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ABSTRACT
In this paper, we study discriminant function based minimum
recognition error rate pattern recognition approach. This ap-
proach departs from the conventional paradigm which links a
classification/recognition task to the problem of distribution esti-
mation. Instead, it takes a discriminant function based statistical
pattern recognition approach and the goodness of this approach
to classification error rate minimization is established through
a special loss function. It is meaningful even when the model
correctness assumption is known not valid. The use of discrimi-
nant function has a significant impact on classifier design, since
in many realistic applications, such as speech recognition, the
true distribution form of the source is rarely known precisely and
without model correctness assumption, the classical optimality
theory of the distribution estimation approach can not be applied
directly. We discuss issues in this new classifier design paradigm
and present various extensions of this approach for applications
in speech processing.

1. INTRODUCTION
The advent of powerful computing devices and the success
of hidden Markov modeling triggered a renewed pursuit
for more powerful statistical methods to further reduce
the recognition error rate and build more robust speech
recognition systems across various conditions. The use of
discriminant function methods in speech recognition is a
promising approach. Although the statistical formulation
of minimum classification error (MCE) based discrimina-
tive methods has its root in the classical Bayes decision
theory, it departs from the conventional paradigm which
links a classification/recognition task to the problem of
distribution estimation. Instead, it takes a discriminant
function based statistical pattern classification approach,
and for a given family of discriminant function, optimal
classifier design involves finding a set of parameters which
minimize the empirical recognition error rate. One clas-
sical example of using discriminant function for classifier
design in statistical literatures is the two class classification
problem using linear discriminant functions. In particu-
lar, a window based method was described in [22] for the
two class classification problem using linear discriminant
functions that minimize the probability of classification
error. In this paper, the focus is on general MCE based
discriminative methods. The discriminant functions are
nonlinear and often related to the structure of the statisti-
cal framework used in speech recognition such as hidden
Markov models.

The reason of taking a discriminant function based ap-

proach to classifier design, as will be further elaborated,
is due mainly to the fact that we lack complete knowl-
edge of the form of the data distribution and that training
data are always inadequate, particularly in dealing with
speech problems. The performance of a recognizer is nor-
mally defined by its expected recognition error rate, and
an optimal recognizer should be the one that achieves the
least expected rate of recognition error. The difference
between the distribution estimation based approach and
the discriminant function based MCE approach lies in the
way the recognition error is expressed and in the com-
putational steps that would lead to the minimization of
such error functions. A key to the development of the
MCE method is a new error function which incorporates
the recognition operation and performance in a functional
form, from which the performance of the classifier can be
directly evaluated and optimized.

Classifier design without assuming the knowledge of class
posterior probabilities has been studied in many areas. In
particular, Tsypkin [72] and Amari [1, 2] pioneered this
approach for self-learning and self-organizing nets. They
formulated the problem of self-learning into a classifi-
cation problem which consists of optimal partitioning of
the observation space into regions Xk for which the ex-
pected risk R is minimized. In addition, a mathematical
minimization procedure, generalized probabilistic descent
(GPD) algorithm or stochastic approximation, was pro-
posed as a means for classifier design under this frame-
work. Since then, various loss functions have been used in
designing classifiers, including those popular mean-square
error based loss functions. However, many tractable loss
functions do not have a direct relation to the recognition
error rate minimization, and therefore, albeit based on dis-
criminant functions, they are not directly related to recog-
nition error rate which should be the most sensible choice
for classifier design.

Over the past decades, the MCE based approach has been
developed to overcome the fundamental limitations of the
traditional approach and to directly link the classifier de-
sign problem to classification error rate minimization. In
order to alleviate the dependency on the class posterior dis-
tributions, a discriminant function based MCE approach
was proposed by Juang et al. [32] as an alternative to op-
timal classifier design. Although this approach applies to
the pattern recognition problem in general, it finds various



applications to speech recognition. It was first applied to
dynamic time warping based recognition system [12, 36].
Application to hidden Markov model based continuous
speech recognition systems was formulated as a segmen-
tal and string model based MCE approach [14, 15], and
successful applications of this approach were reported in
[16, 21, 25, 54, 55]. This approach was further extended
to form a combined string model, in which training of
model components of the speech recognition system can
be achieved under a unified MCE framework [17, 29]. It
was applied to discriminative model combination[9, 53]
and to applications in speaker identification and verifi-
cation [48, 26, 41]. The basic idea of MCE approach
was further developed for applications in general utter-
ance verification problem [71, 51]. A general framework
of combining detection and verification in speech recog-
nition and understanding was also proposed, in which the
discriminant function based pattern recognition approach
was applied in both detection and verification processes
[35, 40].

2. DISCRIMINANT FUNCTION BASED
CLASSIFIER DESIGN

One of the important issues in classifier design is the selec-
tion of the loss function, upon which the optimal classifier
design can be characterized as the one which achieves
the minimum loss. To illustrate the concept, consider an
M class classification problem where the classifier C(x)
defines a mapping from the sample space x 2 X to the
discrete categorical set Ci 2 Y . The loss function is a
function from X � Y ! R, where R is a set of real num-
bers. Each class pair (j; i) can be associated with a cost
or a loss function eji which signifies the cost of classi-
fying (or recognizing) a class i observation to a class j
event. The average loss associated to making a decision
C(x) = Ci is given by

R(Ci j x) =
MX
j=1

ejiP (Cj j x); (1)

where P (Cj j x) is the class posteriori probability that
the true state of x is in Cj. This leads to a performance
measure for the classifier, i.e. the expected loss defined as

L =

Z
R(C(x) j x)dP (x); (2)

where C(x) represents the classifier’s decision (assuming
one of the M “values”, C1, C2:::CM), based on a random
observation x drawn from a probability distributionP (x).
Obviously, if the classifier is so designed that for every x

R(C(x) j x) = min
i
R(Ci j x); (3)

the expected loss in equation (2) will be minimized. If the
loss function eij = �ij , a 0-1 delta function, the expected
loss L is the error probability of the classifier and the
conditional loss becomes

R(Ci j x) =
X
i6=j

P (Cj j x) = 1� P (Ci j X): (4)

The optimal classifier from the Bayes theory implements
the “maximum a posterior” MAP decision:

C(x) = Ci iff P (Ci j x) = max
j

P (Cj j x): (5)

When true posterior probabilities are known, MAP de-
cision implements an optimal classifier which minimize
the expected loss based on (4). The minimum error rate
achieved by MAP decision rule is called “Bayes risk”.
However, if the true posterior probabilities are not known
or the decision rule is not based on the class posterior prob-
ability, then we can not use this result directly to claim the
optimality of the classifier. For most real world problems,
the posterior probabilities in Bayes decision theory are not
known priori. Our choice of the distribution used in the
classifier is often limited by the mathematical tractability
and very likely to be inconsistent with the true distribu-
tion. This means the true MAP decision can rarely be
implemented and the minimum Bayes risk generally re-
mains an unachievable lower bound.

Discriminant functions on the other hand are those func-
tions which characterize the decision rule of the classifier.
They may or may not be probability or likelihood based
functions, and they can come from different parametric
families, including those families which have no relation
to the parametric form of the class posterior distribution
as required in the classical Bayes decision theory. One
well studied family of discriminant function is the linear
discriminant function which has received considerable at-
tention and theoretical development for its design. A min-
imum error rate classifier design using linear discriminant
function was studied in [22]. For M class classification
problem using discriminant functions, a set of discriminant
functions fgi(x) j i = 1:::Mg are used and the classifier
C(x) is defined such that

C(x) = I iff I = argmax
i

gi(x): (6)

When the loss functionR(C(x) j x) is specified, the prob-
lem of optimal classifier design using discriminant func-
tions becomes a minimization problem of finding a best
set of discriminant functions fgi(x) j i = 1:::Mg from a
class of discriminant functions which minimizes the ex-
pected loss L as defined in Eq. (2).

3. MCE CLASSIFIER DESIGN USING
DISCRIMINANT FUNCTIONS

As pointed in the previous section that without the knowl-
edge of the form of the true class posterior probabilities
required in the classical Bayes decision theory, classifier
design by distribution estimation often does not lead to an
optimal performance. This motivates the effort of search-
ing for other alternative criteria in classifier design. In
particular, criteria of MMI (maximum mutual informa-
tion) and MDI (minimum discriminative information) are
used in many applications[3, 57]. Although these meth-
ods demonstrate significant performance advantages over



the traditional ML approach, they are not based on a di-
rect minimization of a loss function which links to the
classification error rate.

Minimum classification error (MCE) rate based classifier
design is based on a direct minimization of a loss function
which relates to recognition error rate. Do-Tu et al. [22]
studied MCE solution for the two class non-parametric
classification problem using linear discriminant functions.
A general approach for multi-class and non-linear dis-
criminant functions are proposed by Juang et al. [32]. In
MCE approach, the classifier design and parameter esti-
mation are to correctly discriminate the observations for
best recognition/classification results rather than to fit the
distributions to the data. This is often achieved through a
three steps process.

1) The misclassification measure in the MCE based ap-
proach is defined as

di(X) = �gi(X; Λ)+log

2
4 1
M � 1

X
j;j 6=i

exp[gj(X; Λ)�]

3
5

1=�

(7)
where � is a positive number [14]. For an ith class speech
utterance X, di(X) > 0 implies misclassification and
di(X) � 0 means a correct decision. When � approaches
1, the term in the bracket is the L� norm on the dis-
crete integer set fj j j 6= i; j = 1:::Mg which converges
to the k k1 norm and becomes maxj;j 6=i gj(X; Λ). By
varying the value of � and M , one can take all the compet-
ing classes into consideration, according to the individual
significance, when searching for the classifier parameter
Λ.

2) The loss function is used for recognition error rate min-
imization. The misclassification measure of (7) is embed-
ded in a smooth zero-one function, for which any member
of the sigmoid function family is an obvious candidate. A
general form of the loss function can then be defined as:

`i(X; Λ) = `(di(X)) (8)

where ` is a sigmoid function, one example of which is

`(d) =
1

1 + exp(�d + �)
(9)

with � normally set to 0 and  set to greater or equal to one.
Clearly, when di(X) is much smaller than zero and nega-
tive, which implies correct classification, virtually no loss
is incurred. When di(X) is positive, it leads to a penalty
which becomes essentially a classification/recognition er-
ror count.

3) The classifier parameter estimation is based on the min-
imization of the expected loss. For any unknown object
X, the classifier performance is measured by

`(X; Λ) =
MX
i=1

`i(X; Λ)1(X 2 Ci) (10)

where 1(�) is the indicator function. The expected loss,
which is related to recognition error rate, is given by

L(Λ) = EX [l(X; Λ)]: (11)

This 3-step process in MCE approach emulates the classifi-
cation operation as well as the recognition error rate based
performance evaluation in a smooth functional form, suit-
able for classifier parameter optimization. It is important
to pint out that if the correct form of posterior probabilities
PΛ(Ci j x) is used as the discriminant function, the mini-
mum loss solution in MCE approach is an approximation
to the Bayes minimum risk [20].

3.1. Optimization Methods
Various minimization algorithms can be used to minimize
the expected loss. The generalized probabilistic descent
(GPD) algorithm is a powerful algorithm that can be used
to accomplish this task[2]. In GPD based minimization al-
gorithm, the target function L(Λ) is minimized according
to an iterative procedure:

Λt+1 = Λt � �tUtr`(Xt;Λ) jΛ=Λt (12)

where Ut is a positive definite matrix[19], �t is a sequence
of positive numbers, and r`(Xt;Λ) jΛ=Λt is the gradient
function of the loss function at Λ = Λt, and Xt is the t-
th training sample used in the sequential training process.
The convergence properties of GPD algorithm was studied
in the literature (e.g. [19, 11]) under various names, such
as stochastic approximation, etc.

MCE approach is very specific to the form and structure
of the discriminant function and loss function regarding
the classifier. It is relatively unrestricted to the optimiza-
tion methods which can be used to minimize the expected
loss. Many innovations are possible for better optimiza-
tion results. In particular, methods of linear programming
[58], gradient projection [28] and growth-transformation
[27, 34, 57] are also used for minimization of the expected
loss in MCE classifier design.

3.2. HMM as a Discriminant Function
There are several ways of using hidden Markov models
(HMMs) as discriminant functions. In particular, the dis-
criminant function can be based on the joint observation-
state probability defined as follows:

gi(X;q; Λ) = P (i)(X;q; Λ) = �(i)q0

TY
t=1

a(i)qt�1qtb
(i)
qt (xt)

(13)
Discriminant function defined in (13) is a natural choice for
speech recognition system using Viterbi decoding, where
a
(i)
qt�1qt is based on the optimal state sequence. The MCE

training algorithm based on (13) is often called segmental
GPD, and MCE estimation of HMM parameters is de-
rived for GPD based optimization method (see [33] for
details). In order to maintain the probabilistic structure
of HMMs, cares must be taken and parameters are often
derived through certain transformations[14, 33].



3.3. Relation of MCE and MMI
Maximum mutual information (MMI) [3] is another pow-
erful approach used in speech recognition. The MMI
approach is based on the mutual information I(Wc; X)
between the acoustic observation X and its correct lexi-
cal symbol Wc. For the N class classification problem,
the logarithm of the mutual information has the following
form

I(Wc; X) = log
p(Wc; X)

p(Wc)p(X)

= log(
p(X jWc)PN

k=1 p(Wk)p(X jWk)
) (14)

where Wk runs over all possible N class symbols,
logp(X j Wc) and logp(X j Wk) are the log-likelihood
scores of X on the correct lexical symbol and the k-th
lexical symbol respectively. From Eq. (14),

logP (Wc j X) = log(
P (Wc; X)

P (X)
) = I(Wc; X)+logp(Wc);

(15)
which relates I(Wc; X) to the posterior probabilityp(Wc j
X). In MMI training, the criterion of the classifier de-
sign and parameter estimation is to maximize the average
mutual information I(WC ; X) on the training set. The
relation between MMI and MCE is a very interesting topic
and studied in [63, 64]. It is found that under certain con-
ditions, direct comparisons can be made between these
two approaches. In particular, when � = 1, the loss func-
tion used in MMI approach relates to the misclassification
measure in MCE approach as follows [63]:

I(Wc; X) = log(
1

1 + edc(X)+log(N�1)
) + logN; (16)

where dc(X) is the misclassification measure in MCE for
correct class Wc.

From the form of the loss function used in MCE and MMI,
it is easy to see that MMI approach is based on modeling
the posterior distribution which relates to the optimal de-
cision boundary of the classifier through the Bayes theory.
On the other hand, MCE approach is based on an explicit
modeling of the decision boundary which has a direct re-
lation to the recognition error rate. This direct relation
to recognition error rate in the MCE approach has several
advantages. It is meaningful in the sense of minimizing
the empirical recognition error rate of the classifier, and
this property is not dependent on the parametric form of
the discriminant function nor its relation to the form of
the true class posterior distribution. If the true class pos-
terior distributions are used as discriminant functions, the
asymptotic behavior of the classifier will approximate the
minimum Bayes risk.

The significance of the MCE approach in speech recogni-
tion is twofold. First, a classifier design based on direct
minimization of the recognition error rate is a meaningful
alternative to distributionestimation based approach. Sec-
ond, the probabilitydistributions (PDs) used in parametric

modeling of speech are very limited comparing to the true
PDs in the signal source, and the decision rule based on
discriminant function approach is a reasonable alternative
to “plug-in” MAP rule which is based on the model cor-
rectness assumption. More discussion and studies of these
approaches were given in [20, 63].

4. EMBEDDED STRING MODEL BASED MCE
APPROACH

In continuous speech recognition using sub-word model
units,X is a concatenated string of observations belonging
to different classes. For example, a sentence is a sequence
of words, each of which is to be modeled by a distribution.
The decoding process in continuous speech recognition
is to compare (implicitly) all possible (word or subword)
string models, and the word string whose string model
has the highest likelihood score is chosen as the decoded
string. The likelihood score of the word string is typically
a combination of scores from various models, including
scores from the acoustic model, language model, duration
model, etc. The main reason of adopting this type of
string model is simply that the basic speech recognition
model units, which are used to form string models, can
be estimated from a finite amount of available training
data. On the other hand, the use of long term language
model and context dependent acoustic model has extended
the modeling dependencies beyond the level of individual
words to phrase groups or even to the whole utterance
level.

In [15], an MCE approach to classifier design based on
string model was proposed and studied. The string model
for a given word stringS in a HMM based speech recogni-
tion system using continuousobservationdensities is given
by

S̄Q = argmax
SQ

logf(X;ΘSQ j SQ) (17)

where SQ is a string model for word string S, ΘSQ is
the optimal state sequence in the string model of SQ and
logf(X;ΘSQ j SQ) is the log-likelihood score along the
optimal state sequence ΘSQ . The discriminant functions,
for k = 1; :::; N , are

g(X;Sk;Λ) = logf(X;ΘSk ; Sk j Λ); (18)

where Sk is the k-th best string, Λ is the HMM set used
in the N -best decoding, Θk is the optimal path (state se-
quence) of the k-th string given the model set Λ, and
log f(X;ΘSk ; Sk j Λ) is the related log-likelihood score
on the optimal path of the k-th string.

For the correct string Slex, the discriminant function is
given by

g(X;Slex;Λ) = logf(X;ΘSlex ; Slex j Λ); (19)

where Slex is the correct string, Θlex is the optimal align-
ment path and logf(X;Θlex; Slex j Λ) is the correspond-
ing log-likelihood score. These discriminant functions are



embedded in the MCE based loss function. The embed-
ded string model based MCE approach is well suited for
acoustic modeling using detailed context dependent mod-
els. It can describe various context dependencies such as
triphone, quinphone, etc. In embedded string model based
MCE approach, the long term dependencies are embedded
in the basic speech recognition model units even their orig-
inal context dependency definitions are not. It is observed
in the experiments that many mono-phone based context
independent model units obtained from the MCE approach
exhibit speech recognition performance of context depen-
dent model units[25]. The embedded string model based
MCE approach found applications in various recognition
tasks and significant error rate reduction were observed
[15, 16, 25, 55, 33, 21].

5. COMBINED STRING MODEL BASED MCE
APPROACH

In speech recognition, the final decision is based on the
combination of scores from various knowledge sources
represented by different models. Assuming independence
of each model, the final score in the logarithm domain be-
comes a sum of log-likelihoodscores from each individual
model. In particular, in addition to the acoustic model, if
a language model is used and its score is weighted by a
weighting factor �L, the final likelihood score of a candi-
date string is

logf(X jW ) = logf(X jW ) + �L logP (W ): (20)

If the model correctness assumption is valid, the log-
likelihood score should strictly follow Eq. (20) and the
score weighting factor�L = 1. However, in speech recog-
nition experiments and applications, it is found that a value
of �L with �L 6= 1 demonstrates much better recognition
performance[42], an indication that the true distributionof
the signal source departs from the assumption made by the
model. The combined string model is an MCE approach
which is based on the discriminant function at the level
of global combined string model. The combined string
model can be done in the combination of the following
two directions. One is horizontal, scores from multiple
models and different knowledge sources are combined to
form the final score, where each individual model may be
estimated separately based on different estimation meth-
ods, including using different training data and constraints
[9]. Another important direction for model combination
is to estimate the individual model parameters in the com-
bined string model as an integrated component of the final
combined string model, in which the discriminant func-
tion is constructed at the combined string model level.
The estimation of parameters at each individual model is
achieved by tracing down the model combination tree to
each of its leaf nodes following a chain rule like relation-
ship [17, 9, 38, 73].

5.1. Discriminative Model Combination (DMC)
In speech recognition, multiple signal sources from multi-
ple signal bands are also used in speech recognition [53].

Many of these models or knowledge sources may not be
based on probabilities, and a discriminant function based
approach is a suitable choice for model combination. Let
fΛ1:::ΛMg be the individual model components in the
model combination. We use the notationG(X j Λ1:::ΛM)
to denote the combined string model given random input
X, where G is the function selected for model combina-
tion. If G is linear

G(X j Λ1:::ΛM) =
MX
k=1

�kg(X j Λk); (21)

where g(X j Λk) is the score from the k-th model. Dis-
criminative model combination based on the MCE ap-
proach is to embed the combined string model based
discriminant function G(X j Λ1:::ΛM) in the error rate
based loss function and estimate the model combina-
tion factor �1:::�M as parameters in the combined string
model. Many optimization methods can be applied to es-
timate �1:::�M which minimize the expected loss. The
popular GPD algorithm has a very simple form in this
case[9]. DMC is applied in many applications under the
name of combined string model[17], discriminative model
combination[9] and universal stochastic engine[29]. The
MCE based discriminant function based approach pro-
vides a goodness criterion for estimating and adjusting
those “tuning parameters” in speech recognition, espe-
cially when either a model correctness assumption is not
valid or a unified framework is needed to combine knowl-
edge sources that are different in origin or nature.

5.2. Discriminative Feature Extraction
The goal of discriminative feature extraction is to accom-
plish the speech recognition feature extraction from the
standpoint of minimizing the recognition error rate for
classification by machines. In place of the Bark scale
from hearing, a new frequency scaling [62] can be de-
rived. Feature extraction can be made discriminative based
on the combined string model MCE paradigm. Since these
speech recognition feature vectors are part of the combined
string model, a goodness criterion of this approach can be
derived from the relation of minimization of the expected
loss and recognition error rate in the MCE formulation.

One application of discriminative feature extraction is in
the design of cepstral lifters[10]. The justification of this
type of lifter for cepstral feature vectors is given in [31].
In discriminative feature extraction, lifter design can be
done according to the combined string model formula-
tion. Instead of relying on human hearing capabilities
for choosing the right lifter, the lifter parameters can be
estimated using the MCE criterion to minimize the recog-
nition error rate. Speech experiments using discriminative
feature extraction based lifter were performed in several
tasks [10, 38].

6. VERIFICATION AND IDENTIFICATION
Speaker verification and identification based on voice is
an important area in speech research and has been studied



for several decades. In making a decision regarding the
true identity of the speaker, two types of errors may occur.
One is false rejection (type I error) and one is false ac-
ceptance (type II error). The problem can be conveniently
formulated as a statistical hypothesis testing problem to
test null hypothesis H0 (i.e. X from source S0) and the
alternative hypothesis H1 (i.e. X from source S1). There
are plenty of studies available in the statistical literature
regarding the design of the optimal tests if P (X j H0)
and P (X j H1) are known and fall into some specific
distributions, such as the exponential family [43]. In prac-
tice, the test procedure is often based on a test statistic
T (X) such that H0 is rejected if T (X) � k. According
to the Neyman-Pearson Lemma, T (X) can be based on
probability ratio test T (X) = P (X j H1)=P (X j H0)
or likelihood ratio test T (X) = f(X j H1)=f(X j H0),
and k is selected such that the level of the type I error
P (T (X) � k j H0) = �. However, in practical verifica-
tion problems, we have no exact knowledge regarding the
distributions of null and alternative hypotheses. Discrim-
inant function based methods can be applied in designing
the verifier.

6.1. Speaker Verification and Identification
In speaker verification and identification, the decision is
based on the score of the test statistic T (X). For speaker
identification problem, the speaker I is identified as the
true speaker if

I = argmax
q

T (X; q): (22)

It can be seen that speaker identification can be formulated
as an M class classification problem using associated test
statistics. A suitable misclassification measure can be
constructed according to the test statistics [48].

For speaker verification, we usually accept the claimed
speaker identity I if the test statistic for I-th speaker

T (X; I) > �I : (23)

For speaker verification, the verification error can also be
characterized by a mis-verification measure based on the
test statistic T (X; I), similar to the misclassification mea-
sure in recognition. The MCE based discriminant func-
tion approach can be adapted to minimize the verification
error[48, 41].

In addition to addressing the identification and verifica-
tion problem as a special classification problem, meth-
ods of introducing the structure of statistical test in dis-
criminant function based approach are also attempted.
Minimum verification error (MVE) training is such an
approach[51, 69]. The main difference to MCE approach
is the use of two separate loss functions to model two
types of errors in hypothesis testing. We describe the
details of MVE approach below and exemplify the dis-
criminant function approach to speaker verification and
identification. The mis-verification measure, as opposed

to the misclassification measure, for the q-th speaker is
defined as follows:

dq(X;Λ) =

�
�gq(X;Λ) + Gq(X;Λ) from q
�Gq(X;Λ) + gq(X;Λ) otherwise;

(24)
where gq(X;Λ) is the log-likelihood score from the
claimed q-th speaker model and Gq(X;Λ) is the score
from the cohort speaker group Cq̄ . The mis-verification
measure is embedded in a smooth sigmoid based loss func-
tion `(d(X;Λ)) as in the MCE formulation. Two separate
loss functions are used to describe the type I and type II
errors. The average loss for each type of errors approx-
imates the empirical type I and type II error rate on the
training samples.

L1(X;Λ) =
1
N1

N1X
i=1

`(d(Xi;Λ))1(Xi 2 Claimed Speaker)

(25)
and

L2(X;Λ) =
1
N2

N2X
i=1

`(d(Xi;Λ))1(Xi 62 Claimed Speaker);

(26)
where 1() is the indicator function. The overall expected
loss of the MVE is given by

L(X;Λ) = �1L1(X;Λ) + �2L2(X;Λ); (27)

where �1 and �2 are design parameters which control the
influence of type I and type II errors in the overall loss func-
tion. The model parameter estimation in MVE training is
to minimize the expected loss of Eq. (27), which relates
to the minimization of empirical error rate of type I and
type II errors. Various speaker verification experiments are
conducted and the discriminant function based approach
demonstrates significant performance advantages over the
distribution estimation based approach[48, 26, 41].

7. SUMMARY
In this paper, the discriminant function based MCE ap-
proach was introduced as an alternative to the distribu-
tion estimation based approach from Bayes decision the-
ory. In MCE approach, the classifier design is to find a
set of parameters which minimize the empirical recogni-
tion error rate. This is achieved through a special loss
function where minimizing the expected loss relates to
the reduction of the recognition error rate. The discrimi-
nant function based MCE approach applies to cases where
the traditional distributionestimation based approach does
not apply, especially when the family of the discriminant
functions encountered in the classifier are not based on
probability distributions. The goodness of this approach
is justified without the model correctness assumption, and
it applies to cases where the model correctness assump-
tion is known to be invalid. Although significant progress
has been made during the last ten years, many issues in
discriminant function based MCE approach are still open
and we are just beginning to look at new potentials of this
approach in speech recognition.
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