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ABSTRACT

This paper proposes a novel method for speaker-
independent phone modeling based on the Composition
and CLustering method (CCL) of speaker-dependent
HMMs. In general, HMM phone models are trained by
the Baum-Welch (B-W) algorithm. We, however, pro-
pose a speaker-independent phone modeling in which
speaker-dependent (SD) HMMs are combined to form
speaker-independent (SI) HMMs without parameter re-
estimation. Furthermore, by using this method, we
investigate how different kinds of reference speakers in-
fluence the development of the SI models. The method
is evaluated in Japanese phoneme and phrase recogni-
tion experiments. Results show that the performance
of this method is similar to the conventional B-W al-
gorithm’s with great reduction of computational cost.

1.

Generally speaking, HMM phone models are trained
with the Baum-Welch (B-W) algorithm [1]. In this al-
gorithm, unfortunately, it is necessary to retrain mod-
els when new reference speakers or new data are added
to the training data. This becomes a serious prob-
lem when speaker-independent phone models have to
be modified because an extremely high computational
cost is-required when the number of training speakers
becomes large.

Introduction

To solve this problem, we propose a speaker-independent
phone modeling in which speaker-dependent (SD) HMMs

are combined to form speaker-independent (SI) HMMs
without parameter re-estimation. By doing so, the
computational cost to create SI HMMs becomes much
less than that of the conventional approach because the
computational cost to train each SD model is small.
In this method, N SD models are clustered and
merged to form K-mixture models (N > K) by using
a composition and clustering method (CCL). Since this
method allows us to add or remove SD models easily, we
can create SI models, gender-specific models (e.g. [2])
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or speaker cluster models [3] quickly if the SD models
are given.

This paper is organized as follows. First, an SI
phone modeling procedure is described. Then, a com-
parison is made between the conventional B-W algo-
rithm and the proposed method in Japanese phoneme
recognition experiments. Finally, by using this method,
we investigate how different kinds of reference speakers
influence the development of the SI models.

2.

2.1. Composition and clustering method (CCL)
The algorithm for the SI phone modeling proposed
here is based on the composition and clustering of SD
HMMs. In this paper, HMnets (Hidden Markov net-
works) [4] which efficiently represent phoneme context-
dependent HMMs are used for the phone models in-
stead of conventional HMMs. The details of the HM-
nets are given in subsection 2.2.

An outline of the modeling procedure is as follows:

Algorithms

STEP 1 To allow a single speaker to determine the
structure of an HMnet from a large number of
word utterances, use the previously proposed SSS
algorithm([4]. The derived structure is assumed to
be common to all speakers.

STEP 2 Create N speaker-dependent single-Gaussian
HMnets using training samples uttered by N ref-
erence speakers.

STEP 3 Cluster all of the speaker-dependent HMnets
by the method described in subsection 2.3; K
clusters are obtained.

STEP 4 At every cluster, combine HMnets to form a
single-Gaussian HMnet as follows:
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where ;l.g-i) and S;') are the mean and variance of
the output pdf., respectively, at state j in the i-th
HMnet, and j; and S'j are the mean and variance
of the composed HMnet, respectively.

The weights wgi) are given by

wf? =3 n?, 3)

where n{") is the number of training samples for

state j in the ¢-th HMnet.

STEP 5 Create a K-mixture HMnet from K HMnets
(from STEP 4) by the speaker-mixture method
[5] described in subsection 2.4.

2.2. Hidden Markov networks (HMnets)

The proposed SI phone modeling method has been suc-
cessfully applied to produce an HMnet considered to be
a highly generalized form of the HMM. This HMnet in-
corporates context-dependent variations of phones and
state sharing among different allophones. It contains a
finite number of states, each containing Gaussian dis-
tributions, that are connected to each other to form
paths representing context-dependent phone models.
This network is automatically derived by using the Suc-
cessive State Splitting (SSS) algorithm, which simulta-
neously solves three problems: network topology, allo-
phone clusters, and the acoustic distribution for each
state.

2.3. Clustering algorithm for HMnet

In the clustering process of STEP 3, all of the distances
between every two models are calculated in advance
and a distance table is created. Bhattacharyya distance
measures are used in order to deal with the stochastic
models. The cluster with the maximum sum of dis-
tances is divided step-by-step using the distance table,
similar to the clustering method proposed in SPLIT
word recognition [6], which is one of the modification
methods of the LBG algorithm [7]. In this method,
only the number of clusters is required.

The distance measures between HMnets are described

below. We start by introducing the following set of no-
tations:

bg.’k): the k-th state observation probability at state j
in the i-th HMnet.
N: the total number of states.
L: the total number of output probabilities.
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The distance between two HMnets M; and M, is
defined by

N L
a 1 1) (2
D(My, M) = N Z Zd(bjk ’bg(;)k)’ (4)

Jj=1lk=1

where g(j) is the state permutation that minimizes
the value of this equation. In this case, the output

probability distribution is used instead of the output
string probability. Provided the two HMnets have the
same structure, we can assume that

9(3) =17. (5)

Generally, the values of d(b),b(?)) are given by
using stochastic measures such as Kullback informa-
tion measures [8], Chernoff distance measures or Bhat-
tacharyya distance measures. In this work, Bhattacharyya
distance measures are used. When the output prob-
ability () is assumed to be given by Gaussian pdf.
N(p1,Sp), the Bhattacharyya distance between two Gaus-
sian pdfs. 5(1) and b is

S1+ 52

1

d(bM, 6Dy = g(ﬂl—ﬂz)t( 7 )M — p2) +
1. |(S14 52)/2|
2 ln |51|1/2|5’2’l/2' (6)

2.4. Speaker-mixture method

We have already proposed a speaker-mixture method
(5] that can yield highly accurate speaker-independent
phone models. This method is used in STEP 5 of the
SI phone modeling. Suppose that a set of speaker-
dependent continuous-mixture HMnets is given for each
of several reference speakers. Then, a speaker-mixture
phone model is constructed by merging all of the cor-
responding states of each speaker with equal speaker
weights. This model is a kind of hierarchical mixture
model that contains speaker mixture weights and intra-
speaker mixture weights for mixture components.

3. Recognition Experiments

3.1. Experimental conditions
The SI modeling method was tested on Japanese phoneme
and phrase recognition using phrase by phrase utter-
ances. The experimental conditions are summarized in
Table 1.

A single Gaussian 200-state HMnet was trained with
50 Japanese sentences uttered by each of 285 speakers.
Not only the Baum-Welch algorithm but also Vector
Field Smoothing (VFS) [9] was used for the training.
Since the VFS algorithm has a smoothing procedure,
we could decrease the amount of training data.

Phrase recognition experiments were carried out by
using a generalized LR parser, which could cope with



the context-free grammar. The task included 1,035
words and its phoneme perplexity was 5.9.

Table 1: Experimental Conditions

[ Analysis conditions |

Sampling rate 12 kHz
Window Hamming window (20 ms)
Frame period 5 ms
Analysis log power + 16-order LPC-Cep +
Alog power + 16-order ALPC-Cep
| Training data |
Speakers 139 female + 146 male speakers
Samples 50 Japanese sentences
| Recognition data |
Speakers 5 males + 5 females
Samples 279 Japanese phrases

3.2. Investigation on speaker variety

By using the proposed method, we investigated the in-
fluence of the number and kinds of reference speakers
on the development of the SI models. In conventional
SImodeling, while the number of reference speakers has
been investigated, the issue of speaker variety has not
been considered. We tried a method to create SI mod-
els from several reference speakers who were selected
from among many reference speakers by a speaker clus-
ter method. This allowed us to decrease the number of
reference speakers as well as the computational cost for
training,.

In the experiment, the following two methods were
compared: (1) By using the speaker clustering method
described in subsection 2.3, 285 models for each refer-
ence speaker were clustered to make N classes. The
centroid speaker’s models for each class were selected.
In other words, N speaker models were selected from
among 285 reference speakers. (2) N speakers were
selected from among 285 reference speakers randomly.
The selected speakers created SI HMnets by using CCL.
In method (2), five trials were made and the final recog-
nition rate was calculated by averaging the five results.

The results of phoneme recognition experiments are
shown in Figure 1. The results show that the HMnet
created with selected speakers based on the clustering
method outperforms the HMnet created with randomly
selected speakers. This suggests that the number of
reference speakers for parameter estimation can be re-
duced when those speakers are chosen by the clustering
method.
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Figure 1: Recognition rate versus the number of train-
ing speakers for a comparison between randomly se-
lected speakers and speakers selected by a clustering
method in phoneme recognition experiments.

3.3. Recognition results by using composed mod-
els

The SI models formed by the SD models were tested

on Japanese phoneme recognition.

Every SD HMnet was trained with 50 Japanese sen-
tences uttered by each of 15 speakers. These speakers
were selected by the method described in subsection
3.2. Fifteen SD HMnets formed 5, 10 and 15 mix-
ture SI HMnets by the proposed method (Experiment
2). By using these formed HMnets as initial models,
additional parameter training by the conventional B-
W algorithm (Experiment 3) or VFS (Experiment 4)
was carried out for comparison purposes. In addition,
parameter re-estimation by the conventional B-W al-
gorithm only was tested (Experiment 1). In this case,
the initial values of output pdf. were given by a VQ
method. The flowchart for these experiments i1s shown
in Figure 2.

As shown in Table 2, the results indicate that the
proposed method achieves better performance than that
of the conventional B-W algorithm only. Note that the
performance is actually better when the B-W algorithm
or VFS is added to the composed model, than when the
composed model itself is evaluated. But the difference
in performance among B-W retraining of the composed
model, VFS retraining of the composed mode! and the
composed model itself is small.
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In Table 2, parentheses represents the computation
time in hours. Since the computation time for creating
the structure of an HMnet is common to all experi-
ments, it was eliminated. The calculation cost of the
composed model is much smaller than that of the B-W
algorithm. In fact, compared with the B-W algorithm,
the CCL reduced the calculation cost to between ap-
proximately 1/20 and 1/50.

Table 3 shows the results of phrase recognition by
using the composed HMnet. In this experiment, 5 and
10 mixture HMnets were created with 285 reference
speakers by the proposed method, and they achieved
good performance.

Generation of Structure
for HMnet by SSS algorithm

Parameter re-estimation Parameter re-estimation
by Baum-Welch algorithm by VFS algorithm
Emﬂm@> oS
K-mixture Speaker- N Speaker-Dependent
\Indeﬂdcnz HMnet, HMnets' =
Model Composition by
Proposed Method
Speaker 1, Spealer2, Speaker N E!peﬂﬂm_
K-mixture Speaker-
i
Parameter re-estimation Parameter re-cstimation
by Baum-Welch algorithm by VFS algorithm
Experiment 3 Experiment 4
K-mixture Speaker- K-mixture Speaker-
Independent HMnet, Independent HMnet,

Figure 2: Flowchart of recognition experiments

4. Conclusion

We have proposed a novel method for speaker-independent

phone modeling based on the composition and cluster-
ing of speaker-dependent HMMs. Since this method al-
lows us to add or remove SD models easily, we can cre-
ate SI models, gender-specific models or speaker cluster
models very quickly. It has been evaluated in Japanese
phoneme and phrase recognition experiments. The re-
sults show that the performance of this method is equiv-
alent to the conventional B-W algorithm’s in spite of a
drastically reduced computational cost. In fact, com-
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pared with the B-W algorithm, this method reduced
the calculation cost to between approximately 1/20 and
1/50.

We plan to expand the number of speakers to sev-
eral hundred speakers for the SI modeling, and to apply
this modeling approach to conventional continuous and
semi-continuous HMMs.

Table 2: Phoneme recognition rate by using CCL itself,
with Baum-Welch or VFS (%). () represents compu-
tation time (hours).

[ method / #mixtures | 5 [ 10 [ 15

1. Baum-Welch 64.6 67.4 70.2
(102.0) | (188.5) | (276.1)

2. CCL 73.6 74.0 74.1

(4.4) (4.4) (4.4)

3. CCL + 77.2 77.8 78.1
Baum-Welch (100.7) | (179.1) | (259.6)

4. CCL + 74.5 76.0 76.1

VFS (34.3) | (62.5) | (88.9)

Table 3: Phrase recognition rate by using CCL (%)

| candidates/#mixtures 5 | 10 15 |
top 1 76.6 | 774 | 77.6
top 5 94.9 | 95.2 | 95.1
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