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ABSTRACT

In practical use of speaker adaptation, it is important to
provide a framework that operates well for any amount
of adaptation data since the amount of data available
is often changed. We propose one such framework in
which the number of free parameters for estimation is
autonomously controlled according to the amount of data
for adaptation. It has been applied to a speaker-independent
speech recognition system using continuous density mix-
ture Gaussian HMMs, and has proven to be effective
through 5,000-word recognition experiments. For exam-
ple, it achieved a 40% reduction in error rate over the
speaker-independent recognition system when 50 words
were used for adaptation.

1. INTRODUCTION

Over the last few years, extensive studies have been car-
ried out on Speaker-Independent(SI) speech recognition
systems using continuous density mixture Gaussian Hid-
den Markov Models(HMMs). As the model parameters
are estimated with a large amount of training data from
many speakers, they are robust against speaker variety
and show good performances on average.. They have an
advantage over Speaker-Dependent(SD) recognition sys-
tems in that they do not need any training data from a
new speaker. However, their recognition accuracies are
less than those obtained with well-trained SD recogni-
tion systems. Furthermore, they have shown poor per-
formance for some particular speakers, probably because
the acoustical properties of those speakers were different
from those of any of the speakers from whom training
data had been obtained. To overcome these problems,
various speaker adaptation methods have been developed
and applied to SI recognition systems.

In general, speaker adaptation methods are expected
to have the following two properties.

o The recognition accuracy is improved with even a
small amount of data for adaptation.

o The recognition accuracy increases as the amount
of data increases, even when the amount of data
available is large.

Many adaptation techniques have been developed, but
few of them have fulfilled both requirements.

As means of achieving the former requirement, parameter-

tying and parameter-smoothing techniques(l, 2, 3] have
been studied. By reducing the degree of freedom with
which free parameters can be estimated, these techniques

improve recognition accuracies even when the amount of
adaptation data is extremely small. However, the recog-
nition accuracies stop increasing with a relatively small
amount of adaptation data, and remains less than those
of SD recognition when a large amount of data is avail-
able for adaptation. This is because the models adapted
with the predetermined low degree of freedom fail to cap-
ture the rich acoustical characteristics that the large data
contains. Thus, these techniques do not meet the latter
requirement. It can be expected that these two require-
ments will be both fulfilled with techniques that gradually
untie the parameters, or gradually reduce the smooth-
ing effects with the increase in data. In this paper, we
propose one such technique, in which the degree of free-
dom with which free parameters can be estimated is au-
tonomously controlled according to the amount of data
for adaptation. Utilizing a tree structure of parameters
for this autonomous control, it provides a free parameter
set of adequate size for any amount of adaptation data.

2. AUTONOMOUS CONTROL OF
PARAMETER SET SIZE
Each state in continuous density mixture Gaussian HMMs
has an output probability density function, which is the
weighted summation of K Gaussian components. In the
adaptation procedure, SI mean o of Gaussian compo-
nent i is mapped to the unknown SD mean j; as follows:

ﬂ,’:[l.'o-i-&.’, i=1,...,Nx K,

where §; is a shift parameter from the SI mean, and N is
the number of states in HMMs. We attempt to estimate
these shifts for all the Gaussian components in HMMs.

The total number of the Gaussian components in
HMMs, N x K, is so large that estimating the shifts with
a small amount of data causes serious degradations in
recognition accuracies. One way to solve this problem
is to reduce the number of free parameters by tying the
shifts. However, the models with the small number of
free parameters do not give much improvement in recog-
nition accuracies when a large amount of adaptation data
is available. Therefore, the number of free parameters
should be controlled according to the amount of adapta-
tion data.

As means of controlling the number of free parame-
ters, we introduce a tree structure for the shifts(Figure 1).
In this tree structure, each leaf node i corresponds to each
Gaussian component i, and a tied-shift A; is defined for
each non-leaf node j (including a top node). The shift
§; for each leaf node i is estimated using a training al-
gorithm such as Viterbi algorithm or Forward-Backward
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algorithm. The tied-shift A; for each non-leaf node j is
calculated as a shift shared by all the leaf nodes that fall
below the node j.

Using this tree structure, the number of free param-
eters can be controlled according to the amount of data.
When the amount of data is small, the tied-shift A; of
the nodes at the higher level is applied to the Gaussian
components of the leaf nodes that fall below the node j;
it is used as the shifts for those leaf nodes. When the
amount of data is large, A; of the node at the lower level
is used as the shifts §;. To autonomously control the
number of parameters, we set a threshold on the amount
of node data. Here node data is defined for each node j
as the data used for estimating the tied shift Aj. Only
the nodes for which there are moderate (neither too small
nor too large) amount of node data are selected and their
tied-shifts A; are used for adaptation. This principle is
depicted in Figure 1.

When the total amount of data for adaptation is very
small, only the top node is selected for adaptation. The
parameter A; of the top node is applied to all the means
in HMMs. This tie-shift represents a movement of the
whole of the means in the acoustical feature space from
the SI means. As the total amount of data increases, the
nodes at the lower levels are selected for adaptation. The
tied-shifts A; of these nodes represent more local move-
ments. When a sufficient amount of data is available, the
shift §;of each leaf node i is directly used for the adap-
tation of the corresponding Gaussian component i. In
this case, the adapted models become identical with the
models adapted without.the tree structure.

3. IMPLEMENTATION

The performance of the proposed method largely depends
on how the tree structure is constructed. The tree should
be made so that the tied-shift A; of the node j well repre-
sents all shifts for the leaf nodes that fall below the node j.
According to a recent research report[4], one can assume
that, for the Gaussian components that are close to each
other in the acoustical feature space, the shifts also tend
to be close to each other. Therefore, we construct the tree
using the distance between the Gaussian components in
SI models. The tree is made in a top-down manner with
the k-means algorithm, in which the divergence is used
as the distance between the Gaussian components[5].
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Figure 1: Principle
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The proposed method is implemented into a super-
vised adaptation scheme. The adaptation procedure has
the following four steps.

1. Each data frame in the adaptation data is assigned
to a Gaussian component of the ST HMMs using the
Viterbi time-alignment. The difference between the
feature at the data frame and the mean is calcu-
lated, and is attached to the leaf node which corre-
sponds to the Gaussian component. After process-
ing for all the data, each leaf node i has a set of
the differences {V (i,1),...,V (i, Ki)}, where K; is
the number of data frames for node i.

2. The shift é; for each leaf node i is calculated as
the average of V(i, Ki);k = 1,..., K;. The tied-
shift A; for the non-leaf node j is calculated as the
average of the differences for all the leaf nodes that
fall below the node j.

3. Let D be a threshold on the number of data frames.
For each leaf node i, one node is selected: the se-
lected node is either the leaf node i itself or one of
the dominating nodes, which are surrounded by a
dashed line in Figure 1. If the leaf node has more
data frames than D, it is selected. Otherwise, the
nearest node to the leaf node which has more data
frames ‘K; than N is selected.

4. For each leaf node, the tied-shift of the selected
node is added to the mean.

Let us compare the proposed method with some of
the other techniques. Digalakis et al. recently proposed
“genones” approach [2], in which the mixture compo-
nents are tied to each other. Our.-method autonomously
changes the degree of tying according to the amount of
data available. We also compare our method with the
Vector Field Smoothing (VFS) approach[3], in which the
shifts are smoothed in acoustic feature space. In the VFS
approach, the degree of smoothing is controlled by a func-
tion of the distances between Gaussian components. In
our approach, the spatial relations among Gaussian com-
ponents are represented by the tree structure.

4. EXPERIMENTS

4.1. Experimental Conditions

The proposed method was evaluated using the demi-syl-
lable based Japanese recognition system[6]. In this sys-
tem, speech was digitized at a 16 kHz sampling rate, and
analyzed by a 10 msec frame period. The feature used was
a vector of 21 components, consisting of a power deriva-
tive, 10 mel-scaled cepstral coefficients, and 10 corre-
sponding mel-scaled cepstral time derivatives. The num-
ber of demi-syllable HMMs was 260, each of which had
one to four states. The number of mixtures in each state
was fixed at two. The diagonal covariance was used for
each mixture component. The total number of Gaussian
components was 2046.

The baseline SI models were trained on an database
consisting of data from 85 speakers, in which each speaker
uttered 250 phonetically-balanced words. The tree struc-
ture for the shifts was constructed using these SI models.
The tree had five levels from top to bottom, numbered
L1 through L5 respectively. From the top level L1 to the
fourth level L4, there were four branches for each node.
In the bottom level L5, each node had a different number
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Figure 2: Number of nodes used for adaptation
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Figure 3: Ratio of number of nodes in each level of tree
structure

of leaf nodes. The level for the leaf nodes was defined and
was named L6.

The proposed method was evaluated with large-vocabulary,

isolated-word recognition experiments. As a recognition
vocabulary, a set of 5,000 words selected from a Japanese
dictionary was used. For testing, the speech data of five
male speakers and five female speakers, who were not in-
volved in the training database, were used. Each of these
test speakers uttered 250 words for adaptation and 250
words for testing. The vocabulary for testing was differ-
ent from that for training and adaptation.

4.2. Results

Prior to the recognition experiments, we examined
how the number of parameters was controlled using the
proposed method. Figure 2 shows the number of nodes
used for adaptation of male speaker M4, where D means
the threshold for the number of data frames for each node.
The number of nodes became larger in proportion to the
number of words. Figure 3 graphs the ratio of the number
of nodes used for adaptation in the tree’s L levels to the
total number of nodes used for adaptation, as a function
of the number of words. The threshold D was fixed at
10. From the figure, one can see that as the number of
words increases, the dominant level (the level achieving
the highest ratio) approaches the leaf node level L6.

The recognition results of the proposed method, av-
eraged for 10 speakers, are shown in Figure 4 in which
the threshold D is varied from 3 to 50. In this figure,
the SI recognition result(Sl) and the result of the ref-
erence experiments(ref), in which the tree structure was
not used for adaptation, are also shown. In the reference
experiments, the spectral interpolation technique[4] and
the MAP estimation of the means[7] were employed. As
shown in the figure, the optimal value for the threshold
was proved to be 10. With this threshold, the proposed
method achieved a 40% reduction in error rate over the
speaker-independent recognition system when 50 words
were used for adaptation. It also achieved a better result
than the method without the tree for any amount of data.

Figure 5 shows the recognition rates for the 10 speak-
ers. It shows the results of SI experiments(Sl), 10-word
adaptation, and 250-word adaptation. The most signif-
icant improvement was seen for speakers with lower ac--
curacy in the SI experiments. The rate of speaker M3
was not improved with 10-word adaptation. However,
this was not a serious problem because the SI recognition
rate for this speaker was high enough.

Recognition Rate

92

90—

0 50 100 150 200 250
Number of Words

Figure 4: Proposed method

In Figure 6, the result of the experiments in which thé
level L in the tree used for adaptation was fixed(level-
fixed method). In this figure, the result of the proposed
method with the threshold 10 is also shown. When the
number of words was small, the rate for the higher level
was better than that for the lower level. As the number of
words increased, the level which achieved the highest rate
approached the leaf node level L6. The proposed method
achieved higher rates than the level-fixed methods for any
levels, regardless of the number of words. This means
that the autonomous control of the parameter number
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Figure 5: Recognition accuracy for each speaker
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Figure 6: Recognition accuracy for each level

was successful.

As one can see from Figure 4, the optimal thresh-
old value was different for each number of words. When
the number of words was small, a high threshold value
achieved high rates, but with a large number of words, a
low threshold was preferable. This issue will be further
investigated in future research.

5. CONCLUSION
A speaker adaptation method, in which the size of the
parameter-set to be estimated is autonomously controlled
using a tree structure for the parameters, has been pro-
posed. This method has been proven to be effective in
large vocabulary experiments. Future work will apply
this method to the unsupervised, on-line adaptation scheme.
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