308 HF 3 E fgj 'ﬂﬁ % fﬁ Vol. 30, No. 3
2004 4F 5 f ACTA AUTOMATICA SINICA May » 2004

A Novel PNN Classification for Speaker Identification”
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Abstract A novel ¢ PNN model is proposed for class conditional density estimation based on the
mixtures of PNN of shared pattern layers and PNN of separated pattern layers. Each class not on-
ly has a set of pattern layers belonging to itself, but also has several pattern layers shared for all
class, where “shared” means that each kernel may contribute to the estimation of the conditional
density of all classes. The training of the novel model utilizes the maximum likelihood criterion
and an effective EM algorithms to adjust model parameters .s developed. These results of the
closed-set text-independent speaker identification experiments indicate the proposed model and al-
gorithms improve identification accuracy.
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1 Introduction

Speaker recognition is to recognize the speaker by his speech signal and his feature pa-
rameters extracted in advance., The task of closed-set text-independent speaker identifica-
tion is to identity from a set of known speakers the speaker who is the most closely related
to the sample of the tested speech. The speaker identification system usually includes two

1) Because of the research of

parts: the feature parameters extraction and the classifier
psychological and physiological acoustics in the aspect of speaker recognition mechanism,
it is still difficult to find out the speaker’s speech features which have long-term validity
and can be used in different channels and different noise environment. After extracting
non-exclusive feature parameters, the design of the classifier becomes the focal point for
the purpose of improving the correction rate of the classification. The recognition rate of
dynamic time warping (DTW) 1s high, but 1t requires extensive storage and computation.
As a benchmark classifier, vector quantization (VQ) 1s often considered having lost the
time sequence information of the speech. Though the hidden Markov model (HMM) is ap-
plied widely, the hypothesis of its output independence 1s not reasonable. The Gaussian
mixture model (GMM) 1is applied successfully in speaker recognition, but it requires a
large number of speech samples and noises make its performance deteriorate sharply. The
artificial neural networks (ANNs) classifier provides a novel approach to speaker recogni-
tion. In this paper, in order to avoid the problem of overtime-training for ANNs, the
probabilistic neural network (PNN) is used as the core classifier for the speaker recogni-
tion system.

It is well known that a PNN is used as a classifier due to its good generalization ability
and fast learning capability, case of on-line updating, and sound statistical foundation in
Bayesian estimation theory. PNN has become an effective tool for solving many difficult
classification problems in practice, The PNN classifier was used for optical character recog-
nition in [ 2 |, satellite cloud classification in [ 3], and speaker identification in {4 ). The

original PNN is a direct neural-network implementation based on Pazer nonparametric
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probability density function estimation and Bayesian classification rule. It consists of input
layer, pattern layer and summation layer. The main drawback of the original PNN is its
large network structure, since every training pattern has to be stored. One natural idea to
simplify the PNN is to reduce the number of pattern layer neurons, In [ 6], Streit et al.
improved the PNN by using finite Gaussian mixture models and maximum likelihood (ML)
training scheme. However, the ML-based training does not necessarily lead to optimiza-
tion, and there are also a larger number of model parameters. It is more difficult that the
number of the Gaussian components has to be decided by experimentation. Other schemes
such as learning vector quantization and vector quantization reduction, have also been pro-
posed for clustering the training samples'” ®.

First, we propose a novel scheme to reduce the number of pattern layer neurons. In
the pattern layer, the traditional separated model is changed into the shared model. That
is the class conditional probability density of summary layer is expressed by the kernels of
the shared pattern layer. Each kernel contributes to the estimation of the conditional den-
sity of all classes, This novel model is called shared patter layer based PNN (SPNN).

Secondly, we further extend the SPNN model and develop a mixture, called ¢ PNN
model, based on the PNN and SPNN models. The special parameter ¢ adds constraints to
the model parameters in order to adjust shared and separated kernel parameters among
classes. The training of the novel scheme still use the maximum likelihood estimation; ex-
pectation-maximization (EM) approach can be used to adjust the model parameters.

2 The SPNN meodel

Suppose a d-dimensional input speech feature vector x belongs to one of the S spea-
kers. The best classifier is given by the fundamental Bayesian decision rule

C(x)= arg miaxP(lk)p(x | AL) (1)

where a priori class probability P(4,) , fe;LZ,-" ,S are assumed to be of a uniform dis-
tribution and equal to each other; A, denotes the parameters of the kth speaker. Suppose
that the class conditional probability density function p (x|A,) can be represented by a
Gaussian mixture model, i, e,

Mk
plx | A)= Zwikpik (X5 220 ) (2)
i=1
where M, is the number of Gaussian components of the kth speaker, w; s are the weights

M

k

of the Gaussian components which satisfy the constraint 2 Wi =1 4 pu (Xspa s 20 ) de-
i=1

notes the multivariate Gaussian density function of the ith component of the £th speaker,

and each Gaussian component is parameterized by means of vector g, and covariance ma-
trix 3,,. The GMM can be easily mapped to the PNN structure and the resultant PNN
needs much fewer neurons than the traditional PNN. The parameter sets A, = {w;; » ;1 + 31
of the PNN model for each speaker need to be estimated from the training data set.

The class conditional probability density function p(x|A,) is modeled by the following
special GMM.

M
p(x | A)= D wppu (X51,3:) (3)
i=1

where M denotes the number of Gaussian components shared by all speakers; w;,'s are the
M

weights of the Gaussian components which satisty the constraint E Wi =1 ;5 pu (X304,53;)
i=1

denotes the multivariate Gaussian density function of the ith component of the kth speak-
er, i. €.
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where u; denotes the d-dimensional mean vector of the ith Gaussian component; 3; denotes
the d X d covariance matrix of the ith Gaussian component. The special GMM can be also
easily mapped to the shared pattern layer PNN structure and the resultant PNN will need
much fewer neurons than the traditional PNN. The parameter sets of the PNN model for
each speaker need to be estimated from the training data set. In this paper, the novel mo-
del is called SPNN, which i1s a special PNN because of its shared pattern layer. The first
layer just distributes the input to the neurons in the pattern layer. All the input feature
vectors x form the feature space set T. The second layer shares the same kernels. The ex-
clusive pattern layer pool consists of M kernels expressing probability density function,
and its connective weights denote the priori probability. The output of the third layer cor-
responds to each class conditional probability density. All the adjusted parameters of the
SPNN model can be denoted as A, = {w,, yt; 2, }. The training approach of the model pa-
rameters utilizes ML estimation. The well-known EM zpproach can be used to solve the
question of maximizing the log-likelihood function. The reader can refer to [ 9] for the de-

tail treatment,

Pir (Xspt; 52, ) = (4)

g a™

3 The 6 PNN model and its EM training

For the network structure with the same number of kernels of the pattern layer, if the
data of different classes are highly overlapped, the SPNN model may utilize the kernels
more efficiently than the PNN model. In the same way. if the data of the same class are
very distinctly distributed to different regions, the PNN model may describe the data fea-
ture space more properly than the SPNN model. The similar character is presented in the
radial basis function (RBF) network. The advantage and disadvantage of the two models
depend on the data’s distribution. So the combination of these two models can be applied
to solving the difficult classification problems in practice. We hope that its network struc-
ture is more logical, the data’s real distribution is more valid, and so is the recognition a-
bility. The model is called the 6 PNN model where adjustable parameter ¢ plays an impor-
tant role in controlling the proportions between the SPNN and PNN models and satisfies
the constraint ¢=0,

As usual, the M kernels of the model are partitioned into two classes L, and L, which
represent the kernel number of the shared and separated pattern layer respectively and sa-

tisfy the constraint L, + L, =M., Meanwhile, according to the speaker number, L, is parti-
s

tioned into S groups and satisfies the constraint E L,,=L,. We hope that the classifica-
k=1
tion error rate can be reduced as less as possible, while the L, number can be as large as

possible, that is, the network architecture is minimized. We also hope that L,, will fully
contribute to the density estimation of speaker 2, and be neglected to the density estima-
tion of other speakers. According to these considerations we introduce the following func-
tion
p.(x | A,) = Zwikpik (X3 92,)+0 E Wi P (X5 g 120 ) (9)
e L5 tE LP&

where w,, 's denote the weights of Gaussian components and satisfy the constraint E“’f* =1,

Obviously, the function p, (x]A,) 1s not a probability density since its value is less than 1,
The function is only defined for training purpose and must be distinguished from the class
conditional density p(x|A,,0), which is the output of the summation layer of the 6 PNN
model (after training). The function » (x|A,,0) is computed by (2) or (3). The parameter
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¢ is only involved in the training procedure. In the training process, what we used is not
parameter ¢ but ¢ s function 8 (for definition of 8 refer to formulae (16(a))), which de-
cides the mixture model to approximate either the PNN model or SPNN model.

All the feature space of the 6 PNN model can be expressed as A= {A; }i—,» where 4,
denotes the kth speaker's model parameters set. There are many available approaches to
train the ¢ PNN model, such as ML estimation. Now suppose that the training samples are
drawn independently from the feature space set T, and they are further separated into S
subsets T,y i=1,++,S, which belong to S speakers, respectively. For the computational
efficiency, generally we will maximize the equivalent log-likelihood for the ML estimation
of the parameters set

S
A" = arg mfxz Elog[pg(x | Ay) | (6)

k=] x& Tk
The maximization can be viewed as a nonlinearized optimization problem. Fortunate-

ly, the EM approach!® can be used to solve this problem. The EM approach can be utilized
to achieve the maximum-likelihood estimation via iterative computation when the observa-
tions are viewed as incomplete data. There are two major steps in this approach: the ex-
pectation (E) step and maximization (M) step. The E step extends the likelihood function
to the unobserved variables, and then computes an expected value of the complete data log-
likelihood function with respect to them using the current estimate of the parameters set.
In the M step, the new parameter set is obtained by maximizing the resultant expectation
function. These two steps are iterated until convergence is reached. In order to apply the
EM approach to the ¢ PNN model, we must first present the unobserved variable, which is
a random variable indicating the kernel that generates the observation variable. If the fea-
ture x comes from the ith Gaussian component of the kth speaker, z;,(x) =1, otherwise
zix (X)=0. All z;, belong to the set Z. The observation feature set T is generally called
the incomplete data set while the set Y= {T,Z} is called the complete data set, since the

missing information has been added to. So we compute the log-likelihood of the complete
data set as

S
LY | A=), D logp.(y | A)=

k=1 IGTk

S M
E zlog(zzilk(x)ﬁ’a(x | zip (X)) = L, A p (2 (x) = 1)) (7)

k=1 xcT i=1
For the sake of simplicity i’)f calculation, PNN 1s viewed as a special case of SPNN that
some kernels are only associated with one speaker. By setting all the prior probabilities of
a kernel equal to zero, the connection with other speakers are separated. Using (2),(3)
and (5), we have

LY | A)=
S
Z E { Ezilk (x)logp (x,p:0 3wy + E 20 (X)logp (xy pip 124 )wikd}:

k=1xeT, €L ’EELF&
S

z 2 { EZ;‘M (x)]ogp(x,pt: v 3 )wy + Z Zap (X)) logp (x,p0: 92 )w,-ka} (8)

J&=1.r'é?r'"‘,t :'ELS iE—ka
In E-step, we take the expectation of the complete data log-likelihood function based
on current parameter set A°® and observation set T, i. e.,

QA | AM) =
8
ECLKY | A T,A™)= D, D { DIE(zia ()| T1A")logp (x4, 3wy +

k=1x€T, icL
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D E i ()| THA™M)logp (xoptis 5wy, | (9)
€L,
According to the definition of z;; (x), we can calculate

E(zs}.b (x)l TaAﬂld): Pa(zﬂk(x): 1 ’ TtAGld):
po (x| 2z (x)= 1,A2)p, (z,, (x) = 1,A%)

. —

po(X,A0)
rold 4, old
W, p,;.ld (x!fliazf) — Ej(x), 16 Ls
Pa (x ' Ak)
<mqidpnid(x’#_,2_) (10)
lpﬁld(x l /1;) I — G'Epk (x) ' l 6 ka

M
and the constraint Z E(z o ()| T,A) = Z E,.(x)+t+o Z E,. (x)=1 1s satistied.
i=1 i€ L €L,
In M-step, the new parameter set A is obtained by maximizing the resultant expecta-

tion function Q(A|A). If we write the function Q(AA%) as Q, (AIAM)Y+Q, (A|A)

where

5
Q (A A= DT DT DIEX (x)logw, +0 D E% (x)logw | (11)

k=1x€T, €L &L,

5
Q (A AM)= D] D { DIEM(x)logp(x,p»S)+0 D EL (x)logp (x5 2) } (12)

E=1xeT, ¢l ic L
5 Pk
then we can maximize separately the above quantities since they do not contain common parame-

ters. In order to maximize Q, (A|A°?), we must take account of the constraints Z‘Um =1.

i

We use Lagrange multipliers and so the function Qi (A|A®¢) can be maximized as

S
Q (A A = Q (A ] A)— Dk (D wy — 1) (13)
k=1 i

Expressing the derivatives of QFf (A|A°?) with respect to w; ,» we obtain the following up-

date equation
> EM (x)

xXe Tk

Z . 1 & L.
1
IG:-Tk
k SYE (x)
J.rr:T ’ 3 IE Lpé

ﬁZI

xX€ Tk

\

Also the differentiation of Qf (A|A®®) with respect to priors the kernel parameters y;,3,
leads to the following update equations

S
E ZE?H (x)x + aEE?,T (x)x

k=1x€T§ IETA:

Hi — (15Ca))
SIDSTEM (x)4 0D EW (x)
k=1x€T, x€ T,
S
DIDIEM () (x—p) (x—p)T +0 D BN (x) (x — ) (x — )7
s — Alxeh : i (15(b))
DI DTER (x)+0 D JEN (x)
k=1xETk :.vcET‘,e

The convergence property of this two-step iterative procedure is proved in [9]. The
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main idea of the scheme is to estimate model parameters and make it more accurately repre-
sent the distribution of the speech feature space. Another important issue in realizing the
scheme is to consider the balance of the contributions between the PNN and SPNN mo-
dels. Let us rewrite (15) into

0 = (1—P)%, + B¢, . (16)
where 6, denotes y; or X,
o > E% (x)

xXE Tk

B= — (17(a))
D1 DIEM (x)+ 0D BN (x)

k":leTk .rE-Tk
o ) BN (x)8

¢, = (17(b))
" e B (x)

XE Tk

S
> DIEM(x)8

k=1xeT
, -

= —— (17(c))

> D EM(x)

k=1 x€ Tk
where J denotes x or (x—u;) (x—; ). It can be concluded that (17(b)) denotes the up-

dating rule in training PNN kernel parameters and (17 (b)) denotes the updating rule in
training SPNN kernel parameters. Further, B 1s used to control the contributions ot the
two types of training. The value B is totally decided by the parameter o, input feature and
original parameter set, If =0, the mixture model reduces to the SPNN model in which all
speakers are influenced by the pattern layer kernels and the training process utilizes the
SPNN training approach. If =1, the mixture model reduces to the PNN mode! in which
each speaker is only influenced by a set of kernel and the training process utilizes the PNN
training approach. In order to decrease the number of the pattern layer kernel and optimize
the network configuration, we define a constant factor B,.. and require 8< 8.« t0 prevent
the 6 PNN model from becoming the PNN model.

Based on the above discussion and some added necessary inspective steps, the pro-
posed ¢ PNN model and the improved EM algorithms are given as follows.

1) Specify the number of kernels M and the initial parameter values;

2) Set the parameter o to a fixed value, the number of shared kernels L, and separated
kernels L,,, k=1,+,S5;

3) E-step: for each training sample set T,, k=1,++,S, use (10) and current parame-
ters set A°? to calculate a posterior probability E(z;, (x) | T,A%),i=1,,M;

4) Use (10) and (17(a)) to calculate 8. If >f..x» let B=PLu.. This step ensures that
there are shared kernels in the ¢ PNN model;

5) M-step: Calculate the new parameters set A by (14) and (16), respectively;

6) The above steps are performed iteratively until convergence is reached.

4 Experimental results

We will use the closed-set text-independent speaker identification experiment results
to verity the validity of the proposed model and algorithms. The mel frequency cepstral co-
etficients (MFCC) reflect the feature of the short-time speech spectra based on non-lineari-
ty psychological apperceive to different frequencies for our ears. Obviously, the recogni-
tion performance and antinoise capability of the MFCC are superior to the traditional linear
predictive coding coefficients (LPCC), Besides the static cepstral obtained from the short-
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time speech, due to the slow-changing character of speech signal, the static cepstral will
produce the dynamic cepstral which changes slowly with time. The combination of the two
cepstral will fully express the speaker' s track model. The twelfth-order MFCC and its
first-order difference vector A MFCC will be used as the feature parameters. The 10 spea-
kers' (5 men and 5 women) speech data are used in the experiment. The speech contents
are arbitrary Mandarin. The sampling trequency i1s 16 kHz. For each speaker there is 30
conversations, each about 15 seconds. The first 10 conversations are used for training and
the other conversations are used for testing. To compare the system time robustness of the
difterent models and algorithms the test data set contain 10 conversations sampled in the
same time and other 10 conversations sampled in other different time. A frame size of 20
ms and a frame shift of 10 ms are used in the MFCC calculation. In order to guarantee ac-
curacy and validity of the feature, we first normalize the dynamic range of the speech sig-
nal. We use the alterable and multi-threshold regulations based on the short-time energy,
shot-time cross-zero rate and l-order difference energy to effectively eliminate the silent
part and the noise part from the speech signal. The PNN, SPNN and ¢ PNN models are
used as the classifier. The objective is to find the speaker model which has the maximum a
posteriori probability for a given testing speech teature sequence. All the parameters are
decided by the experiment. The performance of the three PNN classifiers will be evaluated
in the same population and speech condition. In the following three experiments, the net-
work which involves 24 input pattern features, 10 output pattern classes and the different
neurons of the pattern layer is set up.,

In the first experiment, the performances of the three PNN classifiers are evaluated
under the premise that the network used to represent each speaker 1s the same. The size is
24 X 32X 1. The neurons of the pattern layer in the PNN, SPNN and ¢ PNN models are
320, 32 and 176, respectively. The pattern layer of the 0 PNN model contains 16 separated
kernels and 16 shared kernels. The final results are given in Table 1.

Table 1 Identification correct rate comparison among PNN,SPNN and ¢ PNN models

PNN(%) SPNN( %) o PNN
testing data from the same time 97. 1 80. 4 89. 4
testing data from different time 93. 2 78. 7 84. 5

In the second experiment, the performances of the three PNN classifiers are evaluated
under the premise that the network is the same. The size 1s 24 X 320X 10. So with regard
to the whole network, the neurons of the pattern layer are 320, Each speaker is represen-

ted by 32 kernels in the PNN model, 320 kernels in the SPNN model and 16 separated ker-
nels and 160 shared kernels in the ¢ PNN model. The final results are given in Table 2.

Table 2 Identification correct rate comparison among PNN,SPNN and ¢ PNN models

PNN( %) SPNN( %) o PNN(%)
testing data from the same time 97. 1 99. 4 98. 7
testing data from different time 93. 2 98, 7 95.5

In the third experiment, the size of the PNN and 5 PNN classifiers 1s evaluated under
the premise that the testing data are sampled at the same time and the performance is se-
lected as 97.1%. For PNN model, each speaker is represented by 32 kernels and the neu-
rons of the pattern layer are 320. For the ¢ PNN model, each speaker 1s represented by 80
kernels and the neurons of the pattern layer are 224 with 16 separated kernels and 64

shared kernels.
From the view of the model identification rate, on condition that the network size is
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the same, the proposed 6 PNN model is superior to the PNN model by 2%. From the view
of the network structure, on condition that the network performance is same, the pro-
posed 6 PNN model is smaller that the PNN model.

In Table 1, the performance of the SPNN model is inferior to the PNN model, which

indicates the speaker speech feature space.is separated, meanwhile it also has the overlap-
ping regions. The former explains the reason why speaker can be recognized from the
speech data and the latter is considered as the reason that speaker recognition rate is diffi-
cult to be satisfuctory. Another important conclusion is that better performance of the o
PNN model can be obtained from intermediate values of 8, which is similar to the conclu-
sion in [ 10]. The distinctions between the proposed model and the model in [ 10 ] are fol-
lows. First, the core networks of these two models are different, that is, the PNN and
RBF network, respectively. So the theoretic foundations are also different. Second, the
network structures are different. Our network model 1s based on the shared and separated
kernels, while the model in [ 10] is based on the class kernels. So our model is more direct
and reasonable to represent the speaker. Third, the mechanisms of the adjusted parameter
are different. The parameter §in our model depends on data, while the adjusted parameter
in [ 10 ] has to be decided beforehand. Moreover, our model inclines to enhance the effect
of the SPNN model without decreasing the recognition performance of the network, which
makes the network structure more reasonable and smaller. But [ 10 ] does not have this
mechanism, Fourth, the above differences ultimately lead to the difference of the EM algo-
rithm processing and the parameters updated rules.

§ Conclusion

Despite considerable progress in the PNN model, there is a room for improvement a-
bout network structure determination and performance. We have presented a novel SPNN
model based on the idea of kernel shared by the pattern layer. Moreover, we further ex-
tended the above idea and proposed a novel ¢ PNN model based on the mixture of the PNN
and SPNN models. We also expanded the EM approach for training the novel model effi-
ciently. In conclusion, the proposed model leads to a quite small network structure and
improves the classification performance. The model can also be used to other pattern clas-
sification domains. Further research will be focused on a dynamic approach to adjust the
kernel number and a novel training approach based on the minimum classification error cri-
terion or the genetic algorithm.
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