved in
the recognition phase.

Alternatively, one can transform the model parameters
of the reference recognition system into the spectral
space of a new speaker instead. In this case (Ref-to-
New), no transformation is required for the incoming
speech of the new speaker. Once all the models have
been transformed, the adaptation process is completed
and no additional computation is involved in the
subsequent recognition phase.

In addition to the above two approaches, one can also
adopt a Joint-space approach which transforms both
the feature vectors of the incoming speech of a new
speaker and the model parameters of the reference
recognition system into a joint feature space, if CCA is
used to estimate the transformations. Basically CCA
determines two transformations; each of them transforms
the spectral space of each speaker into a joint spectral
space. The transformations are found such that the
correlations between the corresponding components of
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the transformed vectors are maximised and each
component of the transformed vectors of a speaker is
orthogonal to each other. Furthermore, the variance of
eachcomponent of the transformed vectorsis normalised
to have unity value. Since the higher order components
of the transformed vectors in the joint feature space are
those ordinates with low correlations, these components
can be discarded without adverse effect on the
recognition accuracy after adaptation.

3. EXPERIMENTS AND RESULTS
3.1 Speech Corpus

The ARPA Resource Management (RM1) continuous
speech corpus is used in the adaptation experiments. All
12 speakers from the speaker-dependent section are
used, with 7 of them being assigned as new speakers (4
males and 3 females) and the other 5 of them being
assigned as reference speakers (3 males and 2 females).
The speaker assignment is made so that all new speakers
have different dialects. Test data set for each new
speaker is consisted of 100 sentences from the
development test session while 10 sentences from the
rapid adaptation session of each speaker are used as
adaptation speech data. On average, the total length of
these 10 adaptation sentences is around 40 seconds.

3.2 Front-end Processing

In both the model training and speech recognition
phases, the speech of a speaker is represented by its 12
mel-frequency cepstrum coefficients (MFCC), 12 delta
MFCCs, normalised log-energy and delta log-energy at
a rate of 10 ms with a Hamming window of 25 ms.
However, only those 12 MFCCs and normalised log-
energy are used in the adaptation process in order to
reduce the size of the transformation matrix. The
corresponding delta values of those transformed feature
vectors are computed after the adaptation process.

3.3  Recognition Models

Recognition is based on the use of 48 context-
independent phone models with a bigram grammar.
Each phone model is represented as a left-to-right no-
skip continuous density Hidden Markov Model
(CDHMM) with 3 states and 3 mixtures per state.
Diagonal covariance matrix is assumed for the output
probability density function of each mixture. Speaker-
dependent (SD) models for each reference speaker are
trained using 600 sentences from that speaker while the
speaker-independent (SI) models are trained using all
the training sentences (in total 3000) from those 5
reference speakers. Also a set of reference speaker
adaptive (RSA) models, as proposed in our previous
work [6], is used. The set of RSA models created for
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eachreference speaker is trained using the same training
data set as that for the SI models, except that the whole
data set is appropriately transformed into the spectral
space of that reference speaker prior to HMM training.

3.4 Experimental Results

Each adaptation result reported here is the average
performance over the 35 differentnew-reference speaker
combinations. It is reported in terms of percentage (%)
of word error which includes substitution, deletion and
insertion errors. Without adaptation, the cross-speaker
and SI test results are found to be 37.5% and 9.8%
respectively. With adaptation, the test results are as
shown in Tables 1 and 2. Note that both the mean and
variance vectors of the mixture of an HMM are
transformed in adapting the model parameters. Other
parameters are not adapted.

Table 1: Recognition error for speaker
adaptation using SI models as
reference recognition system

Adaptation | Transformed Amount of adaptation

approach vector size 1 sent | 5sent | 10 sent

New-to-Ref 13 151 | 97 | 93

Ref-to-New 13 94 8.3 8.2

13 11.7 8.6 8.4

Joint-space 9 11.2 8.2 79

7 11.4 8.3 8.1

Table 2; Recognition error for speaker
adaptation using RS A models as
reference recognition system

Adaptation | Transformed Amount of adaptation

approach vector size 1sent | 5sent | 10 sent’

New-to-Ref 13 13.7 8.9 8.8

Ref-to-New 13 9.0 79 8.0

13 10.7 7.9 7.8

Joint-space 9 10.1 7.7 7.5

7 10.7 1.1 1.7
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4. DISCUSSION

The use of RSA models as reference recognition system
is found to provide a better adaptation result when
compared with the use of SI models, regardless which
approach is employed. Although both the RSA and SI
models are generated from the same set of training data,
the use of spectral transformations to pre-process the
training data in generating the RSA models has
provided a better set of reference models. The
improvement in recognition accuracy can be attributed
to the reduction of mismatch among the different sets of
training data from the reference speakers.

From the above tables, it can be observed that the Joint-
space approach achieves the best recognition accuracy
after adaptation, except for the cases where only one
adaptation sentence is used. If only one adaptation
sentence is used, the Ref-to-New approach, which
transforms the HMM parametess, is found to have the
best adaptation result. In fact, only this approach can
provide a better recognition accuracy than that of the SI
test result for such a small amount of adaptation data. It
may be observed that whenever transformation of the
feature vectors isinvolved, a largeramount of adaptation
speech data is required initially.

For the Joint-space approach, the recognition accuracy
after adaptation is improving as the size of the
transformed vector is reduced from 13 to 9. This
improvement can be attributed to the rejection of those
components which have only small correlation between
the feature vectors of the corresponding speakers.
However, further reductions in vector size cannot
improve the adaptation results due to the loss of
important correlation information. It is observed that
only about half of the original vector size is required in
order to achieve the same adaptation results obtained by
using the original vector size (13 components).

Using the average SI test result before adaptation as a
reference point, it is found that our best adaptation
approach can achieve error reductions of 21.4% and
23.5% when 5 and 10 adaptation sentences are used
respectively. Similar experimental conditions were used
in the adaptation experiments done by Leggetter and
Woodland [7], who had achieved error reductions of
14.3% and 26.2% when 5 and 15 adaptation sentences
were used respectively.

The computation requirement of each of our three
approaches for the on-line adaptation process can be
assessed in terms of a one-time fixed component and a
variable component. These requirements are summarised
as shown in Table 3 with the following notation ;
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C: total computation involved in estimation
of transformations

L: average number of feature vectors in a

sentence.

total number of parameter vectors in the

model set.

original vector size in adaptation.

reduced vector size (N<=M).

computation required for evaluating

dot product between vectors

(M multiplications + M-1 additions)

¥

gz

Table 3 : Computation requirements for on-line
adaptation processes

Adaptation Computation

pproach Fixedterm | Variable term
New-to-Ref C LxMxD/sent.
Ref-to-New C+PxMxD | = et
Joint-space C + PxNxD LxNxD/sent.

The variable term is less important since the amount of
computation involved in it is generally much less than
that involved in the recognition of a sentence. On the
other hand, the fixed term requirement does determine
the lead time before the adapted recognition system is
made available for recognition. For the New-to-Ref
approach, the fixed term is dominated by the computation
required to estimate the transformations. For the other
two approaches, the fixed term is dominated by the
above factor and the computation involved in
transforming the model parameters. Therefore if a short
lead time is desired, the New-to-Ref approach is more
appropriate. But to have an acceptable adaptation result
for this approach, a weighting scheme as proposed
previously [8], has to be included.

Basically the Joint-space approach requires the largest
amount of computation, which is almost the sum of that
of each of the other two approaches, for a given vector
size. But in practice, one can reduce the vector size of
the transformed vectors withoutaffecting the recognition
accuracy after adaptation if the Joint-space approach
is selected. In this case, the required amount of
computation can be reduced in the same proportion as
the reduction in vector size. Moreover, if parallel
processing is possible, the processes of transforming
the feature vectors and the model parameters can be
started simultaneously. Therefore the on-line adaptation
processing time can be further reduced. One additional
advantage of this approach is that since a smaller vector
size can be used, the computation involved in the
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recognition phase canalso be reduced, provided that the
beam width for the search mechanism in the Viterbi
decoding process is set correctly.

§. CONCLUSION

Given the use of spectral transformation as a means to
perform speaker adaptation for speech recognition,
three different approaches have been presented and
discussed here. Adaptation experiments have revealed
that the Joint-space approach can provide the best
recognition accuracy after adaptation if sufficient
amount of adaptation data is available. However, if the
amount of adaptation data is really limited, the use of
the Ref-to-New approach, which transform the model
parameters only, is more appropriate. The New-to-Ref
approach may have acompetitive edge where fast on-
line adaptation is mandatory.
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