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ABSTRACT

This paper presents a fast and incremental speaker adap-
tation method called MAP/VFS, which combines Maxi-
mum a posteriori (MAP) estimation, or in other words
Bayesian learning, with Vector Field Smoothing (VFS). The
point is that MAP is an intra-class training scheme while
VFS is an inter-class smoothing technique. This is a basic
technique for on-line adaptation which will be important in
constructing a practical speech recognition system. Speaker
adaptation speed of the incremental MAP is experimentally
shown to be significantly accelerated by the use of VFS in
word-by-word adaptation. The recognition performance of
MAP is consistently improved and stabilized by VFS. The
word error reduction rate achieved in incrementally adapt-
ing a few words of sample data is about 22%.

1. INTRODUCTION

From recent intensive studies of Maximum a posteri-
ori (MAP) estimation, or Bayesian Learning, for Hidden
Markov Model (HMM), it has been reported that MAP
estimation was experimentally proven to be effective for
speaker adaptation {1, 2, 3, 5. This is because the learning
scheme of incorporating prior information into HMM train-
ing process is significantly useful for solving the inherent
adaptation problem of insufficient training data. In addi-
tion, on-line adaptation which is not required in prior train-
ing data acquisition has been shown to have potential as an
important and attractive application of the incorporated
training function [4]. According to some of these studies,
balance between the amount of adaptation training data
and the number of models is suggested to be important in
MAP adaptation. Thus, training speech lasting anywhere
from ten seconds to several minutes, which correspond to
the speech of one to several sentences, was often used. This
volume of training data, however, is still thought to be too
large to be collected in practical speech recognition applica-
tions. This results in a MAP adaptation speed that is too
slow for practical applications.

This paper proposes a fast and incremental speaker adap-
tation method called MAP/VFS to improve the perfor-
mance of MAP and to increase adaptation speed. This
method combines MAP estimation as intra-class train-
ing with Vector Field Smoothing (VFS) [12] as inter-class
smoothing. This concept of MAP/VFS first appeared in our
work [6] in which this method was applied to simultaneous
adaptation of a telephone line and a speaker and then the ef-

0-7803-2431-5/95 $4.00 © 1995 |EEE

fectiveness was experimentally proven. In this study, MAP
was used as a pooled training instead of Maximum Likeli-
hood (ML) estimation. From the aspect of practical appli-
cation, an incremental MAP/VFS was proposed in our fur-
ther studies {7, 9, 11] for adaptation of telephone lines and
of speakers to achieve fast and word-by-word adaptation. In
these studies, how to build VFS into an incremental MAP
procedure in order to expand MAP/VFS function toward
on-line adaptation was investigated. After that, a speaker
adaptation method based on the same presented combina-
tion was proposed in [8, 10]. In this paper, how to determine
the prior density parameter in MAP/VFS method for fast
and higher performance is described.

In the foliowing section, the principle of MAP/VFS is de-
scribed and the constituent algorithms of MAP estimation
and VFS are also mathematically summarized. The remain-
ing sections report some experimental results for word-by-
word incremental speaker adaptation using the proposed
method.

2. INCREMENTAL MAP/VFS ALGORITHM

2.1. MAP Estimation

The feature of MAP estimation is that the training in-
corporates prior information of model parameters and new
incoming training data. This is expected to be an effective
solution to the inherent problem of limited data training
in adaptation. According to the mathematical estimation
formulas for continuous-mixture-density HMMs, the mean
vector of each output probability distribution, is estimated
as follows.
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Here, ri1; and m;, denote the MAP trained mean vector and
the initial mean vector of the k-th mixture components, re-
spectively. 2 represents covariance matrices. The param-
eter T is a prior density parameter that controls the bal-
ance between prior information and the new training data.
Equation (1) shows in such a way that the estimated mean
vector is obtained as the interpolated one using the initial
mean weighted by 7 and the sample mean weighted by the
effective sample counts 23;1 cke. As the ratio of T against
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Figure 1. Nlustration of Vector Filed Smoothing (VFS)

the sample counts approaches zero, the estimated mean ap-
proaches the sample mean from the initial mean. Accord-
ingly, parameter T3 is regarded as the control parameter for
the adaptation speed. In incremental MAP, since the mean
vector estimation is carried out one by one using training
data, 7 is renewed each time by 7 — 7% +2f=1ckg. With
this parameter renewal of 7%, the final estimated mean ob-
tained from the incremental MAP procedure is theoretically
equal to the estimated mean of the MAP procedure used as
the pooled training.

2.2. Vector Field Smoothing (VFS)

VF'S was proposed as one of solutions for insufficient
training using a limited amount of sample data in speaker
adaptation. The basic idea of VFS is that it is assumed
that a set of training trajectories of mean vectors forms a
smooth vector field.

The principle of VFS is illustrated in Figure 1. First,
the initial mean vectors of initial models are trained using
adaptation training data by an intra-class training method,
such as Maximum Likelihood (ML) estimation or MAP esti-
mation, in each of phone classes. Only partial mean vectors
are trained because the amount of training data is often so
small that they do not always include the data for training
all initial models. Next, two kinds of estimations are car-
ried out. One is interpolation to obtain the estimated mean
vectors corresponding to the mean vectors left untrained in
the initial models. The other is smoothing for the trained
mean vector modification in order to reduce the estima-
tion error caused by insufficient data intra-class training.
In both cases, the mathematical formula is described in the
following single equation.
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In equation (2), m; is the j-th initial mean vector and
and mh; represent the j-th trained and adapted mean vector
corresponding to m;. (m; - m;) is transfer vector in equa-
tion (2). The vector distance d;; is the distance between i-th
and j-th mean vectors, in which the Euclid distance mea-
sure is usually used. w;; is the weighting coefficient for the
neighboring transfer vectors included in Gx which denotes
the group of K nearest-neighbor mean vectors. This value is
given by the Gaussian window function shown in (2), where
s is the smoothing parameter for adjusting the transfer vec-
tor direction. Since the i-th mean vector is not contained in
Gk in interpolation, K nearest-neighbor mean vectors are
used for estimating. In the smoothing procedure, the i-th
mean vector is contained in Gx and then this vector and
K —1 nearest-neighbor mean vectors are used for estimation
error compensation. Parameter s is used to control the de-
gree of smoothness in the transfer-vector field. If s = 0, for
example, smoothing does not occur. Contrarily, if s — oo,
all transfer vectors turn to the same direction when Gg
contains all initial mean vectors.

2.3. Concept of MAP/VFS

MAP estimation is regarded as intra-class training in
which the models can be trained only when the sample
data to train them are acquired. On the other hand, VFS
is regarded as inter-class smoothing. Therefore, the impor-
tant concept is that the proposed MAP/VFS consists of
two algorithms which compensate for each other’s training
function in order to yield a multiplying effect using each sig-
nificant feature. In this study, another important point is
made which is that the MAP estimation is adopted instead
of Maximum likelihood (ML) estimation as intra-class train-
ing. (In the original VFS algorithm, ML was used). This is
because, by the incorporated training which is equivalent to
the training using a large amount of data, the MAP trained
mean vectors are so well-trained that the well-estimated
mean vectors will be obtained using VFS.

Let us consider the relation between MAP estimation and
VFS based on the previously described mathematical for-
mula. Equation (1) is rewritten as follows:
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In equation (3), X; represents the sample mean of the adap-
tation training data. In the first equation in (3), the left
term represents the transfer vector of MAP/VFS, while
(X: — m;) in the right term -corresponds to the trans-
fer vector of ML/VFS because the sample mean X; is re-
garded as the ML estimated mean vector. Accordingly, in
MAP/VFS, it is found that the transfer vector is weighted
by the amount of training data. The weight is controlled
by balancing between the sample counts and the amount
of prior information represented by 7;. In other words, the
magnitude of the transfer vectors depends on 7. According
to the incremental MAP principle, especially in the word-
by-word speaker adaptation procedure, the MAP estimated
mean vectors are thought to approach slowly the true mean
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Figure 2. Four types of incremental MAP /VFS procedures

vectors as 7y, is iteratively renewed. To increase the adapta-
tion speed in incremental MAP/VFS, it is effective to give
7 a value rather less than the optimal value in the MAP
adaptation.

3. ADAPTATION PROCEDURE

Figure 2 shows four possible combinations of MAP
estimation and VFS. Each combination is different from
each other in two ways. The first is in how VFS is in-
corporated into the incremental MAP procedure: Alternate
(MAP+VFS) or Sequential MAP+VFS. In the former, the
models left untrained are estimated by VFS using the MAP
trained models, and the obtained models are then used as
seed models for the next MAP estimation. This procedure
is iteratively carried out each time that adaptation train-
ing data are acquired. Contrarily, in the latter, VFS is
used as a post-processing of incremental MAP estimation.
The MAP trained models are always used as seed mod-
els in the incremental procedure. The other way in which
each combination differs is in which type of origin for the
transfer-vector field is determined: fized origin or smoothed
origin. The origin is fixed to the initial models in the former
while it is iteratively replaced by smoothed models using
VFS in the latter. In the preliminary experiment, “Alter-
nate (MAP+VFS) with a fized origin” performed best and
was used as the incremental MAP/VFS adaptation in this
study.

4. EXPERIMENTAL SETUP AND RESULTS

4.1, Experiments

The recognition performance of the proposed MAP /VFS
method was evaluated for speaker adaptation through
phoneme recognition and a large vocabulary word recogni-
tion. These experiments were conducted using the speaker-
independent recognition system that we developed. The
initial models were context-dependent speaker-independent
models [13]. These models are trained based on the Hid-
den Markov Network (HMnet) using a database, provided
by ATR, which consists of 216 phonetically balanced word
utterances and a half set of 5240 word utterances (even
numbers) by 16 speakers (8 males and 8 females). This
HMnet was constructed using allophone environment ty-
ing technique at triphone-model and state levels. There
were 1498 context-dependent phoneme models in the tied-
state configuration with two mixtures in output distribu-
tions. The number of states was 450 and the total output

distribution counts were 924. The feature parameter was a
33-dimension vector consisting of 16 cepstral coefficients, 16
A cepstral coefficients, and a A log-power, which was ob-
tained through LPC analysis under a sampling frequency
of 12 [kHz], a Hamming window length of 32 [ms], and a
frame shift of 8 [ms]. The adaptation training data and
test data were selected from the other half set of the 5240
word utterances (odd numbers). 20 words were randomly
selected as the adaptation training data and the remaining
2575 words were used as the test set. The test-set speakers
were different from those of the training data set. In the
experiments, the mean vector was adapted.

The recognition performance of MAP/VFS and incre-
mental MAP were evaluated for two males and two females
through phoneme recognition and a large vocabulary word
recognition. A test set consisting of 2575 word utterances
were used for both experiments. The vocabulary size was
92575 in isolated word recognition. Experiments were fo-
cused on investigating how the performance improvement
and adaptation speed are changed by the value of the pa-
rameter 7x in word-by-word incremental speaker adapta-
tion. Two values of 16 and 7 for 7. were used and the value
of smoothing parameter s was fixed to 10.0.

4.2. Results

Figures 3 and 4 show adaptive learning curves of the pro-
posed MAP/VFS and incremental MAP. The average recog-
nition rates are plotted along the training word counts from
1 to 20. The performance of MAP/VFS and MAP in the
case of 7, = 7 is compared in Table I for phoneme recog-
nition and in Table II for a large vocabulary isolated word
recognition. In the case of 7 = 16, the value of 7. was it-
eratively renewed in both MAP/VFS and MAP adaptation
according to incremental MAP algorithm. The performance
of MAP/VFS increased rapidly in both phoneme and word
recognition. For the incremental MAP, although the per-
formance began to increase slowly from about four words
in phoneme recognition, the word recognition performance
was nearly equal to the baseline of the initial models. In
another case where T, = 7, T was fixed to 7 through in-
cremental adaptation in MAP/VFS and MAP. The perfor-
mance of MAP/VFS significantly more improved over that
of 7 = 16 in phoneme and word recognition. Nevertheless,
in incremental MAP, the phoneme recognition performance
decreased and the word recognition performance tended to
degrade slowly to beneath the baseline. From these results,
a 7e-value less than the optimal value of MAP was experi-
mentally proven to be good for MAP/VFS. This is because,
in the case of 7 = 7, adaptation speed is thought to be ac-
celerated by means in which a proper over-estimation of
mean vectors in MAP is carried out to obtain as long a
transfer vector as possible since the transfer vector is short
in word-by-word adaptation and the variance of the over-
estimated mean vectors is adjusted by the smoothing of
VFS. This suggests that the optimal value of 7. may be
different between MAP/VFS and MAP. With the proposed
MAP/VFS, the phoneme error was reduced by 7.4%, 11.5%,
and 14.7% for 4-word, 10-word, and 20-word adaptation, re-
spectively. The word error was also comparatively reduced
by 16.5%, 21.6%, and 22.7%. The results show that not
only did VFS consistently accelerate the adaptation speed
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Figure 3. Adaptive learning curves in phoneme recognition

Table I. Phoneme recognition performance comparison
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of the incremental MAP but also improve and stabilize per-
formance by combining MAP with VFS.

5. CONCLUSION

In this paper, we presented the concept of MAP/VFS
adaptation method to achieve fast and incremental speaker
adaptation. In the performance evaluation, the adaptation
speed of the incremental MAP-based speaker adaptation is
shown to be consistently accelerated by the Vector Field
Smoothing (VFS) even if the amount of training data was
very small. Furthermore, VFS improves and stabilizes the
recognition performance of the incremental MAP. The pro-
posed method is simple to process and requires no pooling
of the adaptation training data.
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