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ABSTRACT

In this paper, we propose an overall risk criterion
for discriminative training of HMM-based speech
recognizers using the minimum-error-rate classifica-
tion of the Bayes decision theory. A reduced
gradient method is applied to the proposed criterion
for discriminative HMM parameter estimation. The
resulting algorithm consists of gradient descent
terms for compcting classes and gradient ascent
term for the correct class. In Korean digit
recognition experiments, about 20 % reduction of
the number of errors has been achieved.

1. INTRODUCTION

In recent years, hidden Markov models (HMM)
have been successfully applied to various speech
recognition tasks. However, HMM-based speech
recognizers suffer from several limitations such as
the independence - assumption and the model
correctness assumption [1].

The independence assumption means that a
speech feature vector is emitted independently from
other speech feature vectors given the underlying
state sequence. This assumption can be overcome to
a degree by adding context information to the input
of an HMM or by incorporating neural networks
into the HMM [1].

The model correctness assumption provides the
theorctical justification for maximum likelihood
(ML) training of HMM. However, this assumption
is very unlikely to be satisfied in many real world
applications.  Therefore, several information-
theoretic criteria and discriminative training methods
have been proposed [2]-[5]. Instead of the ML
criterion, the maximum mutual information (MMI)
criterion was proposed by Bahl er al. [2], and the
minimum  discrimination  information  (MDI)
criterion was proposed by Ephraim and Rabiner [3].
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Bahl er al. proposed the corrective training method
which tries to minimize heuristically the number of
recognition error [4]. Chou er al applied the
generalized probabilistic descent (GPD) method to
HMM-based speech recognizer in which a smoothed
error counting function is minimized in a
probabilistic sense [5].

In this paper, we propose an overall risk criterion
for discriminative HMM which can be derived
directly from the minimum-error-rate classification
of the well-known Bayes decision theory [6]. A
reduced gradient method is applied to the criterion
for satisfying probability constraints on HMM
parameters. Our attention is restricted to the discrete
HMM case.

Section 2 gives a definition of the proposed
overall risk criterion, and Section 3 presents a
discriminative training algorithm derived by reduced
gradient descent method over the criterion.
Experiments on Korean digit recognition and
conclusions are given in Section 4 and 5,
respectively.

2. THE OVERALL RISK CRITERION

Let l(a,.IC j) be the loss incurred for taking action
«; when the true class is C; and an action ¢ is to

select C, as a classified result. Suppose that we

observe a particular X and that we contcmplate
taking action «;. If the truc class is Cj, then the

loss X(a,.IC j) will be incurred. Let P(C jlx) be the
probability that the true class is C; among M
classes. Then, the expected loss is defined as

R(a,lx) = 2z(ailcj)1’(cjfx), (1)

which is known as the conditional risk.
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For minimum-error-ratc, we choose the
symmetrical loss function which assigns no loss to a
correct decision and uit loss to any error [6]. Then,
the risk represents the average probability of error
since the conditional risk becomes

R(e,x) =1- P(C|x). Q)

The Bayes decision rule to minimize risk calls for
selecting the action that minimizes this conditional
risk. Thus, we should choose the / that maximizes

the a posteriori probability P(le) for minimum-
error-rate [6].

Once an HMM is sufficiently trained by the ML

training, each model of the HMM outputs the
corresponding PA(xlCi) where A represents a set

of parameters. Then, the overall risk criterion R( A)
for minimum-error-rate is defined from (2) as
follows:

R =3 T e k)pl)

J=1x€C;

= {: Z(l— PA(Cj{x))p(x), 3)

J=1xeC;
where P(C) and p(x) denote a priori probability

and input probability density function, respectively.
From the Bayes rule,
nxe)rc)

RO = e

=PF. 4)

J

k=1

By minimizing (3) using gradient descent
methods, we can derive a new discriminative
training algorithm for an HMM-based speech
recognizer. The reduced gradient method is applied
to (3) since the parameters of HMM must satisfy the
constraints on probability [7]. The minimization of
(3) allows HMM to approximate the optimal Bayes
classifier in the minimum-error-rate classification
sense.

Each P(C) can be estimated from word

frequency counts [4], and p(x) can be assumed to
be uniform since it does not depend on A . In many

cases, P(C) can be also assumed to be uniform
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since we use the same number of training data for
each word class in general.

3. DISCRIMINATIVE TRAINING
ALGORITHM

3.1 Gradient Descent Methods

Assume that P(Q) and p(x) are uniform. Then,

we can derive a discriminative training algorithm for
HMM by applying gradient descent search in the
following way. If a given training token X belongs
to the m-th word class (x € C),

R(A) Slog P,(x/C,)
A “n%:mpmp" A,

dlog P,(xC,)
a, ’

where 4, denotes the parameter set of the n-the

word class, and A = {21 ,---,ZM}. The resulting
algorithm consists of gradient descent terms for the
parameters of competing classes and gradient ascent
term for the parameters of the correct class. P, P,

+P(1-P,) )

and Pm(l—Pm) play an important role of

controlling the degree of training, which provides
robust parameter estimation.

3.2 Calculation of Partial Derivatives

The partial derivatives in (5) are easily calculated
from the previous research results of Levinson et al.

in [8]. Let 4, be the parameter set (ﬂ",A",B") of

an HMM with N states, where an initial state

distribution 7" T ,(’,) a state transition

=(z0,
matrix 4" = [a;],l <i,j< N, and an emission
probability  distribution = [b;],
1<j< N, 1<k <D, D: size of codebook. Given

a sequence O of observations O,0,---0, where
each O, for 1<t<T is a symbol

v, € V,1<k < D, the forward variables @, (])
and backward variables £ ,”(i) are calculated from

matrix
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l’ N
al(J L;a (Da; Jb( 0,.), (6)

1<t<7T-1,

Zaz] ]( f+1)ﬂt21(.j)= (7)

T-1>1>1,
where b}z((),) is understood to mean 7 iff

O, =v,. Using (6) and (7), PA(xlCn) is computed
according to

P(xIC,) = 22 ar Dabr(0,.,) 82 () ®)

=1 j=1

Bi) =

forany fsuchthat 1<f<7-1.

The partial derivatives in (5) are computed as

follows:
ologh(xc,) . ap(xic,)
N, T & ©
P,
BC) S mto. msl o
t=1
C
;l ) OZZ,a ay ()
+5(0,v,)7 87()), (11)
o’ i 1 1 >

i

1
where C; =—7—, and &() denotes the
A(xc,)
Kronecker & function.

3.3 Reduced Gradient Method

Since the parameters of HMM-based speech
recognizers are fundamentally probabilitics, they
should satisfy the constraints on probability as
follows:

N N D
Z_:;z,." =1,2.a) =1, 2.6"(j) =

Jj=1 J=1

(13)
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To fulfill these conditions, we adopt a reduced
gradient method instead of the usual gradient
methods [7]. By this method, the partial derivatives
in (5) are transformed in the following way.

For simplicity, we give an example of

T
transformation for a;. Let U= (u1 uN)

and V= (v, vN)T be N x 1 matrices and R
be an N x N matrix. Then,

U=RY, (14)
where u; represents the transformed value of v, and
_AxC,) -
v, is ———,—. The matrix R is defined as
a;
N-1 1 1
N N N
LNl 1
R={ N N N (15)
11 Nl
L N N N

This transformation is also applied to other
parameters such as 7" and B”.

4. KOREAN DIGIT RECOGNITION
EXPERIMENTS

We investigated the performance of the proposed
training algorithm in Korean digit recognition. The
Korean digits contain a set of highly confusible
words such as {3 (“sam”) and 4 (“sa”)}, {1 (“iI”), 2
(*1”) and 7 (“chil”) }, and {0 (“gong”), 5 (“0™), 9
(“gu™)}. Two versions of each digit pronounced by
25 male speakers were recorded. The first version
(A) was chosen for initial ML training, and the
second one (B) was used for closed test.

The size of codebook for vector quantizer is 128,
and the number of states is 5. Initially, HMMs were
trained sufficiently by the ML estimation method.
After 10 iterations of discriminative training, the
proposed method scored 98.4 % for training data
and 96.8 % for closed test while ML training scored
98.0 % and 95.6 %, respectively. As a result,
approximately 20 % reduction of the number of
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recognition error has been achicved in comparison
with the ML estimation.

To compare the proposed method (PRO) with
other discriminative training methods, we performed
several experiments using MMI criterion and GPD
method. The results are given in Table 1.

Table 1. Recognition results.

Data ML MMI GPD PRO

A 98.0% | 98.4% | 984% | 984 %

B 95.6% | 96.4% | 96.8 % | 96.8 %

5. CONCLUSIONS

This paper proposed a new discriminative training
algorithm for HMM using the overall risk criterion
and reduced gradient method. The proposed training
algorithm is consistent with the objective of the
minimum-error-rate  classification because the
minimization of the overall risk is equal to directly
minimizing the number of recognition errors [6] ;

However, since these kinds of discriminative
training algorithms do not necessarily minimize the
error rate on other data, the training data must be
representative of each class, and as much data as
possible must be available for training {4].

For a practical use, it reduces computation to
consider only highly confusible words in
discriminative training [4]. An N-best candidates
method can be incorporated into the proposed
method [9].

We are also developing a weighted HMM
(WHMM)-based speech recognizer using the GPD
method [11]. The proposed method can be applied to
the WHMM instead of the GPD method. The future
research on those topics will continue.
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