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ABSTRACT

In this paper a new improved type of HMM, called
State-CodeBook based quasi continuous density HMM
(SCBHMM) is proposed and is tested in the recogni-
tion of Chinese syllables. The SCBHMM is composed
of a set of model parameters, which can explicitly in-
corporate more acoustic characteristics of speech under
limited training data. Here, the observation probability
is associated with the static feature of speech within cer-
tain state and state transition probability is related to
the temporal variations in speech spectra. SCBHMM
suggests an effective method to integrate static and dy-
namic features in speech recognition. Preliminary ex-
periments on the standard Chinese Speech Database
CRDB !, showed that the proposed SCBHMM not
only achieved a great improvement over the original
HMM, but also greatly reduced the computation con-
sumption in the training process. An accuracy of more
than 92% for the top one candidate and 99% for the top
five candidates was achieved in the Chinese Syllables
recognition.

1 Introduction

Since introduced to speech recognition, Hidden Markov
Model(HMM) has been successfully applied to various
speech recognition applications. However, a major lim-
itation of HMM is that the normal HMM, consisted of
a set of probability parameters and stochastic states,
can not directly reflect the acoustic feature of a speech
signal. HMM treats the speech feature vector of each
frame as a stochastic vector and estimates its statis-
tic distribution parameters based on a host of obser-
vations in the training data sets. Therefore, the state
of HMM does not have any practical phonetic mean-
ings about speech. The parameters of HMM, the ob-
servation probability distribution b;(k) or b;(X) and

!The database CRDB was developed by Speech Commu-
nication Lab, Univ. of Scie. and Tech. of China (USTC).
It is generally acknowledged as the standard database for
Chinese syllable recognition in China.
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state transition probability a;;, only reflect the statis-
tic characteristics of speech signal, are completely di-
vorced from the acoustic characteristics of speech sig-
nal. Further, the simple one-order Markov hypothesis
aggravates the inaccuracy of the model. In the litera-
ture, Poritz presented Linear Predictive Hidden Markov
Model, which associates with each state s an all-pole
filter A, of degree N,. M.Ostendorf suggested the Seg-
ment Statistic Model, that described the statistical de-
pendence of all the frames of a speech segment. In this
paper, we proposed a new improved type of HMM, called
State-CodeBook based quasi continuous density HMM
(SCBHMM) , which is composed of a set of model pa-
rameters that can explicitly incorporate the more acous-
tic characteristics of speech while training data is insuf-
ficient. In this model, we make each HMM state directly
correspond to a certain consecutive short-time station-
ary piece-wise speech segment. The observation proba-
bility distribution b;(X) can directly character the static
characteristics of speech within a certain state and the
state transition probability a;; is related to the tempo-
ral changes of speech characteristics. It is a first try to
associate the state transition a;; with the temporal vari-
ations of the speech feature. In this way, SCBHMM
suggested an effective method to integrate static and
dynamic feature in speech recognition. In further, the
experiments proved that the SCBHMM model was un-
sensitive to the state partition , hence we can segment
the speech in advance and avoid the iterative calcula-
tions in the Baum_welch algorithm. Therefore, a fast
training algorithm for the SCBHMM was presented.
We successfully apply the SCBHMM model to Chi-
nese syllables recognition experiments. A recognition
rate of 92% on top one candidate and nearly 99% on the
top five candidates was achieved on an average. All our
experimental results are reported on the Standard Chi-
nese Speech Database CRDB, therefore they are trust-
worthy and comparable.

2 SCBHMM

Due to the defects of conventional HMM described
above, we first assume that- each state in the
SCBHMM directly corresponds to a consecutive short-
time relatively stationary piece-wise segment in the
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speech stream. The topology of SCBHMM is sim-
plified to left-to-right without state-skipping.

We consider the feature vectors belonged to the same
state have more acoustic similarities than those belonged
to different states. We suppose the observation probabil-
ity distribution b;(X) is a function dependent on the cur-
rent observation feature vector X(t) and the state tran-
sition probability a;; 2 is dependent on the dynamic fea-
ture of current observation, such as the relative change
of the current feature vector AX(t) = X(t) ~ X(§-6) (6 is
a constant ) , i.e. a;; is no longer a constant for a given
state as that of normal HMM , it is related to the trend
of current feature change in the SCBHMM. In this
way, the capability of model to character the dynamic
variations in the speech spectra is enhanced. Therefore,
given the current observation feature vector X(t) and
the current state i in SCBHMM, we have

bi(X (1)) = fi(X(8)) 1
ai(X(t)) = gi(AX(4) = (X (1) = X(t - 8))  (2)
( i= 172a"'aN )

£i() and g:() are the functions that describe the prob-
ability space distribution of speech feature belonged to
the state i. As a result,the b;(X(t)) directly character
the static characteristics of speech with respect to the
state 1 and the a;(X) directly indicates the temporal
changes in the spectra, which are believed to play an
important role in the human perception. Therefore |,
the SCBHMM is believed to possess a greater capa-
bility to express acoustic property of speech than the
conventional HMM .

The function f;() and ¢;() are distinct according to the
different SCBHMM models or the different states in a
SCBHMM model. How to accurately and conveniently
express them and automatically estimate them from the
training data is the key of SCBHMM.

Here we introduce two small codebooks SCB; and
DSCB; in each state for the function f;() and g;()
respectively. Because of the similarity of the feature
within a state, we suppose they  are distributed in
a relatively concentrated region of the feature space.
It is reasonable for us to express feature distribution
within a state with a very small codebook. Suppos-
ing the feature vectors corresponding to the state i
are X(1),X(2),--,X(L) , we may cluster them into
M classes with the LBG algorithm and get the code-
book SCB; at the same time. After we easily com-
pute the differenced vectors with respect to state i ,
AX(1), AX(2), -, AX(LYAX({®) = X(t) — X(t —
8)), we can also cluster them to obtain the codebook
DSCB;, which is close to the distribution of the tem-
poral spectra changes in the feature space . Attention
the small codebook SCB; and DSCB; are used in

K

2Tt becomes state-remaining probability a;; in our model
topology ( from left-to-right and without state-skipping)
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an utterly different way from the codebook in the nor-
mal Discrete Density HMM (DDHMM). If the current
state is i and the observation vector is X(t), instead of
vector quantization as that in the DDHMM, we com-
pute a Similarity D;(X) for X(t) using the codebook
SCB;. D;(X) practically reflects how the input feature
vector X(t) accords with the feature space distribution
described by codebook SCB;. Different computation
methods for D;(X) lead to various SCBHMM algo-

rithms. Here we choose the simplest way ,

Di(X(t) = , mip, d(X(1),Q) 3)

d(X(t),Q@;;) is the distance measure between the X(t)
and a codeword @; in the codebook SCB;. Ancther
alternative method for I;(X) is
. — 3 — 0. NT5.171 — 0
DX () =  min, (X() — @) [owl (X)) — Q)
(4)
[oi5] is covariance matrix of Voronoi cell corresponding
to codeword Q;;.

Further,we suppose that the relationship between cur-
rent observation vector probability b;(X) and Similar-
ity D;(X) can be expressed by the exponential function.
1.e.

bi(X) ox e~ DX (5)
so we can deduce the observation vector probability from

the Similarity D;(X)

bi(X) = wie™PiX) (6)
let
it =arg , min d(X(2),Q:) (M
then
b,‘(X) = wie_d(x(t):QU') (8)

w; is a fixed weighting coefficient for the state i.

On the other hand, we can compute the current differ-
enced feature vector AX(t) = X(¢)— X (t—-6). Similarly
we can calculate another Similarity DD;(X) for AX ()
using the codebook DSCB;,

DD,(X(t)) = min

4:;€DS0B; d(AX(1), i) (9)

Based on the same assumption,the state remaining prob-
ability

(X (1) ox e PP0) (10
i.e.
ai( X (1)) = vie”PPHE) (11)
let
jr=arg min AOX(),4) (12)
then
aw(X(t)) = Uie-d(AX(t),q,-]w) (13)

v; is another weighting coefficient for state i. v; is consid-
ered to be directly proportional to the magnitude of the
constant state transition a;; of the conventional HMM.

Unlike the normal HMM , the SCBHMM is com-

posed of following parameters:
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e N : state number in a SCBHMM model.
e M,M’ : size of codebook SCB; and DSCB;.

L] SCB,,DSOB; :

codebook for state 1.

static and dynamic feature vector

(izla?‘?' ’ ’N)

¢ [0i;],[0"i;]): covariance matrix for each codeword in
SCB; and DSCB; respectively. They are optional
according to the methods to calculate the D; (X)
and DD;(X).

Based on all of these parameters, we calculate the

b;(X) and a;;(X) using the methods described above
, then we can continue to use various algorithms in
the conventional HMM for speech recognition, such as
Baum_Welch and Viterbi algorithm.

3 Training and Recognition
with SCBHMM

The experimental results showed that SCBHMM was
unsensitive to the state partition of speech signal. It
is possible to presegment the speech signal and avoid
the iterative calculations in the Baum welch algorithm.
Meanwhile, the size of codebook SCB; and DSCB; is
very small. Therefore, we can derive a fast training
method for SCBHMM , which will greatly reduce the
computation consumption over the Baum welch algo-
rithm. We segment the speech into N segments, each
is relevant to a state in order. There are several meth-
ods to presegment the speech. We refer to a simpler
segmenting algorithm, which segments it according to
the relative distance between two adjacent frames.

Supposing the input speech feature vector sequence
are X(1),X(2), - -,X(L). We denote the optimal segment
point:

We defined the ob ject distortion function:

D(04,0,,--+,0n) = Z mm[ E d(X(s) Q)]

V indicates the Whole feature space
Obviously {O;} is the local extrema point of above func-
tion. l.e.
{0} =arg _, guin_, _ D(01,04,0n)

However, we refer to a simpler segmenting algorithm,
which segments it according to the relative distance be-
tween two adjacent frames.

The simple presegment algorithm can be written as
follows:

L~1
2 X (),X(i~1))
1. First computing Ay = =g

2. let i=0,n=0,R=d(X(0),X(1))
3. Let X(i) belong to state n .

4. HR>Apgthenn=n-+1,R=R-1A\g
else R = R + d(X(i-1),X(3))
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5. i=i+1 and goto 3. until the end of speech.

After presegment, we use the normal K-means algo-
rithm to cluster all feature vectors with respect to state
i from various training samples to generate the code-
book SCB; and compute [0y;] at the same time. Simi-
larly, we can cluster all corresponding dynamic feature
vectors with respect to state i into codebook DSCB;
and get [¢’;]. So far, we obtain all parameters of
SCBHMM . So we complete the whole training proce-
dure of SCBHMM .

In the recognition process, we still presegment the in-
put speech into N segments , each of which is corre-
sponding to a state in order. For a given SCBHMM
A, and segmented speech sequence

X{VXz{v"'Xiv

O= X} X} X} X2X2.-- X2 .- s
symbol X} denotes that the vector X(t) is the jth vector
within the state i, L; is the number of vectors belonged

to state 1. The priori probability

N L
Pr(0 |h) = T 8:0X50) H as(Xi(1)assa(X, (1)
=1 j=1
(14)
Then the recognition output is £*
= argm]?XPr(é [Ak) (15)

We know, the normal HMM must implement a state
optimization iterative procedure based on the probabil-
ity parameters. However, the SCBHMM can avoid
this onerous task. It is the reason why we call it quasi

HMM.

4 Chinese Syllables
tion Experiments

Recogni-

In Chinese every character is pronounced as a sylla-
ble and there exist total of more than 1200 syllables.
Furthermore, Chinese is a tonal language and there are
in general 4 tones, every syllable is assigned to a tone.
When the differences in tone are disregarded, the total
number of different syllable is reduced to 406 . More-
over, Chinese syllable has a unified phonetic structure,
every syllable is conventionally decomposed into Initial
part (ShenMu) and Final part (YunMu). Because of
its unified phonetic structure, the presegment strategy
is particularly suitable to the isolated chinese syllable
recognition.

In the syllable recognition experiments, we build a
SCBHMM model for each toneless syllable.( Recog-
nition of tone is not considered here) Hence there are
total 406 SCBHMM models. The used speech data
is a subset of the Standard Chinese Recognition Speech
Database CRDB, we select total 12 times of Chinese
syllables utterances, each time contains every utterance
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of 1264 Chinese tonal syllables. Among them, 6 times
are uttered by a female speaker and another 6 times are
from a male speaker at different time.

4.1

The speech in the CRDB database was digitized by
16Khz, 16bits. The digitized speech waveform was
pre-emphasized with a filter whose transfer function
is 1 — 0.9727%, and bilinear transformed with function
((f%;g'_%. Then the waveform is blocked into frames and
each frame spans 256 samples and consecutivé frames
overlap by 128 samples. From these smoothed speech
samples we compute LPC coeflicients using autocorre-
lation methods with order 16 , then a 16 LPC-derived
cepstral coeflicients are computed as the feature vector
for each frame.

Signal Preprocessing

4.2 Training and Test Procedure

we select the state number for each model is 5 ( N =
5 ) and size of codebook SCB;is 8 (M = 8 ) and size
of DSCB; is 16 ( M’ = 16 ). To select the weighting
coefficient w;, v;,7 = 1,2, -+ N conveniently , we tied all
weighting coefficients with respect to the same state of
different SCBHMM model to the same value. Hence
we totally have only 10 weighting coefficients. In Chi-
nese syllable recognition, the Initial part always are sup-
pressed by Final part. In the model we can regulate the
w;, v; o counteract the influence.

4.3 Experimental Results

In table 1, we enumerate six results from a host of recog-
nition experiments:

¢ Experiment 1: Using normal DDHMM, trained by
3 times of male speech and tested in the rest.

o Experiment 2: Using the SCBHMM, trained by 3
times of male speech and tested in the rest.

¢ Experiment 3: Using the SCBHMM, trained by 5
times of male speech and tested in the rest.

o Experiment 4: Using normal DDHMM, trained by
3 times of female speech and tested in the rest.

e Experiment 5: Using the SCBHMM, trained by 3

times of female speech and tested in the rest.

o Experiment 6: Using the SCBHMM, trained by 5
times of female speech and tested in the rest.

With the conventional DDHMM, we get the recogni-
tion rate less than 70% on top one candidate. With the
SCBHMM model we obtain the recognition rate about
92% on top one candidate and almost 99% on top five
candidates on an average. Since the CRDB is generally
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acknowledged as the standard syllable database for iso-
lated syllable recognition in China, experimental results
are relatively trustworthy and comparable.

Exp. { Top1 | Top 2 | Top 3 | Top 4 | Topd
No.1 | 68.3% | 83.9% | 89.1% | 91.6% | 93.4%
No.2 | 92.9% | 97.9% | 99.1% | 99.5% | 99.7%
No.3 | 94.9% | 99.3% | 99.6% | 99.8% | 99.8%
No.4 | 65.6% | 83.1% | 88.5% | 91.7% | 93.1%
No.5 | 91.6% | 97.4% | 98.7% | 99.0% | 99.2%
No.6 | 95.0% | 98.6% | 99.0% | 99.2% | 99.3%
Table.1 Recognition rate using the SCBHMM and
DDHMM

5 Summary

It is our philosophy that the correct recognition rate can
be improved with the model that can capture the more
acoustic, phonetic and linguistic knowledge of speech.
Following the philosophy, we proposed the SCBHMM
and achieved a good result in the Chinese syllables
recognition experiments. With the limited training
data, the SCBHMM can explicitly incorporate more
acoustic characteristics of speech. In the SCBHMM,
a set of parameters which are directly associated with
the acoustic property of speech were introduced, the
observation probability distribution is relevant to the
static feature of speech within a state and state tran-
sition probability is related to the temporal changes in
speech feature. The SCBHMM also provides an effec-
tive method to integrate the static and dynamic fea-
ture in recognition procedure. The experimental results
demonstrated that the proposed SCBHMM not only
achieved a great improvement over the original HMM,
but also greatly reduced the computation consumption
in the training process. Therefore, the SCBHMM is a
good alternative to the conventional HMM in the speech
recognition.
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