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ABSTRACT

Hidden Markov models are a powerful tool for modeling
speech signals. In the literature, several types of HMMs
with their own advantages have been proposed. In this
paper, the semi-continuous hidden Markov models
(SCHMMs) are compared to the continuous density
hidden Markov models (CDHMMSs) in a noise robust
connected digit recognition task. In the paper, we use a
two-step training approach for SCHMMs. First, the co-
debook of densities and the initial model parameters are
estimated, and finally discriminative training (DT) is
applied. The CDHMMs are trained with the maximum
likelihood (ML) method followed by DT. The experi-
mental results indicate that the SCHMMs have similar
performance as the CDHMMs with the same amount of
parameters.

1. INTRODUCTION

Continuous density hidden Markov models have proven
to be a powerful tool for modeling speech signals. In
CDHMMs, each state of the hidden Markov model is
associated with a continuous output probability distribu-
tion. The output probability distributions are usually
composed of Gaussian mixtures. In CDHMMs the
Gaussian mixtures are given for each state independent-
ly of the other states.

Semi-continuous hidden Markov models can be re-
garded as continuous density hidden Markov models,
where a codebook of output distribution functions is
shared by all the states in all the SCHMMs [1,2].
SCHMMs have certain advantages over CDHMMSs. Due
to the codebook approach, SCHMMs can have a large
number of mixture densities in one state and they can be
trained with a limited amount of training data.

In [1] SCHMMs and their training algorithms are
discussed. SCHMMs are compared against the discrete
hidden Markov models (DHMMs) and CDHMMs in a
phoneme recognition task when the complexity of all
the model types is comparable. SCHMMs were applied
to speaker-independent continuous speech recognition
in [2] and the comparison against CDHMMs and
DHMMs favored SCHMMs. In [3] SCHMMs were suc-
cessfully used in connected digit recognition. In [1,2,3],
the recognition tests were done in the clean environment
only.

In the case of multi-mixture CDHMMs, the compu-
tational complexity increases as the number of mixtures
per state increases. For SCHMMs we have always a
large number of mixtures per state, but the computa-
tional complexity is primarily determined by the size of
the density codebook. In this paper, the objective is to
achieve good noise-robust recognition performance with
low complexity by using SCHMMs. The training of
SCHMMs is discussed and the performance of
SCHMMs is compared to the performance of CDHMMSs
in the connected digit recognition task.

This paper is organized as follows. The structure of
SCHMMs is briefly discussed in Section 2. In Section 3
the training algorithms for SCHMMs are presented. The
training methods include both the initial training and
the discriminative training algorithms. The simulation
experiments are given in Section 4. The performance of
SCHMMs is tested on the noise corrupted TIDIGITS
database. The simulations are done with clean data and
with noise corrupted data with two SNR values (0 and —
10 dB). The performance of SCHMMs is compared to
the performance of CDHMMs. Finally, conclusions are
given in Section 5.

2. SEMI-CONTINUOUS HMMS

The CDHMM 4 having N states is specified by the

state transition matrix A:(aij)_ N the continuous
i, j=

output probability density functions b;(x), where
j=12,...,N, and the initial state probability distribu-
tion 7, . For a sequence X ={x;,x,,...,x; | of acoustic

observations (feature vectors) the probability of observ-
ing the sequence given the model 2 is computed from

T
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where the summation is taken over all possible state se-
guences. The output probability density function of the
CDHMM having K Gaussian mixtures per state is given
by

bj(xt):kZ::lekN(thzujk!zjk)! (2



where N(x|u. =) is the Gaussian density function
having mean vector u; and covariance matrix, =
and cj, is the weight of the k ’th Gaussian density in

state j .
In the case of SCHMMs [1,2], the Gaussian density
functions N(Xt|,ujk,2jk) are shared by all the states in

all the models. Thus, we have a codebook of density
functions N(x|u.=), where the total number of densi-

ty functions is M>>K. In the case of SCHMMs, the in-
dex k in equation (2) goes from 1 to M. Only the
weights ¢, of the Gaussian density functions in equa-

tion (2) are model dependent parameters.

3. TRAINING OF SCHMMS

In [1] the training of SCHMMs is done by starting with
a VQ codebook for observation vectors and Baum-
Welch trained DHMMs. The training consists of mutual
estimation of the VQ codebook and SCHMMs which
were constructed from DHMMs.

In this paper the training of SCHMMs proceeds in
two steps. First, the parameters of SCHMMs are initia-
lized with a maximum likelihood clustering method,
and in the second step the parameters are re-estimated
with a discriminative training algorithm.

3.1. Initial training

Initial training is done in two parts. First the codebook
of density functions is generated, after that only the
model specific parameters are estimated.

The training of SCHMMs starts with the generation
of the codebook of density functions. When generating
the codebook, the data are assumed to be generated by a
mixture of Gaussian density functions, see [4] for de-
tailed discussion. Thus, the probability density function
of the data sample X, p(x|x 2), is given by

M

p(X|,u,Z)=ZN(XWJ-,Zj)P(a)J-), 3)

j=1
where M is the codebook size, ,uz[,ul,...,,uM],
2 =[%,....2y], and P(a)j) is the a priori probability
of the Gaussian density function N(X|,uj ,zj) .

The parameters x;,Z ;, P(a)j) are estimated accord-

ing to the maximum likelihood principle. Given the ob-
servations X = {x;,%,,....x; } the likelihood function

that is to be maximized is
T

p(XI . Z) =TT p(X| . 2). 4)
t=1

The maximum likelihood estimates are [4]
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The estimation algorithm is iterative. First, initial
values for parameters u;,% ;, P(a)j) are needed in order

to compute the conditional probabilities |3(ca1-|xt,[z,i).
Knowing these conditional probabilities, the parameter
estimates [z,-,ﬁj,ls(a)j) can be updated according to

equations (5). These two steps, the computation of the
conditional probabilities and the updating of the para-
meter estimates, are repeated until convergence is
reached.

The maximum likelihood clustering yields the densi-
ty codebook that is shared by the word models. In addi-
tion to the density codebook, we need to estimate the
model state dependent weights c; for every Gaussian

density. The weights are found by dividing all the train-
ing utterances for a model into a given number of seg-
ments. The segments correspond to the states in the
model. The probabilities of the Gaussian densities in the
model states are estimated based on the state segmenta-
tions.

The estimation of these probabilities is similar to the
estimation of the probabilities of the Gaussian density
functions of the density codebook. Based on the initial
estimates, the conditional probabilities in each state of
the word model are first computed according to equation
(6). In the second step, the state probabilities for the
Gaussians can be found from equation (5a). The itera-
tion, the computation of the conditional probabilities in
each state of the word model and the updating of the
state probabilities, is repeated until the probabilities
have converged.

3.2. Discriminative training

After the initial training, discriminative training is ap-
plied. The training scheme that was used is based on a



combination of corrective training and Generalized
Probabilistic Descent (GPD) [5,6]. We use a similar
misclassification measure as in GPD and a frame level
weighting. The general idea is that the utterances and
frames that resulted in a lower recognition confidence
are used with an increased weight in training. Contrary
to GPD the training is applied to the correct models on-
ly. By this restriction we intend to address the problem
of a too rapid convergence in the training set at the ex-
pense of generalization power.

At word level the misclassification measure and loss
functions are given by

1

o
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In the previous formulas Py, (X|2) represents the log-

likelihood in the Viterbi sense for the model 4 on ut-
terance X, N is the total number of models,
a>0,46>0 are optimization control parameters and
A represents the correct model for X.

The objective function is defined as

Obj = E[I(X)] , (8)

and the target is to minimize the expected loss over all
the utterances from the adaptation data.

Gradients are taken according to GPD and a gra-
dient descent like algorithm is used in the optimization.
The gradients are transformed into weights at utterance
and frame level which are then used to update the mod-
els parameters. With the frame level weights we aim at
an enhanced control over the training region within a
word model. The weight is given by

w(x) = IW[— Pog(X|%c:5x) + max P.og(xlﬂ,sx)] 9)
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where 1, is a frame level loss function as in (7) but with
different values for o, . Pog(x|4.s) is the log likelihood

for generating the frame x by model 2 in state s. The
indexing of the states denote that they are assigned by
Viterbi alignment to frame x when recognizing the
model 2 .

4. EXPERIMENTAL RESULTS

Tests were done using the male section of the TIDIGITS
database. In addition to the clean utterances, the train-
ing set contained also noisy utterances. The noisy utter-
ances were obtained by mixing car noise with the SNRs
of 0 and -10 dB. In training the number of the noisy ut-
terances for both SNRs was half the number of utter-

ances from the clean environment. The test set con-
tained all the clean five digit strings and their noise cor-
rupted versions with the SNRs of 0 and -10 dB.

We used feature vectors consisting of 12 FFT-based
MFCCs, log-energy and their first and second order
time derivatives which were then subjected to a norma-
lization scheme as in [7].

The vocabulary was composed of digits ‘1’ to ‘9’
plus ‘oh’ and ‘zero’.

SCHMMs were tested against CDHMMs with simi-
lar model structures. The selected model structure was
the traditional left-to-right state sequence with self loops
and no skips.

The number of states in the word models were fixed
based on the simulations in the clean environment only.
In these initial simulations models with increasing
number of states were tested and it was found that the
optimum state counts for each digit model were close to
the corresponding minimum word durations.

We aimed at obtaining a good performance with a
number of parameters feasible for low complexity real-
time recognition. From this point of view SCHMM with
different codebooks having 200, 250, 300 and 350 den-
sities were tried. On the CDHMMs part three sets of
models having one, two and three mixtures per state
were trained. In terms of total number of densities they
correspond to 187, 374 and 561 respectively.

In order to speed up the recognitions only the scores
along the best path were used in (1) and the sum from
(2) was limited to the best term only.

4.1, Initial training

Initial SCHMM maodels were constructed with the
training algorithm presented in Section 3.1. Table 1

presents the test set string error rates for the differ-
ent SCHMM codebooks. In Table 2, the similar results
for the CDHMM s can be found.

Table 1 String error rates of the SCHMMSs on
the test set for different codebook sizes.

Test set error rates
CBsize | Clean 0dB -10dB Average
200 9.11 13.50 27.80 16.80
250 9.27 11.22 24.39 14.96
300 8.94 12.36 22.60 14.63
350 8.78 10.24 20.98 13.33

Table 2 String error rates of the CDHMMs on
the test set for different mixture counts.

Test set error rates

Mitures |



(at Clean 0dB 10 dB Average Tablg 4 String error rates of the discriminative-
state) ly trained CDHMMs on the test set.
187 (1) 8.29 8.29 20.98 12.52 Mitures Test set error rates
374 (2) 7.32 6.18 14.31 9.27 (at Clean 0dB -10dB Average
state)
561 (3) 5.37 5.04 15.45 8.62
187 (1) 7.15 7.48 16.59 | 10.41
By _comparing the re_su_lt_s fprm Table 1 with Tab_le 2 374 (2) 6.83 4.23 11.38 7.48
we notice that after the initialization SCHMMs are in a
clear disadvantage compared with CDHMMs. This 561 (3) 5.69 4.55 10.41 6.88

comes to no surprise as the model dependent parameters
and the codebook densities were separately trained.

4.2. Discriminative training

With the 2°nd level of training we performed the joint
optimization of model and codebook parameters. In this
phase, the discriminative training methods presented in
Section 3.2 were applied to SCHMMSs. The training data
was the same as in the initial training.

The joint parameter training improved the results
significantly. DT resulted in the reduction of average er-
ror rates by 42.9%, 42.0%, 47.8% and 43.9% for the
codebooks of 200, 250, 300, and 350 densities. The
string error rates on the test set for the discriminatively
trained SCHMMs are given in Table 3. The SCHMMs
with codebook size 250 perform similarly with the most
complex CDHMMs. The 300 and 350 SCHMMs are
better than any CDHMM set after ML training.

Table 3 String error rates of the discriminative-
ly trained SCHMM s on the test set.

Test set error rates
CBsize | Clean 0dB -10dB Average
200 5.53 7.32 15.93 9.59
250 5.37 5.69 14.96 8.67
300 4.88 4.39 13.66 7.64
350 5.04 3.90 13.50 7.48

It is well known that also for CDHMMSs ML training
results can be improved with DT. The results for the
discriminatively trained CDHMMs are given in Table 4.
At the string level DT reduces the average error rates by
16.9%, 19.3% and 20.2% for 1, 2, and 3 mixture
CDHMMSs. We have less relative improvement in this
case but the absolute results turn the balance in the fa-
vor of CDHMMs. By comparing the tables 3 and 4 we
can notice that now the 350 SCHMMs are at the level of
2 mixtures CDHMMs (374 densities). The 3 mixture
HMMs provide clearly the best results.

5. CONCLUSIONS

In this paper the training of SCHMMs was discussed
and the performance of SCHMMs was compared to the
performance of the CDHMMs.

The training of SCHMMs was composed of initiali-
zation followed by DT. The initialization of SCHMMs
had two parts. First, the codebook of densities was esti-
mated, and finally only the model dependent parameters
were initialized. During DT, the codebook and the mod-
el dependent parameters were mutually estimated in or-
der to obtain optimum recognition performance. The
performance of SCHMMs was compared against the
performance of CDHMMSs that were trained with ML
training followed by DT.

The performance comparison was done in a noise
robust connected digit recognition task on the
TIDIGITS database. Tests were done in clean and in
noisy conditions with two SNR values (0 dB and -10
dB). For low complexity real-time recognitions
SCHMMs and CDHMMs produced similar results in
noise-robust digit dialing with the same amount of pa-
rameters. Since with the same density count SCHMMs
are computationally more expensive, our conclusion at
this point is that CDHMMSs are more feasible for im-
plementation.
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