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ABSTRACT

This paper proposes a speaker adaptation algorithm
that covers a wide range of adaptation data. The
parameter smoothing technique improves adaptation
performance for a small amount of adaptation data;
however, this smoothing usually reduces adaptation
efficiency for a large amount of adaptation data. Qur
method dynamically controls smoothing strength by
using information on the amount of adaptation data
to achieve good adaptation performance over a wide
range of adaptation data. The proposed method is
combined with the maximum a posteriori (MAP) es-
timation technique, and its effectiveness is shown on
a Japanese 26 phoneme recognition test.

1. INTRODUCTION

In speaker adaptation, the amount of available speaker
specific speech data is different case by case. Thus, a
unified speaker adaptation method that can achieve
good performance for a wide variety of conditions
is required. The parameter smoothing technique im--
proves adaptation performance for a small amount of
adaptation data. However, this technique has some
problems.

The first problem is caused by relatively unbal-
anced reliability among individual parameters. Usu-
ally, the amount of adaptation data among individ-
ual parameters is not balanced. For this reason, the
reliability of each estimated parameter is different
from that of the others. Accordingly, the reliability
of some well trained parameters might be reduced
by the smoothing operation, which uses insufficiently
trained parameters. Considering this relatively un-
balanced reliability, each parameter is estimated by
using maximum a posteriori (MAP) estimation[1][2][3]
instead of maximum likelihood (ML) estimation. MAP
estimation uses information from an initial model as
a priori knowledge to complement the adaptation
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data. This a priori knowledge is statistically com-
bined with a posteriori knowledge derived from the
adaptation data based on the amount of adaptation
data. The individual parameters are estimated, tak-
ing the amount of their adaptation data into con-
sideration. The reliability of each MAP estimated
parameter is then relatively balanced.

Another problem concerns smoothing efficiency,
which depends on the absolute quantity of adap-
tation data obtained in the individual parameters.
When the-amount of adaptation data is small in com-
parison with the estimated parameters, many param-
eters are untrained or insufficiently trained. The in-
terpolation or smoothing of these parameters effec-
tively improves the adaptation performance. There-
fore, when a relatively large amount of adaptation
data is available, many parameters are well trained
and represent the detailed information derived from
the adaptation data. These detailed characteristics
represented by the individual parameters can be lost
by the smoothing operation, even though the in-
formation of other well trained parameters is used.
Thus, the smoothing operation must be controlled,
taking into consideration the absolute quantity of
adaptation data obtained in the individual parame-
ters in order to achieve good adaptation performance
over a wide range of adaptation data.

This paper proposes a method to dynamically
control smoothing strength by using information on
the amount of adaptation data in the individual pa-
rameters. This method prevents over smoothing and
maintains good performance for a large amount of
adaptation data.

2. PARAMETER SMOOTHING

Parameter smoothing is based on transfer vector field
smoothing (VFS)[4], which is the conventional smooth-
ing and interpolation method for mean vectors of a
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continuous mixture density HMM (CDHMM). VFS
performs parameter smoothing and interpolation with
transfer vectors, which implies a difference in the

mean vectors of the initial model and the target model.

Let p’{ and ,uf be the p-th mean vector of the Gaus-
sian distribution of the initial model (I) and the re-
trained target model (R), respectively. The transfer
vector v, between p{, and pf is given by

vp = py — iy ®

When the adaptation data is sparse, reliability of the
transfer vector is usually low because of estimation
error. To reduce estimation error, each transfer vec-
tor is smoothed by using the neighboring transfer
vectors as follows.

v;f: Z /\p,kvk/ Z /\p,k (2)

kEN(p) kEN(p)
—d
Ap,k = €xp (—f’”‘) (3)
r

where v; is the smoothed p-th transfer vector (S),
and N(p) is the set of trained k-nearest neighbors
to ,u; and itself that are selected by using the Ma-
halanobis distance dj, ; between [L{, and pf. When
the p-th mean vector is not trained because of no
adaptation data, namely, p is not included in N(p),
interpolation of the p-th transfer vector is performed
with the same framework as the smoothing opera-
tion by Eq. (2). A, is the weighting coefficient
that depends on the distance dj,  and smoothing rate
fp, which decides the strength of smoothing. Con-
sequently, the target speaker’s mean values of Gaus-
sian distributions can be modified with the smoothed
transfer vectors by

Hp = py +vp 4

In the above smoothing operation, transfer vec-
tors are calculated by using the MAP estimated mean
vectors (uF) of the target model. The MAP-VFS][5],
which is smoothing and interpolation by using the
transfer vectors with MAP, enables us to efficiently
smooth parameters, taking into consideration the re-
liability of each parameter. Furthermore, a way to
control smoothing strength according to the amount
of adaptation data is proposed and explained in the
following section.

3. SMOOTHING RATE CONTROL

The amounts of adaptation data of the individ-
ual transfer vectors are not balanced; this variation
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Figure 1: Smoothing control characteristics

depends on the contents of the adaptation data. Ac-
cordingly, the smoothing rate is individually con-
trolled for each transfer vector. By choosing the
amount of adaptation data of an individual trans-
fer vector as a criterion of the smoothing rate con-
trol, this method is adopted independently of the
structure of the phoneme models (i.e., total num-
ber of states and number of mixture components per
state). The following two expressions are proposed
to control the smoothing rate f, for the p-th trans-
fer vector; because they have different characteristics
relative to the amount of adaptation data and the
smoothing strength.

o linear function

f(l=np/a) (np<a)
h= (5)
0 (np > @)

e hyperbolic function

. B
fp—fm (6)

where f is the initial value of the smoothing rate
used for all transfer vectors, and n, is the expected
number of frames observed from the p-th output dis-
tribution. Both equations show that the strength of
smoothing is weakened by an increase in adaptation
data. Equation (5) reduces the smoothing rate f,
at a constant rate until it reaches zero at n, > a.
Jp» = 0 means that the smoothing is not performed
for the p-th transfer vector. Equation (5) explicitly
indicates the number of adaptation frames at which
the smoothing is stopped for each transfer vector.
Equation (6) first immediately reduces the smooth-
ing rate f,, then causes it to gradually approach zero
and finally converge to zero as n, — oo. Figure 1
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Table 1: Experimental Conditions
| Analysis conditions |
Sampling frequency 12kHz
Hamming window 20ms, Frame period 5ms
I Analysis l
16-order LPC-Cepstrum + 16-order ALPC-Cepstrum
+ log power + Alog power

[ Training data |

146 males + 139 females
{50 Japanese sentences per person)

| Adaptation/Recognition data ]

Speakers 4 males and 3 females

Adaptation | N phrases (N = 3,5,7,20,47, 94, 256)
derived from 256 Japanese phrases

Recognition 279 Japanese phrases

shows the relation between the weighting coefficient
Ap,k used in the smoothing operation and the number
of adaptation frames n,. A, j is obtained by substi-
tuting Eq. (5) or Eq. (6) into Eq. (3). « and g are
experimentally determined in this paper.

4. EXPERIMENTS

4.1. Experimental Conditions

We examined the proposed speaker adaptation algo-
rithm using a Japanese 26 phoneme recognition test.
The experimental conditions are listed in Table 1.
Hidden Markov Network (HMnet)[6], which allows
efficient sharing of system parameters in phoneme
context dependent HMMs, is used as a seed speaker-
independent (SI) model. The total number of states
1s 200, and each state has five mixture components.
Diagonal covariance matrices are used. Supervised
adaptation is performed only for mean parameters
of Gaussian output distributions. The smoothing
control coefficients o and @ are set at 10.0 and 3.0,
respectively.

4.2. Recognition Results
4.2.1. Constant smoothing rate

MAP-VFS with constant smoothing rates (f, =
constant) are applied to the SI model. In these
experiments, the smoothing rates are fixed for the
whole range of the adaptation data and all trans-
fer vectors. Figure 2 shows the phoneme recogni-
tion error rates for some constant smoothing rates
(fp = 0.0,1.0,2.0,5.0). f, = 0.0 means the conven-
tional MAP without parameter smoothing. First,
MAP (f, = 0.0) is compared with MAP-VFS (f, =
1.0,2.0,5.0). When the adaptation data is less than
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Figure 2: Speaker adaptation results of MAP and
MAP-VFS with constant smoothing rates (average
of 4 males and 3 females)

20 phrases, in spite of the smoothing rate, MAP-
VFS achieves higher recognition performance than
MAP. This shows the effectiveness of the smooth-
ing operation for a small amount of adaptation data.
However, with more than 47 phrases, MAP exceeds
MAP-VFS in recognition performance. This result
shows that adaptation efficiency is reduced by the
smoothing operation when the amount of adapta-
tion data is large. Next, we shall focus on the in-
fluence of the smoothing rate on the adaptation per-
formance of MAP-VFS. The larger smoothing rate,
namely stronger smoothing constraint, gives higher
adaptation performance with 3 phrases. However,
the adaptation efficiency of MAP-VFS with a larger
smoothing rate falls more rapidly by an increase in
adaptation data. This results shows the necessity
of smoothing rate control, taking the amount of the
adaptation data into consideration to achieve good
adaptation performance over a wide range of adap-
tation data.

4.2.2. Controlled smoothing rate

The proposed MAP-VFS that controls smoothing
rate is evaluated by comparison with the following
two adaptation methods: MAP and the conventional
MAP-VFS with a constant smoothing rate (f = 5.0).
In the following, only the result of Eq. (5) is shown
because the performance of Eq. (6) was more sen-
sitive to the change of the smoothing coefficient 3
than that of Eq. (5), though the results of these
two control equations were similar for the appropri-
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Figure 3: Phoneme recognition error rates for con-
trolled smoothing rates (average of 4 males and 3
females)

ate values of o or #. Figure 3 shows the phoneme
recognition error rates of the above three methods.
With fewer than 20 phrases, the proposed method
achieves almost the same recognition performance
as conventional MAP-VFS and is always superior to
MAP. With more than 47 phrases, 4‘recognition per-
formance of the proposed method is better than that
of conventional MAP-VFS and nearly the same as
that of MAP. These results show the effectiveness
of controlling the smoothing rate to perform effi-
cient parameter smoothing with a MAP-VFS speaker
adaptation method. Finally, we mention the smooth-
ing coefficient «. In this experiment, o is set to
10. This means that the smoothing operation is
stopped for each transfer vector when the expected
number of frames observed from the corresponding
output distribution reaches 10.0. It is expected that
the phoneme recognition performance curves of the
proposed method approaches that of MAP by us-
ing smaller values of & and approaches that of the
conventional MAP-VFS by using larger values. We
evaluated other values of @ and confirmed the above
assumption. In the range of & = 5.0 ~ 15.0, higher
phoneme recognition performance curves were ob-
tained. In this range, the difference of these perfor-
mance curves was very small. One explanation for
this result may be that the best value of « is different
for the individual mean parameters. The change of
a within the above range may be better for some pa-
rameters and worse for others, and its influence may
be canceled by each other.
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5. CONCLUSIONS AND FUTURE WORK

This paper proposed an MAP-VFS speaker adapta-
tion method that controls smoothing strength by us-
ing information on the amount of adaptation data.
The effectiveness of this method has been shown in
a Japanese phoneme recognition test. This method
achieved a higher performance than MAP and just
same as conventional MAP-VFS for a small amount
of adaptation speech. For a large amount of adapta-
tion speech, this method maintained almost the same

performance as MAP, though conventional MAP-VFS

has reduced performance. Consequently, it has been
shown that the proposed method can achieve good
adaptation performance for a wide range of adap-
tation data. We plan to incorporate the variance
adaptation of Gaussian output distributions into this
method.
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