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ABSTRACT

A traditional hidden Markov model (HMM) consists of
two stochastic processes, a hidden state transition
process and a symbol-generating (output observation)
process. Researches show that the description of the
feature space or the scoring method in the second
process is more important. In speech recognition, the
feature space is often represented by the mixed Gaussian
densities, which consumes a lot of time and storage. In
this paper, a novel method is proposed, which is based
on the nearest neighbour rule and is named as the
embedded multiple-model (EMM) scheme. Taking both
the time and space complexities, the EMM scheme has
been proved efficient.

1. INTRODUCTION

In the recognition procedure of a continuous hidden
Markov model (CHMM), given an N-state CHMM

{ }BA,,π=Λ with the initial probability distribution

Ni )(π=π , the state transition matrix )(aA ij NN×= , and

the output observation probability density function (pdf)
matrix ))(( ⋅= bB j N

, the probability density of the

CHMM Λ generating the specified T-frame
observation feature sequence ( )ToooO ,,, 21 != is
evaluated by Equation (1).
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where { }TtsS t ≤≤= 1 is an arbitrary state transition

sequence. The most widely used famous Viterbi
algorithm gives a maximum likelihood (ML) state
sequence { }TtsS ML

t
ML ≤≤= 1)()( , and takes

{ }Λ)(, MLSf O as the final matching score, which is only

one term of the sum in Equation (1), i.e.,
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In this equation, the matching score is a product of two
terms, (i) { }Λ)(Pr MLS , the probability of Λ generating

the state transition sequence on a basis of maximum

likelihood estimation (MLE), (ii) { })(, MLSf ΛO , the pdf

of the specified observation feature sequence given Λ
and the maximum likelihood state transition sequence.

Researches on model distance measures have showed
that in HMMs the probability transition matrix A
contributes not too much as the observation function
matrix B does to the recognition performance [8][11].
Hence among the two items of the scoring equation the
second term plays an extremely more important role than
the first term does, resulting in the elimination of the
state transition matrix and the focus on the intra-state
feature space description [15]. In this case, Equation (2)
is changed to
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where the maximum likelihood state transition sequence
)(MLS can be decoded by modified Viterbi algorithms or

modified frame synchronous search algorithms[14].

The varying of the scoring scheme, i.e., the form of the
function Nnbn ≤≤⋅ 1),( , of the intra-state feature space
description results in many better improved technologies,
including vector quantization (VQ) [12], the famous
mixed Gaussian densities (MGD) [1], tied mixed
Gaussian densities [2], Semi-Continuous HMM [6], etc..

In this paper, a novel scoring scheme, named embedded
multiple-model (EMM) scheme, is introduced and
studied, which is based on the nearest neighbor rule and
the Gaussian density or the Center Distance Normal
(CDN) density [13].



2. THE SCORING SCHEME IN
ACOUSTIC MODELS

In this section, we will discuss our proposed scoring
scheme in details.

2.1. The Traditional Method – Mixed Densities

As above mentioned, the most widely used form of
function )(⋅nb in Equation (3) is well known as the
mixed Gaussian densities (MGD) as follows,

∑
=

θ=
M

m
nmnmn xpgxb

1
)()( (4)

where M is the number of density mixtures,
{ }Mmg nmnmn ≤≤θ=Θ 1, is the mixture parameter set of

State n, )( nmxp θ is a Gaussian pdf with parameters

{ }nmnmnm Σµ=θ , and nmg is the gain or weighting of
corresponding Gaussian pdf. The covariance matrix Σ
of a Gaussian pdf is often a diagonal one as ( ) DDd ×σ=Σ 2 .

2.1.1. pdf: CDN vs. Gaussian density

The kind of function )( nmxp θ in Equation (4) is often,

but not limited to, the Gaussian pdf. We have tried
another kind of function that performs not bad overall in
the recognition accuracy and the time & space
complexities. This is known as the center-distance
normal (CDN) density [13]. Here is the detail.

Denote the pdf of a random variable ξ with a normal
distribution by ),;N( σµx , where µ is its mean value
and σ is its standard deviation. Define a new random
variable µ−ξ=η , we have the PDF of η as

0),2/exp(
2

2
);( 22 ≥σ−

σπ
=σ yyyp , (5)

where the mean value ρ of η can be calculated to be

π
σ=ρ
2

2
. In fact, η is the distance between the normal

variable ξ and its mean value µ , thus the defined
distribution is referred to as a CDN distribution. And the
CDN pseudo-PDF can be

)/),(exp(
2

),;(N
22 πρµ−

πρ
=ρµ xyxCD (6)

The D-dimensional case is similar to the
mono-dimensional case. For the multiple dimensional
case, denote the (weighted) Euclidean distance between
a D-dimensional normal vector ξξξξ and its mean value

vector μμμμ by another random variable η. Assume η is a
CDN variable, then its CDN pseudo-PDF is similarly as

)/),(exp(
2

),;(N
22 πρ−

πρ
=ρ μμμμμμμμ xx yCD (7)

As a matter of fact, ),;(N ρμμμμxCD is not the PDF of ξξξξ
but that of ),( μμμμξξξξy , i.e., the distance between a normal
vector and its mean vector, it is just for convenience and
comparison purpose, that is the reason why we name it
the pseudo-pdf (ppdf).

2.2. The Embedded Multiple-Model (EMM) Scheme

The mixed-density as a kind of scoring scheme is not the
unique one. Based on Nearest-Neighbour rule, we can
change Equation (4) into an alternative form

)(max)(
1

nm
Mm

n xpxb θ=
≤≤

(8)

In this situation, )( nmxp θ ’s in Equation (8) can be the

same as in Equation (4). This means the training method.
Alternatively, )( nmxp θ ’s in Equation (8) can be

different from those in Equation (4) because of the
different modelling methods.

No matter what kind of training method is adopted, the
scoring scheme represented by Equation (8) is referred to
as an Embedded Multiple-Model (EMM) one and can be
explained in this way. Assume there is a well-trained
left-to-right acoustic model with N states and M densities
each state, and there is an unknown speech feature
sequence ),...,,( 21 ToooO

"""
= . There must in the sense of

maximal likelihood exist a decoded state sequence
determining which state it belongs to for any to

"
. For

any state sequence, scoring using Equation (8) leads to
choosing a maximal matching score from TM

one-density models. These TM one-density models can
be regarded as embedded in the original M-density
N-state model. Thus the original model is called an
EMM.

The EMM scheme has been proved efficient and
powerful in our previous work, especially for
gender-dependent, accent-dependent, and
context-dependent models and so on. If M is well chosen,
it is enough for one model to represent several different
cases for each vocabulary word [16].

The EMM is not just an approach to the mixed version,
because there are two different ways available for the
estimation of the parameters in Equation (8) as
mentioned above. The first one is to use the same
parameters as in Equation (4), which can be estimated
using EM (Expecting and Maximisation) method [3].
The other training method is the simple clustering
algorithm such as LBG algorithm [9]. They differ a lot



not only in the actual values obtained but also the target
functions.

2.3. The Use of Context-Dependent Trajectory in
EMM

When using the EMM scheme for recognition scoring,
we will be able to model the context-dependent state
transition trajectory as illustrated in Figure 1. Because
the matching of the unknown utterance with a specific
model results in a one-density acoustic model whose
state number is the length of the unknown utterance, it
traces the state transition trajectory. We have reasons to
think that these trajectories are context-dependent, and
also speaker-dependent. So we can model these
trajectories for different contexts, but the model storage
consumption remains the same. This idea is to be
verified in later research.

Mixture
No

Frame No as Time

…

State 1 State 2 State N

Figure 1. Context-Dependent Trajectory of state
sequence in the EMM scheme

Table 1. Recognition rates (for Top 10 candidates) of different scoring schemes

Density
Type

Training
Method

Scoring
Scheme

1 2 3 4 5 6 7 8 9 10

Mix 62.60 77.15 83.37 86.75 89.02 90.62 91.69 92.54 93.27 93.88
MaxW 61.86 76.66 83.15 86.65 88.91 90.53 91.73 92.53 93.29 93.90EM

61.09 76.07 82.60 86.12 88.37 90.05 91.25 92.12 92.87 93.49
Gaussian

LBG
MaxNW

60.21 75.81 82.63 86.42 88.85 90.47 91.64 92.52 93.27 93.81
Mix 45.52 60.03 67.93 72.90 76.33 78.93 81.13 82.87 84.27 85.40EM
MaxNW 57.14 73.33 80.83 85.04 87.66 89.44 90.87 91.88 92.71 93.41CDN

LBG 52.46 70.13 78.43 83.05 86.18 88.24 89.91 91.16 92.19 92.99

3. COMPARING SCORING SCHEMES

3.1. CDCPM and GMSM

Center-Distance Continuous Probability Model
(CDCPM) [13] and Gaussian Mixture Segmentation
Model (GMSM) [10] are two simplified left-to-right
HMMs that ignore the probability transition matrix.
During the training procedure, the state decoding is
performed by the Non-linear Partition (NLP) [7]
algorithms, and during the recognising procedure the
modified Viterbi algorithm is adopted for state decoding.
For the space description, CDCPM is based on CDN
densities while GMSM based on Gaussian densities,
either in mixed densities or in EMM scheme.

3.2. Comparison on Performance

According to the above discussion, once the model has
been built, the scoring scheme adopted in the recognition
procedure can be chosen to be any one of the following
three types: (1) Mix as mixed densities, (2) MaxW as
weighted maximum, and (3) MaxNW as non-weighted
maximum.

Mix: ∑
=

θ=Θ
M

m
mm xpgxscore

1
)()( (9)

MaxW: )(max)(
1

mm
Mm

xpgxscore θ=Θ
≤≤

(10)

MaxNW: )(max)(
1

m
Mm

xpxscore θ=Θ
≤≤

(11)

where )( mxp θ can be either a Gaussian pdf or a CDN

ppdf. Two methods can be used to estimate the pdf or
ppdf parameters { }Mmgmm ≤≤θ=Θ 1, in the above

three equations, the EM algorithm or the cluster
algorithm.

In order to test the efficiencies of the above scoring
schemes, we have designed and done several
experiments. The standard Mandarin database was
established jointly by the University of Science and
Technology of China (USTC), the Acoustic Institute of
the Chinese Academy of Sciences, the Linguistic
Institute of Chinese Academy of Society, as a task from
the National 863 Hi-Tech project, hereafter is called the
863 Database.



Table 2. Comparison on space and time Complexities of different scoring schemes
(Number of dimensions of any feature vector is D=16.)

Stored quantities Computation in Recognition

Scoring Function
mK mµ

mΣ
Complexity
(# of floats)

Scoring function form Complexity
(# of Add)*
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* On an average, 1Mul= 14Add, 1Div= 2Add, 1Exp= 58Add, 1Ln= 16Add under Pentium MMX 233MHz platform.

In 863 Database, speech signal is sampled at 16 kHz
sampling rate with 8 kHz cut-off through the
SoundBlaster under the PC environment. Digitalized
speech is emphasised using a simple first-order digital
filter with the transfer function 195.01)( −−= zzH . The
pre-emphasised speech is then blocked into frames of 32
msec in length spaced every 16 msec. Having been
weighted by the Hamming Window, each frame is
represented by a set of D-order (where D=16) LPC
cepstral coefficients [5]. Regression analysis [4] is
applied to each time function of the cepstral coefficients
over several frames every 16 msec and the regression
coefficients are obtained then.

Each of the two sets of coefficients is constructed as a
vector in a D-dimensional Euclidean space and is
modelled separately as if they are independent.

The 863-Database is divided into training and testing
parts. The training set covers 180,063 Chinese syllable
samples of 30 men’s utterances while the testing set
covers 70,462 Chinese syllable samples of 8 men’s
utterances. The experimental results presented in Table 1
are based on the testing set only and no result on the
training set is given.

From Table 1, we can see that CDN-based CDCPM and
MGD-based GMSM achieve almost the same
performance if considering the accuracy of top 10

candidates which would be important for continuous
speech recognition, and that the EMM scheme performs
better than the normal mixed-density scheme. Using the
EMM scheme, for CDN densities the space complexity is
reduced by 18.2% and the performance is improved by
25.2% while for Gaussian densities the space complexity
is reduced by 51.7% and performance is only reduced by
1.2%.

3.3. Comparison on Time and Space Complexities

For any kind of scoring scheme based on any kind of pdf
form, for example Equations (9), (10) or (11) based on
Gaussian density or CDN density, well-defined stored
quantities can speed up the recognition procedure. In
Table 2, the time complexity as well as the space
complexity is given.

No matter what kind of space description method is used,
CDNs or MGDs, the EMM scheme always shows higher
advantages than the normal mixed densities in both
accuracy and storage consumption.

4. CONCLUSIONS

Conclusions can be drawn upon the above described
comparisons on both performance and complexities of
different scoring scheme and different pdf forms as
follows.



(1) The EMM scheme performs better than the normal
mixed-density scheme if taking both the recognition
rate and the time & space complexities into
consideration. Using the EMM scheme, for CDN
densities the space complexity is reduced and the
performance is improved, and for Gaussian densities
the space complexity is reduced a lot with a little
reduction in performance.

(2) The EMM scheme is robust for gender-dependent,
accent-dependent, and context-dependent models,
because this kind of scoring scheme is based on the
nearest neighbour rule which can interpret the model
dynamically according to the unknown speech feature
sequence to be matched.

(3) The EMM scheme can be used to model the state
transition trajectories in different contexts, leaving the
storage consumption not increased.
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