Eurospeech.1995-96

Q
Y

10.214

ISCA Archive

http://www.isca-speech.org/archive

4™ Eyropean Conference on
Speech Communication and Technology
EUROSPEECH 95
Madrid, Spain, September 18-21, 1995

ON MMI LEARNING OF GAUSSIAN MIXTURE
FOR SPEAKER MODELS '

Haizhou Lif

Jean-Paul Haton"

Yifan Gong’

i CRIN-CNRS/INRIA-Lorraine, Campus Scientifique, BP239, 54506 Vandoeuvre-lés-Nancy, France
b Institute of Radio Engineering and Automation, South China University of Technology, Guangzhou, P.R. China
hzli, jph, gong@loria. fr :

ABSTRACT

In this paper, a general framework of maximum mu-
tual information (MMI) learning of mixture densi-
ties is developed based on the discriminative learning
strategy, within which a family of probabilistic clas-
sifiers can be trained. T'wo case studies are presented
concerning class dependent Gaussian mixture model
(GMM) and its extension to the case of tying kernel
across classes. The related learning algorithms are
derived. In the speaker recognition experiment, each
speaker is represented by a GMM. The algorithms
train the models aiming at minimum error rate. A
normalized distance is also introduced to speaker ver-
ification. Five algorithms are evaluated for compari-
son and 100% of speaker verification rate is obtained
on a database of 200 French speakers.

1 Introduction

A Gaussian Mixture Model (GMM) approach for
speaker verification has been studied previously [1],
where the GMM is used to represent a speaker as
a class. One flaw of the GMM is that, when large
population is involved, the computation of pdf might
become enormous. A pooled model (PM) has been
proposed in [2] to cope with this problem by pooling
GMDM’s across speakers into a same base of Gaussian
kernels. Speakers are discriminated only by the mix-
ture weighting coefficients, so that the mixture com-
ponents, or Gaussian kernels, for all speakers could
be computed in one pass. It is known that pool-
ing parameters may reduce the discriminability of the
system, which can be compensated by increasing the
number of kernels. The PM procedure in [2] is con-
sidered to fix the sharing kernels rather than to tie
them. In other words, the sharing kernels are not
involved in class learning, which may lead to a sub-
optimal solution. A maximum likelihood estimation
(MLE) algorithm was proposed in [3, 4] for the same
model structure, where the weighting coeflicients are
updated in a class dependent way, which does not
keep the updating in a continuous parameter space
and does not directly aim at minimizing misclassifi-
cation error.
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2 MMI LEARNING FOR GMM

GMM approach builds a model to represent a class
of given data in a parametric way. Several techniques
are available to estimate the parameters of a GMM,
which lead to different system performances. MLE is
one possibility. The aim of MLE learning is to find
the model parameters which maximize the likelihood
of the observation data for an individual class. Af-
ter the model has been trained, as a classifier, the
Bayes decision rule is applied to make the classifica-
tion. When no loss is assigned to correct decision and
a unit loss to any error, the principle of Bayes decision
rule is maximum e posteriori decoding. Therefore,
the inconsistency between the learning and classifica-
tion criteria is clear. An alternative solution to this
problem is MMI learning[5]. The MMI criterion di-
rectly increases the class a posteriori probability on
model learning.

2.1 Gaussian mixture models

Having a set of data X = {z1,...,%,...,27;} Of
class 4, let the class-conditional probability be
Ji
plae /) =Y p(w:/wis) Pr(wis) 1
. j=1

where p(z;/wi;) is the component density and
Pr(w;;) the mixture coefficient, J; the number of mix-
ture components for class 7. In this paper, we have

p(xi/wij) = N(ze; M5, Zij) (2)

as Gaussian density and Pr(w;;) > 0 denoted as cj,
thus,

Ji
> =1 (3)
=1

Considering a multiple classification problem of I
classes (speakers), when all a priori probabilities
Pr(€;) of classes are equal, the Bayes rule makes a
classification decision by the class-conditional proba-
bility,

X e if 1+ = argmax p(X/Q;) (4)
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where

T
p(X/Q) = logp(z:/0s) (5)

t=1

2.2 MMI learning as discriminative learning

The MMI criterion aims at maximizing the discrimi-
nation directly. Assuming class a priori probabilities
are equal,

Pr(%) =1/ Vi (6)

Given z;, the MMI learning uses the objective func-
tion:

) _ p(@:/)
M) = et a0
- px: /)
- e gy
where d;(z:) is continuous in
A= {Ai}f:r 9)

It is differentiable with respect to A and the Eq.(7)
is actually the a posterior: probability of z; to class
1, which can be proved to be the monotonic increas-
ing function of Eq.(8). Here, Eq.(8) is used for sim-
plicity. Maximizing the mutual information increases
the a posteriori probability of the model correspond-
ing the training data. Since this is also the criterion
used in the Bayes decision, the relation between MMI
and error rate is much more intuitive than it is with
MLE. Thus, it can be said that the objective func-
tion is a misclassification measure which embeds the
decision process in a function form, and is considered
to have directly translated the classification error to
the numerical operation in the parameter adjustment
procedure.

A loss function is then applied to the misclassifica-
tion measure as

1

L@ A) = T e

(10)
where o > 0 and § = log(I — 1), for better conver-
gency in optimization. It is noted that a larger d;(z:)
results in a {;(x¢; A) closer to 0. The problem of op-
timal classifier design becomes that of finding a set
of A which minimizes the loss function I;(z:; A). In a
probabilistic sense, the empirical average cost

I T
LA) =3 > Lz A)

=1 t=1

(11)

incurred in classifying the design sample data set X,
serves as the objective function of the optimization.
Resorting to the gradient descent algorithm, we can
adaptively adjust A by

AN, = =6, V, V(2 AS) (12)
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where ¢, is subject to the constraints of e, —
o0 and Y. €2 < oo to seek to minimize the over all
loss function L{A) each time a training pattern z; is
presented. In this way, at least a local minimum of
the objective function could be reached.

3 MMI LEARNING OF MIXTURE
DENSITY

By embedding the MMI strategy and Bayes decision
rule, we come up with a MMI learning algorithm of
mixture Gaussian densities which is devoted to a fam-
ily of neural network architectures. In general, this
kind of neural network consists of a four-layer feed-
forward structure, shown in figures 1 and 2. The first
layer is the input layer to which the sample data are
presented. The mixture pdfs p(z;/w;;) are computed
as the output of second layer. The connections be-
tween second and third layers are associated with the
mixture coefficients. Each node in the third layer per-
forms the summation of the weighted mixture prob-
abilities to produce the class-conditional probability.
The Bayes rules are realized in the fourth layer, the
output layer, to compare the a posteriori probabili-
ties. In this paper, the class a priori probabilities are
assumed equal so that the connections between third
and fourth layers are fixed before network learning.

3.1 General updating rules

The gradient descent algorithm does not guarantee
the constraint of 37.c;; = 1 in mixture Gaussian
pdfs. Therefore, ¢;; is transformed to cf; by

¢y =e%/ Z e
J

so as to keep Zj ¢;; =1 during the adjustment of
parameters. We have

(13)

Ocy;[0cy; = ¢y (1 — ciy) (14)
in a compact form. For the convenience of deriving
the updating rules, first of all, some expressions are
introduced|6]:

vcijp(xt/Qi)
= c;;(1 = ci;)p(me fwij) (15)
Voni; P(@: /$2)
= (i /wis) S (@ — M) (16)
Vzaxp(xt/ﬂi)
= (1/2)cip(ae/wif) Ty (17)
where
i, = iy — (20 ~mag) (e —my)'. (18)

Then, a set of updating rules could be obtained by
computing the gradient Vi;(x:, A) with respect to all
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parameters. where

811/80” = —%Iiij(l - C?j) (19) Kig = p(wj/xt) (31)
OL:/oms; = —yikySt (s —my)  (20) = P/ (32)
ali/azi_jl = ki Xy (21) Yi=1 Ciyp(@e/wy)

for class ¢ and Rij = g;: KsjCs = Kij (33)

Oli/cs; = yikeiCs(1—cty) (22) o= T (me-my)@ —my) (34)
Ol;/Omg; = %‘fisjﬁszs_jl (me —ms;)  (23) The updating rule of {c;;} remains in the same form
al;/ az;jl = ke Y (24) as in the general case whereas x;; is redefined. It is

noted that MLE is a special case of MMI learning
for class s#i, where when removing the denominator of Eq.(7). Now, a
MMI learning cycle for class-dependent mixture den-
Kij = plwij/ze) (25) sities and sharing kernel has been formulated under
ctp(we Jwis) (26) the framework of discrminative learning.
z.-]/i_l c’f‘-,p(a:t/wijf)
J=Lu 4 EXPERIMENTS
Vi = iz AL = iz A)) (27)

e9s(zt;A) We have used a database of French sentences from 200
(s = W (28) speakers. This database consists of a three-word sen-
tence of approximately one second naturally uttered
five times by each speaker. A 12th mel-scale cepstral
et a0 analysis is performed each 10ms interval with 32ms
Hamming window. Using one of five sessions as the
P/ ) test data and others as the training data, rotating the

orders, results in five assessment sets. The results are
reported as the average of the five sets.

£(x/ w)

4.1 Speaker recognition

Five algorithms are evaluated in order to assess the
performance. Here MLE is referred to as class-
sea dependent GMM trained by MLE. PM[2], PM/MLE
and PM/MMI share the same model structure of
Gaussian mixtures while different learning algorithms
are involved. The computational indexes, defined as
number of operations on pdfs each learning cycle or
each recognition trial, are given in Table 1. Another
example is presented by exploring the recognition per-
formance of GMM with Gaussian kernel with respect
to different J settings. It is shown that the accu-
racy increases with J and J = 256 provides the best
results as given in Table 2.

Prix/ Q)

E(x/ @)

Figure 2: The GMM with tying Gaussian kernel

3.2 Tying m;; and X;; across classes

Considering a case of equal number of mixture com- 4.2 Speaker verification

ponents across classes, {J; = J;Vi}, it is possi-
ble to tie the sample means and covariances one
by one across classes into a sharing kernel so that
{mi; =m;,Vi} and {5;; = £;,Vi}. To seek an up-
dating procedure, one can easily remove the subscript
of 4 from m;; and ;; and rewrite Eq.(20) and Eq.(23)
with Eq.(29) , Eq.(21) and Eq.(24) with Eq.(30),

A normalized score is usually used in speaker ver-
ification by introducing a set of background speak-
ers, termed cohort[7]. Then, two issues should be ad-
dressed: one is the number of background speakers,
another is the selection of the speakers. The speaker-
specific cohort for a speaker is usually selected by
choosing some speakers nearest to him in the train-
ing population. This kind of cohort is shown to be

_ , good at discriminating acoustically similar speakers
Olifom; = 75 (24~ my)my; (29) but poor at dissimilar ones. Therefore, the cohort size
al;/ 82;1 = 7k, (30) should be large enough to cover distribution of fea-

i
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tures over the population. But increasing the cohort
size may introduce more computation. It is noted
that Eq.(7) itself is a normalized score when all com-
peting speakers are grouped in a cohort. Therefore,
when speaker ¢ is claimed,

T
> Lz A) (35)

is a straightforward verification score in all experi-
ments because the scores across speakers could be
obtained in one pass without much effort by summing
up the weighted mixtures in the sharing kernel.

5 DISCUSSIONS

A Gaussian mixture speaker model is built with MMI
strategy. The computation of PM/MMI in a verifi-
cation trial is significantly reduced, compared with
the class-dependent GMM scheme, while keeping the
same performance. The computational efficiency ben-
efits from the well-defined model structure. The re-
sults show that MMI outperforms other methods be-
cause it uses a more reasonable learning rule and
reaches for a solution closer to the global optimum.

In practice, one way of simplifying the general
updating procedure is to restrict the summation in
Eq.(8) to the B most likely classes having the high-
est likelihood, referred to as B-best approach[8]. It
can be regarded as learning to discriminate against
the mostslikely, rather than all, competing hypothe-
ses. For 200 classes in the experiment, when B is
set to 20, it is shown that the effect caused by this
discontinuity is insignificant.

In speaker verification, the normalized score in PM
scheme can be easily obtained, which is shown to be
a good solution to the problem of cohort selection. It
is also shown that the tying GMM is suitable for the
large population speaker recognition and verification
tasks with reasonable computational load, especially
for the applications where the amount of training data
is limited.

| | O-learn | O-rec | rec% | ver¥% |
MLE 8x200 8x200 | 99.3 | 99.5
MMI 8x200x200 | 8x200 | 99.6 | 99.6
PM 256x200 256 92.3 | 97.1

PM/MLE | 256x200 256 98.8 | 98.9
PM/MMI | 256 %200 256 99.6 | 99.5

Table 1: Performance comparison of algorithms
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