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ABSTRACT

It is often expedient to consider using more than one
single HMM to characterize a speech unit. In this paper,

we suggest a new speech units modeling method based

on analysis of parameters of HMMs obtained by

preliminary training. By analyzing the emission
probability function of a state of a HMM obtained by
the

distribution of the source data and determine the splitting

segmental k-means training, we can obtain
of that model. The experimental results, based on totally
264,500 phoneme occurring in the 9180 sentences from
60 speakers, showed that approximate 10% improvement
of the recognition rate of the basic phoneme was

achieved.

I. INTRODUCTION

Speech unit modeling is a main problem of speech
recognition. Because of the variability in the speech
production and/or the processing,
advantages to use more than one single HMM to
characterize one speech unit. Normally, there are two
kinds of unit modeling strategies: model clustering (a
bottom-up approach) and model splitting (a top-down
approach). The former is based on the concepts of
starting from a large set of units and merging similar

there are some

units based on some type of clustering procedure. A
general procedure for model merging is based on the
consideration of speech source likelihood, which has
been implemented successfully by Lee [1]. Moreover,

some variations on model clustering have been proposed,
including knowledge-based allophonic clustering [2],

and CART-based phonetic clusters, in which a decision

tree is used to choose the most reasonable clustering

sequence based on phonetic considerations. The later is
based on the concepts of starting from a small set of
units and iteratively splitting the units. There exist two or
more clusters in the speech source data, which are
labeled with a same phoneme symbol. These clusters
represent several units with different acoustic properties
and should be identified. Once the separation is achieved,
we have effectively created multiple models of that unit
[3]. Several ways to create the clusters for each unit has
been proposed [4].

In traditional segmental k-means training procedure,
speech feature vector sequences were aligned to several
states of HMMs by Viterbi decoding, and these feature
vectors aligned to the same state were used to estimate
the model's emission probability function. So, the
clustering detailsof the speech source data were
reflected in the propriety of the model's emission
probability function. In our study, a new speech unit
splitting method was suggested based on the analysis of
the parameters of DHMM (Discrete Hidden Markov
Model) of speech units and segmental k-means training
algorithm.

In section Il, we present the fundamentals of speech
1l
describes the implement of the unit splitting method we

units selection, training, and splitting. Section
proposed. The experiment results will be shown in
section IV, and a conclusion is finally given in section V.

II. SPEECH UNITS MODELING

A. Speech unit selection and training
In many speech recognition systems, phonelike unit

was adopted as the speech unit, in which the basic

phoneme set of speech is used. It has an inherent
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advantage in lexicon building. However, because the distribution of source speech data labeled with phoneme
phoneme unit is defined based on linguistic similarity p cluster to two clusters. Accordingly, two models are
but modeled based on acoustic similarity, there normally needed to build for phonenpe As shown in figure 1, the
exists some inconsistency. Assuming that for a unit unit splitting is to create two new B distributions such as
symbol, represent a phoneme, there is some inherentfigure 1 (b) & (c) from the preliminary B distribution
internal distribution of training tokens that naturally shown as figure 1 (a).

clusters into two or more groups, which represent classes

P (probability)

of speech data that are all associated with that same
phoneme symbol, but have different spectral properties.

In order to reflect the real situation of speech variability, V (center vector)

multiple models of that unit are needed. @)

Once we obtain a preliminary set of HMMs associated @ Unit splitting
with the same phoneme, each of these HMMs represents
a sub-class of that phoneme's source data, we can build a
multi-lexicon Viterbi decoding and obtained the final
HMM by segmental k-means training. The problem is
how to get that preliminary set of HMMs.

P

¥<

v
>
(b) (c)
B. Clustering Analysis and splitting of DHMM

In case of using DHMM, a codebook is needed. First
we need to classify these entire source speech feature
vectors to M clusters by vector quantization [5]
technology. After that, we calculate the center vector for
each cluster and assign an index to each center vector.
These center vectors and indexes composd/amde
codebook. Thesevl center vectors can represent the
entire speech feature vectors roughly.

In DHMM, the symbol density,; (k) represents the
probability of that feature vector, which is represented by

Figure 1: lllustration of unit splitting
This is for state j of modell. V means the center vector of
codebook, which represent the real speech feature vector. P is
the probability of that the feature vector which has code
number k appears at the state j of motlelP(V)=b ,; (k).

Focus our consideration on the discrete symbol
density matrixB ,; of state j of model} . TheseM center
vectors compose a data set, each of them is associated
with weightb ,; (k). Many succeed clustering algorithms

center vector with code number k, appears at the state j [6] can be used to divide that set to several clusters.

of modelr. Then the discrete symbol density matrix Assuming that thesa/ center vectors cluster tol

B, represents the distribution of coded feature vectors in clusters, thenN new matrix B can be created as

state j of model X . According to the clustering analysis following:

As to the i matrix B, ,useb, represenb ,; (k), let

of B,; , we can determinate if one unit should be split
P,=2 5, ,P=1-% b, k' belongs to cluster. Then

and how to split it.

For example, as to phonenpg we only build one 6 b, + b p,-r k e cluster n l<k<M
preliminary modeh for it at first. However, assuming k= 1 -0
b, -(1-r) k ¢ cluster n

that there exists an inherent distribution of source speech

O >

data which all labeled witlp, it could be divided into k=1

1<k=M
two or more clusters. The clustering distribution of o _
r represents a scale coefficient. r is between 0.5 to 0.9.

With these new matri8, N DHMMs are built for that
single phoneme. They have the same parameter as the

speech data can be reflected by the discrete symbol
density matrixB,;. If we examine the histogram of

probability of each code for state j of mod&l, we get

curves similar to those show in Figure 1.(a). The two original DHMM, except that each of them has a new

peaks appearing in that histogram indicate that the matrix B at state j, then these speech data clusters labeled



with the same phoneme can be distinguished. According
to this, the original mono-model lexicon was extended to
multi-model lexicon as figure 2.

Py Py Ps

o] o] o] mono-model lexicon
P, P, P,
0><0><0 multi-model lexicon
o] 0 0

P”l P“z P”B

Figure 2: lllustration of lexicon extending

Eventually, a segmental k-means training procedure
with multi-model lexicon Viterbi decoding is employed
to obtain the final modeling and training result.

IIl. IMPLEMENT OF UNIT SPLITTING
First, we need to select a set of basic phoneme. In
Chinese, a syllable is normally made up of two parts, an
initial and a final The entire consonants, vowels, and
silence,

totally 60 phonemes, compose the basic

bV,

Vv, 1<k<M
b,

=ZbV,;

Define SNRas a splitting criterion.

Z Z bk’IVk”Vcn|2

1<n<N k’ecluster n

> b Vi V|

1<k<M

SNR

Iterate stepl1-2 until the convergencesSdiR

Step 4 Judging of model splitting:

If SNRis larger than a threshol@NR,, it means
that the source speech data has an inherent distribution
clusters to N cluster, then we execute the model splitting
method stated above. Otherwise, it means that the model
should not be split.

Now we conclude the complete model splitting

procedure here:

1)Select a basic phoneme set by linguistic rule, build a
mono-model lexicon.

2)Obtain the preliminary HMMs by segmental k-means
training with mono-model lexicon.

phoneme set. Consider that some phonemes have severaB)Cluster and split these preliminary HMMs and create a

distinct context-dependent pronunciations that can be
labeled with different phoneme symbol directly, the

new set of initialized HMMs. Then build a multi-
model lexicon.

basic phoneme set is composed by 60~70 phonemes. In4)Obtain the final HMMs by segmental k-means training

our study, 65 phonemes were selected to compose the with multi-model lexicon.

basic phoneme set. It includes 38 vowels, 26 consonants,

and 1 silence.

In order to split DHMM, we implement clustering
analysis of the discrete symbol density matBxof
DHMM as following.

For convenience, we usg to represenb ,; (k). As to
the data set composed by thddecenter vectorsy,
assuming that they cluster to N clusters.

Stepl: Centroid calculation:
DefineV,, as the centroid of cluster n,

_ ZbVy. .

\Y : k' e cluster
b,

cn

n

Step2: Classification:

V, ecluster n"; n” =argmin (V,,V,, .

1sn'sN

Step3: Judging of convergence:
DefineV,as the centroid of the whole data set,

IV. EXPERIMENTS
Several experiments were conducted to prove the
validity of this method. These test results are based on
in the 9180
sentences from 60 speakers. 6120 sentences by 40

totally 264,500 phonemes occurring

speakers were used for training, the remain for testing.
All these speech data are selected from the "863 National
Project Chinese Mandarin Speech Corpora". We studied
the relation among split phoneme number, clusters
number N for each phoneme, and the splitting threshold
SNR,,. The result is given at figure 3. We also gave a
result of the comparison of accuracy and average
likehood in case of before model splitting and after
model splitting. The result is shown at table 1.

The test result indicated that approximate 10%
improvement of the recognition rate of basic phonemes
was achieved.
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Number of split phonemes
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Figure 3: Curves of N,SNfand split phoneme number

N represents the cluster number of one phoneme,, SR
threshold. When N is fixed, for each phoneme p, if SNR(p) >
SNR,, then phoneme p should be split. The "Number of split
phonemes" in this figure represents the total of all phonemes
that should be split.

Before After
splitting splitting
Number Accur | Tike— T Aceur T Dike-
acy % | hood | acy % | hood
gﬁg;emes 28 55.4 | -3.85| 78.6 | -3.49
gf?(-)izl:;es 37 62.3 | -3.88| 60.7| -3.82
;ﬁgﬂemes 65 59.1 | -3.87| 68.2| -3.68

Table 1: The effect of model splitting
In case of N=2, SNR2.0, the likehood is the frame-average
log likehood of these phonemes.

V. CONCLUSION
According to the experiment results, we can conclude
that the speech unit splitting method presented in this
paper is an efficient way of unit modeling. As shown in
table 1, after model splitting, the average likehood of

accuracy of these un-split phonemes declines slightly.
This is because that the segmental k-means training is
not a discriminative training, for example, if A belong to
model A but B don't. The update of mod&l for
increasing P(A} ) maybe also increase P(B). This

will make B easy to be mis-recognized.

the step of research,
comprehensive investigation about the selection of basic
phoneme set, the clustering and splitting method, and the
multi-model lexicon is still needed.

In next our a more
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Classification

these split phonemes increase greatly, this suggests that

the source speech data were classified more accurate to

their inherent distribution. This lead to that the values of
the discrete symbol density matrR of DHMM is

concentrated. As a result, the recognition rate of these

basic phonemes is increased.
On the other hand, although the recognition accuracy

of these split phonemes is increased remarkably, the



