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ABSTRACT

In this paper, in order to examine the viability and char-
acteristics of our previously proposed gradient projection
method for HMM training, the method is applied to dis-
criminatively train the DHMM parameters with the ob-
Jective of minimizing the recognition error rate and a
series of experiments have been conducted. The exper-
iments involve speaker independent recognition of the
highly confusable E-set of the English alphabet. Three
kinds of training schemes, namely, batch training, se-
quential block training and corrective training are studied.
The experimental results show that the minimum recog-
nition error objective function is a viable formulation that
can be optimized by the gradient projection method.

1. INTRODUCTION

For hidden Markov model (HMM) based speech recog-
nizer, generally speaking, the purpose of training HMM
A is to yield a decoder of the lowest possible recognition
error rate. This objective is achieved by maximizing an
objective function R(A). There are thus two problems to
consider. The first is to determine a meaningful objective
function such that, if R(A} > R(}), then X produces a
better decoder than that by A. Once a function R(A) has
been chosen, the second problem (the estimation prob-
lem) is to find the parameter set A which maximizes it.
Traditionally, maximum likelihood (ML) estimation and
its variants have long been the preferred HMM training
methods due to the existence of corresponding training
procedures which allow one to efficiently find the locally
optimal values of the model parameters according to the
adopted training criteria. The optimality of these meth-
ods is conditioned on the correct choice of the model
formulation. Nevertheless, inaccuracies in modeling the
speech signals in reality may lead to ML models that do
not maximize the recognition accuracy. This concern mo-
tivates many recent efforts to consider alternative design
criteria.

Recently, alternatives to ML training such as, “max-
imum mutual information (MMI) training” [2], “mini-
mum discrimination information (MDI) training” [3], “cor-
rective training” [1] and other discriminative training
methods [7, 6] with the objective of lower recognition
error rate have been proposed. All these methods in-
volve objective functions that do not satisfy the condi-
tions assumed by the conventional Baum-Welch formu-
lation. Gopalakrishnan et al. [4] derived a Baum-like
reestimation formula for discrete HMMs (DHMM) which
applies to rational objective functions. Later, Normandin
et al. (8] extended it to suit continuous density HMM:s.
However, there are still many cases of HMM training for
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speech recognition where the conditions required by the
algorithm are apparently not satisfied.

By looking at the training of HMMs as a general con-
strained optimization problem with linear constraints, we
have previously proposed a gradient projection method
(GPM) to solve for the “optimal” values of the HMM
parameters and this formulation is applicable to any ana-
lytic objective function [5]. Recently, Katagiri et al. [7, 6]
proposed a new smooth objective function which approx-
imates the empirical error rate for the training sample
set. No existing Baum-like algorithm can be applied for
the optimization of such a function. They used the so
called generalized probabilistic descent (GPD) method to
solve their problem. In this paper, this new discrimi-
native criterion is adopted for DHMM training to verify
the viability of our proposed GPM to solve this particular
constrained optimization problem.

2. THE GRADIENT PROJECTION METHOD

The main idea of the GPM is to search along the pro-
jection of the gradient of the objective function on the
constraint space for a local maximum. So, the GPM is
essentially a steepest ascent method in the subspace de-
fined by “the active constraints” of HMM parameters.
Readers are referred to [5] for details of the GPM algo-
rithm.

3. THE MEC OBJECTIVE FORMULATION

Let’s consider a collection of M DHMMs, A = (A, Az,
-++, Aar), where A, denotes the set of parameters of the
m-th DHMM. Let x(™™ denote the nth training obser-
vation sequence of length 70™™ assaciated with model
m, and each model has W,, such observation sequences.
The objective function for discriminative training is de-
rived according to the following minimum error classi-
fication (MEC) formulation which is a three-step proce-
dure [7, 6]. The three-step definition emulates the classi-
fication /recognition operation as well as the performance
evalnation, particularly in terms of classification errors,
in a smooth function form.

The first step of the formulation is to prescribe an
appropriate discriminant function gi(x; A) which is used
by the classifier to make its decision for each input x by
choosing the largest of the discriminants evaluated on x
which is often generically stated as

C(x) = Cy, for gi(x;A) = max g;(x; A), (1)
J

where C(-) denotes a classification operation. The ith
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discriminant function is d;%ined as:
gi(x;A) = %ln P(x[:), (2

where P(x|);) is the probability of the input utterance
x given model A; and T is the length of x. In order to
balance the contributions of training utterances with dif-
ferent length in the final objective function, the normal-
ized log-likelihood are adopted here as the discriminant
function.

A misclassification measure is then introduced in the
second step to embed the decision process in a function
form. Among many possibilities, the misclassification
measure for each class ¢ is defined by

1

> eg"(x“‘)"} e

i

1
di(x;A) = —gi(x;A) +1
(x54) = ~gi(x; A) + n[M-—l
where % is a positive value.

The third step is to define the smoothed loss function
1;(x; A) of the misclassification measure for each class i.
One possibility is to choose

1

Li(x;A) = li(di(x; A)) = FpnperacaaE (4)

where ¢ is a positive value. Thus, for any unknown x,
the classifier performance is measured by

I(x58) =Y L(x; A)l(x € Ci), (5)

i=1

where 1(-) is an indicator function:

1(h)={ .

and C; is used to denote both the class and the data set.

At this point, we define the objective function of dis-
criminative training as the following empirical average
cost for the entire training data set:

if % is true
otherwise (6)

M Wy

LW = 3N ™50, (@)

m=1 n=1

where W = Ef___l W is the total number of training to-
kens. By controlling parameters 7, £ and minimizing this
empirical average cost, one can have an accurate approx-
imation to the minimization of the classification error
probability. Due to the fact that our GPM formulation is
for maximization, the actual objective function adopted
is R(A) = —L(A). Given the above objective function,
one can now apply the GPM to discriminatively adjust
the DHMM parameters A which effectively minimize the
cost function.

The training scheme presented above represents one
extreme that the HMM parameters are adjusted after the
presentation of the entire training data set using the ob-
jective function defined over the whole training set. It
will be referred to as the batch training scheme. In fact,
the updating schedule can be defined arbitrarily. Another
extreme like the GPD method in [7, 6] is that the HMM
parameters are updated upon presentation of each train-
ing token just like what the many so called stochastic
descent (or ascent) methods do in neural network train-
ing.
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With these considerations in mind, the so-called se-
quential block training scheme has been experimented
with. Each time, a block of training data is presented.
The HMM parameters are then updated after one itera-
tion of the GPM with the objective function defined on
this data block. If a complete pass through the training
data set is called an epoch, then, the HMM parameters
are updated several times over an epoch. Furthermore,
a so-called corrective training method has also been at-
tempted. Let = represent the subset of the training to-
kens which are incorrectly recognized based on the rec-
ognizer with the current HMM parameters, the following
objective function

M
Ro(A) = —Wic S S (i )1 € Cm)  (8)

X;E€EE m=1

is defined, where W, denotes the number of training to-
kens in E. Once an error set of training tokens is given
and the objective function defined, several (particularly
5 in our experiments) iterations of the GPM are con-
ducted and the HMM parameters A are updated accord-
ingly. With the new HMM parameters obtained, a new
error set = can be identified and the algorithm iterates
accordingly.

4. EXPERIMENTAL RESULTS

4.1. Experimental Setui)

A series of experiments have been conducted to exam-
ine the characteristics of the GPM. The experiments in-
volve the recognition of the highly confusable E-set of
the English alphabet, namely, b, ¢, d, e, g, p, t, v, and
z. The E-set utterances from the OGI ISOLET database
produced by 150 talkers (75 females and 75 males) are
used. Each talker utters each of the letters twice. Among
them, speech tokens from 120 talkers are used for train-
ing and the remaining tokens from the other 30 talkers
for testing. To imitate the effect of a telephone band-
width, the speech data originally sampled at 16 KHz
are lowpass-filtered at 3.3KHz and down-sampled to 8
KHz. The feature vectors used in this study consist of 12
bandpass-liftered LPC-derived cepstral coefficients with
a 30ms frame length and a 10ms frame shift. Throughout
the experiments, each letter in the vocabulary is modeled
by a single left-to-right 5-state DHMM with arbitrary
state skipping. A 256-vector codebook is generated from
the training tokens of 120 talkers by using the LBG al-
gorithm with an Euclidean distortion measure and used
in all experiments. For consideration of future experi-
ments, the training tokens of all 26 English alphabet in
ISOLET corpus are actually used to form the codebook.
This will reduce the recognition rate somewhat compared
to the case when the codebook is generated strictly from
the E-set training tokens. In recognition, the decision
rule assigns an unknown letter according to the highest
forward-backward probability.

Although there are many alternatives to perform a
crude line search in a GPM, the following ad hoc method
is adopted in all experiments of this study. For a DHMM,
the step length 7 in Step 4 of the basic algorithm of
the GPM presented in [5] can always be computed and
has a finite value. If the objective function computed
at the maximum step length 7 along the current search
direction has a better value than the one at the current
point, then a step of 7 is taken without a thorough line
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Figure 1: Learning curves of batch training with random
initial models in “b, d, g” task. (a) close-test and open-
test recognition rate. (b) objective function values.
search. Otherwise, the objective function is evaluated
at 5 equally spaced locations (except the current one)
along the search direction between the current position
and that at the maximum step size 7. The location with
the best objective function value is selected to approxi-
mate a line search. This ad hoc method works well in the
particular experimental setups here.

4.2. Experiments on the “b, d, g” Task

To examine the characteristics of the GPM under dif-
ferent complexity (in terms of the number of HMM pa-
rameters and training tokens) of the recognition task, a
relatively small task, viz., speaker independent. recogni-
tion of a subset of the E-set, viz., the English letters “b,
d, g”, is considered first. Three sets of experiments are
conducted. The first set of experiments is to discrim-
inatively train the DHMMs with the GPM in a batch
training mode. The parameters n and £ used in equa-
tions (3) and (4) are respectively set at 2.0 and 4.0. To
examine the effects of different initial models, two experi-
ments are conducted. One is to start the training process
from the well-trained initial models which themselves are
trained from random initial models with the conventional
Baum-Welch algorithm. With these initial models, the
recognizer has a recognition rate of 66.11% on the test-
ing set (83.33% on the training set). After 150 iterations
of batch training, the recognizer achieves a recognition
rate of 74.44% on the testing set (86.39% on the training
set). About 25% error rate reduction is achieved by dis-
criminative batch training. The second experiment is to
perform discriminative batch training directly from ran-
dom initial models. We plot in Figure 1 the objective
function values, and the close and open test recognition
rates at certain iterations to illustrate the performance
improvement as a function of the training process. Fig-
ure 1 clearly shows that the performance improves very
slowly due to the intrinsic linear convergence property of
the GPM. For example, only after more than 240 itera-
tions of batch training, an objective function value similar
to that obtained by a recognizer of traditionally well-
trained models is achieved. These traditional models are
trained after tens of iterations with the Baum-Welch al-
gorithm. Here the belief that gradient-based methods are
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Table 1: Performance comparison (% correct) of several
training methods for speaker independent recognition of
the English letters “b, d, g” (BW: Baum-Welch training;
BT: batch training; SBT1: sequential block training with
block size 60; SBT2: sequential block training with block
size 120; CT: corrective training)

Schemes BW BT | SBT1 | SBT2 CT
close-test | 83.33 | 86.39 | 86.81 | 86.53 | 88.89
open-test | 66.11 { 74.44 | 76.11 | 75.56 | 76.11

not as efficient as the Baum-Welch one [4] is once again
confirmed. After 455 iterations, the recognition rate rises
to 64.44% on the testing set (83.19% on the training
set) which is even worse than that obtained by the well-
trained conventional Baum-Welch models, although the
objective function value keeps on increasing. If the train-
ing process continues, the close-test recognition rate fur-
ther improves and it can reach a rate similar to that of
batch training from well-trained initial models. However,
the open-test results have no further improvement. This
reflects the fact that from different initial models, the
algorithm converges to different local maximum points,
so that good initial models are essential to good system
training with this kind of parameter training algorithms.
This also suggests that the proposed algorithm is most
attractive for final “tune-up” and will usually be boot-
strapped from well-trained initial models trained with
other methods such as the traditional Baum-Welch algo-
rithm.

The second set of experiments is to discriminatively
train the DHMMs with the GPM in a sequential block
training mode starting from the traditionally well-trained
initial models. The parameters # and £ are the same
as that used in the batch training mode. Two arbitrary
block size schemes are studied. In the first experiment,
each data block consists of 60 training tokens in total
with 20 tokens per letter. Thus the HMM parameters
are updated 12 times in each epoch. In the second ex-
periment, the block size is doubled, i.e., each letter has
40 training tokens. The HMM parameters are updated
6 times in each epoch. When the block size is 60 tokens,
after 4 epoch of sequential block training (equivalently 48
times of updating of parameters), the recognizer achieves
a recognition rate of 76.11% on the testing set (86.81%
on the training set). When the block size is 120 tokens,
after 5 epoch of sequential block training (equivalently 30
times of updating of parameters), the recognizer achieves
a recognition rate of 75.56% on the testing set (86.53% on
the training set). In terms of recognition rate improve-
ment, there is not much difference between the two block
sizes experimented. In terms of computation involved
to obtain similar performances, the case of smaller block
seems to be superior. The optimal choice of block size is
completely problem and data dependent and it can only
be determined by extensive experiments. Experimental
results here also show that the sequential block training
scheme is more efficient than the batch training one in
terms of both performance improvement and computa-
tion requirement involved.

The third set of experiments is to train the DHMMs
with the GPM in a corrective training mode. The param-
eter  remains the same and £ changes to 1.0. Corrective
training is started with the well-trained initial models
used in the batch training mode discussed above. After 85
iterations of corrective training, the recognizer achieves
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Table 2: Performance comparison (% correct) of several
training methods for speaker independent recognition of
the English E-set vocabulary (BW: Baum-Welch train-
ing; BT: batch training; SBT1: sequential block training
with block size 180; SBT2: sequential block training with
block size 360; CT: corrective training)

Schemes BW BT | SBT1 | SBT2 CcT
close-test | 70.97 | 73.98 | 74.31 | 73.94 | 71.67
open-test | 51.48 | 53.89 | 53.70 53.15 | 52.22

a recognition rate of 76.11% on the testing set (88.89%
on the training set). In other words, about 30% error
rate reduction is achieved by corrective training. In this
relatively small recognition task, the corrective training
scheme seems efficient in performance improvement also.

In summary, all three training schemes, namely, batch
training, sequential block training and corrective training
work well in the “b, d, g” task studied here. The se-
quential block training method seems to be a good com-
promise between the two extremes of batch training and
on-line updating. The close and open test recognition
rates with these three training methods and the tradi-
tional Baum-Welch algorithm are summarized in Table 1
for comparison.

4.3. Experiments on the “E-set” Task

After an initial success of the GPM with the “b, d, g”
task, the proposed method is then applied to the E-set
task. The three sets of experiments discussed above are
repeated with the E-set. Similar facts observed in the
“b, d, g” task are repeated here. The close and open test
recognition rates with these three training methods and
the traditional Baum-Welch algorithm are summarized
in Table 2 for comparison. Compared with the perfor-
mance improvement in the “b, d, g” task, relatively little
improvement is achieved here. Tt is also noted that in the
E-set task studied here, the corrective training scheme
seems less efficient than the batch training and sequential
block trainingschemes. This is due to the fact that in cor-
rective training only those incorrectly recognized training
tokens are used in the training process. The more diffi-
cult and complex the task, the more likely fluctuations
will appear. One should therefore be cautious in adopt-
ing the corrective training scheme in real applications.

5. SUMMARY

In this paper, in order to examine the viability and char-
acteristics of our previously proposed gradient projection
method for HMM training, the method is applied to dis-
criminatively train the DHMM parameters with the ob-
jective of minimizing the recognition error rate and a
series of experiments have been conducted. The exper-
iments involve speaker independent recognition of the
highly confusable English letters “b, d, g” and the com-
plete E-set of the Latin alphabet. Three kinds of training
schemes, namely, batch training, sequential block training
and corrective training are studied. In the “b, d, g” task,
all three training schemes work well which in the E-set
case, the corrective training scheme is less efficient than
the other two methods. The sequential block training
method is shown to be a good compromise between the
two extremes of batch training and on-line updating. The
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experimental results also show that good initial models
are critical to system performance due to the nature of
the algorithm converging only to a local maximum of
the objective function. This fact suggests that the GPM
is most attractive for final “tune-up” and will usually
be bootstrapped from initial models trained with other
methods such as the traditional Baum-Welch reestima-
tion algorithm. Furthermore, experimental results verify
that the minimum recognition error objective is a viable
formulation that can also be optimized by the GPM. This
general optimization technique is not only a viable alter-
native to the classical Baum-Welch algorithm, it can also
serve as a preferable method in general HMM training
when the objective function and constraints fail to sat-
isfy the conditions demanded by the Baum-Welch rees-
timation formulas. Due to the existence of this kind of
gradient based optimization methods, more flexible mod-
eling of speech signals and more sophisticated training of
model parameters for speech recognition become viable.
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