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ABSTRACT

In this paper, we introduce a model for Discrimant Fea-
ture Extraction (DFE): the Neural Predictive Coding (NPC).
It is an extension of the Linear Predictive Coding (LPC).
The Modelisation Error Ratio (MER), a discriminant cri-
terion adapted for predictive models, is introduced. We
propose a theoretical validation of the discriminant prop-
erties of the MER. The experimental validation consists on
phoneme recognition task. The phonemes are extracted from
the Darpa-Timit speech database. The performances are
compared with traditional methods: LPC, MFCC, PLP.

1. INTRODUCTION

Speech recognition is not a really solved problem since the
systems can not lead with difficult environment like noise,
multi-speaker, etc. ... One of the problem pointed out by
several authors [1], [2], [3] seems to be the feature extrac-
tion stage. Indeed, the comparison of the evolution of both
classification and feature extraction techniques puts in obvi-
ousness a great difference. The most used feature extraction
techniques are based on Linear Predictive Coding (LPC),
Mel Frequency Cepstral Coding (MFCC) and the Percep-
tual Linear Predictive (PLP) technique.

In a discrimination point of view, the Discriminant Fea-
ture Extraction (DFE) based on the Minimum Classifica-
tion Error (MCE) is a successful approach for many appli-
cations [2]. But, there is another approach for DFE frame-
work which consists in the the independent training of both
the feature extractor and the classifier [3]. This method is
more adapted for complex problems. Indeed, during the si-
multaneously training of the two stages, the evolution of the
feature extractor parameters is small compared to the clas-
sifier parameters [3]. The feature extractor has to be trained
with a criterion which measures the discrimination power
of selected features. For example, the criterion can be the

Maximization of the Mutual Information (MMI) between
the features and the class labels [4].

In this paper, we focused on DFE paradigm for Neu-
ral Predictive Coding (NPC), the DFE-NPC model [5] in
phoneme recognition task. The NPC model is a non linear
extension of LPC model. The proposed work is a theoretical
and experimental validation of discriminant properties the
Modelisation Error Ratio (MER) for the DFE-NPC model.

The paper is organized as follow: we first introduce the
DFE-NPC model and the MER. In a second time, a statis-
tical validation of discriminant properties the MER is pro-
posed. And, finally we test the model in phoneme recogni-
tion task and we make some conclusions.

2. THE DFE-NEURAL PREDICTIVE CODING

2.1. The NPC model

The Non Linear Auto-Regressive (NLAR) model computed
by the NPC model is the follow:

Uk = F(yr) 1)

Where £ is the index of speech samples and y, is the predic-
tion context: y1 = [Yr_1,¥k_2, .., ¥x_x]" and X the length
of the prediction window.

F'is a nonlinear function composed by two functions
Gw (w first layer weights) and H, (a output layer weights):

Fw,a(yk) = Ha o Gw (yk) (2)

With gy = Ha(z1) and zx = Gw (y&)-

The NPC model has the major advantage to allow a hon-
linear modelisation with an arbitrary limited number of cod-
ing coefficients. The key idea of the NPC model is that the
coding vectors (output layers weights a;) have to carry dis-
criminant phonetic features. The first layer w weights are
common to all the phonemes. This strategy is consistent



with the fact that the speech production model can be sep-
arated a common zone (the vocal tract) and specific zones
(contributions of the glottal flow and the radiation) [6].

Let us consider two phonemes i and j belonging to two
different classes C; and C;, the NPC models associated to
the two phonemes are the following:

Fw7a; = Iia; © Gw (3)

The NPC models Fw a, and Fiw a, are different whereas Gw
is common to the two phonemes ¢ and j. This function re-
mains common features and the discrimminant features are
carried by the discriminant functions H,, and H,;.

After the computation of all the phonemes belonging to
the M classes, one could make the same conclusion for the
features extracted from each classes. The coding vectors
associated to each classes carry discriminant features while
the first layer weights carry common features (cf. figure 1).
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Fig. 1. Architecture of the Neural Predictive Coding model

The learning process needs to be realized in two phases:
the parametersadjustment phaseand the coding phase. Dur-
ing the first phase, all the network weights are estimated
from a learning set composed of phonemes belonging to the
M classes. Next, the output layers weights are non longer
used while the hidden layer weights become the encoder
parameters. Then, during the coding phase, the network
works as a two layers perceptron composed of the hidden
layer previously computed and one output cell. The coding
phase consists in the estimation of the output weights which
are the NPC coding coefficients.

2.2. TheModelisation Error Ratio

The principal problem with predictive approach is the lack
of discrimination: predictive models are trained indepen-
dently of each other. As a result, there is no explicit discrim-
ination between the models. In order to solve this problem

we developed a measure of discrimination between NPC
models: the Modelisation Error Ratio (MER)[5].

Let us define Lj- as the prediction error computed on the
phoneme i using the NPC-2 model H,; associated to the
phoneme j:

L= "(yir — Ha; 0 Gw(yir)) @)
k

The i-MER is the inverse ratio of the prediction error of
the phoneme i predicted by the correct NPC-2 model to the
prediction errors of the phoneme i predicted by the others
NPC-2 models:
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Where M is the number of classes.

2.3. Statistical validation of the M ER discriminant prop-
erties

In this section, we show the discriminant properties of the
MER by a comparaison with the MMI criterion.

First, let us suppose that the model of the vocal tract can
be approximated by the statistical process:

Yik = Fwoa, (Vik) + €k (6)

With Yik = [yi,k—layi,k—Qa ...,yi7k_)\]T is the prediction
context of the phoneme ¢ and ¢; j, are signal noises indepen-
dently and identically distributed (i.i.d.). The €; , obey to a
normal distributions A/(0, X) with zero means and ¥ = o1
covariances. According to this model, the conditional like-
lihood of observation y; . is given by:
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And the joint likelihood of the frame speech signal V; =
[¥i.1:Yi2,--- ,Yi K] of the phoneme ¢ composed by K sam-
ples (in the hypothesis of equiprobable distribution) is the
follow:

1 S i) —vik )"
VilYiw,a;) = ——=—e"
p(VilY; i) (V2r02)K
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Y; = {yi1...yir}Iisthe prediction window sequence
of the phoneme i.

Equation 8 shows that minimization of the prediction
error L} of the phoneme i by the NPC-2 model Fy ., is



equivalent to maximize the joint likelihood (under the pre-
vious assumptions):

K
min L} = wlan Z (yi,k — Fw,a, (Yi,k))2
k

w,a;

<= maxp(YV;|Y;, w,a;) 9)

The Minimization of the inverse MER consists in the
minimization of the ratio between the prediction error of
the correct model (L¢) and prediction errors of other models
(Zj‘il’j# L;i). According to this definition and the previ-
ous result (9), the minimization of the inverse MER (5) can
be seen as the following statistical process:

.1 . L
mn — = mn —;——
w.,a;.a; : w.,a;,a; K
T 20 Y i i L

<= max pilYi, w,a;) (10)
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The statistical interpretation of the Maximization of the
MER (10) can be related to discriminant criterion like the
Maximization of the Mutual Information (MMI). The MMI
criterion has been successfully applied to predictive models
[7]. The Maximization of the Mutual Information (MMI)
consists in the maximization of the correct model probabil-
ity to the the probability of all models:

p(VilF3)
pi i M p(iIE))p(FY)

Where Vi = [yi1,¥iz2,---Yik IS the speech signal of
the phoneme i and F; is the associated predictor among M
predictors (M classes). p; is the set of parameters of the
phoneme’s model 4.

The MMI criterion is equivalent to:

(11)

Y p(ilFy)p(Ey)

= min

pi p(VilF3)
= Irgn { Zj:l,jaz(l;(j;!ify )p(F}) n p(Fz)}
(12)

Since p(F;) is independent of the model parameters p;, the
MMI consists in:

Hm{Zﬁu#MMWWGH}

13
pi p(Vi|F3) (13)
As we can see in the equations (13) and (10), the two criteria
are equivalent. In (13) the numerator is a mean likelihood
which is associated to an anti-model measure, whereas the

denominator is a modelisation term. The MER is also de-
fined in the same conditions (10), the numerator is the set
of prediction errors computed by anti-models, and the de-
nominator is the prediction error computed by the correct
model.

2.4. Discriminant Feature Extraction

Following the definition of the i-MER (5), the MER is an
extension to all the A classes and is defined as:

Qd

P or-non

(14)

With @4 = 320 S8, Liand Q™ = Y| L

The DFE-NPC [5] optimization is based on the mini-
mization of the inverse MER:

1
QpFE-NPC = 3 (15)

r

The MER is a measure of discrimination between NPC mod-
els. Indeed, the maximization of the MER can be seen as a
maximization of the between-class covariance. We compare
a DFE-NPC model with the NPC-2 model (a model without
explicit discrimination). The figure 2 represents the evolu-
tion of the MERs during the parameters adjustment phase,
and in a same time we estimate the between-class covari-
ances (cf. figure 3).
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Fig. 2. Evolution of the MER during the parameters adjust-
ment phase

3. PHONEME RECOGNITION EXPERIMENTS

The aim of this work is to validate experimentally the dis-
criminant properties of the DFE-NPC based on the MER.
We have proposed in [8] a Modular NPC architecture. It al-
lows to combine DFE-NPC models by macro-classification
stages for phoneme recognition task. So, the experience
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Fig. 3. Evolution of the between-class covariance during
the parameters adjustment phase

consists in a comparison of this architecture with traditional
coding methods: LPC, MFCC and PLP.

The phonemes belong to the Darpa-Timit database. They
are extracted from all the speakers in order to produce a
multi-speaker environment. Depending on their duration,
each phoneme is split into a number of frames: the length
of analysis windows is set to 256 samples with an overlap-
ping factor of 128 samples. For each class the number of
frames is set to 300 and the coding vector dimension is set
to 12. The classifier used to estimate the performance of
the DFE-NPC encoder is a simple multi-layer perceptron
(MLP) with 12 inputs, 10 neurons and as many outputs as
there are phoneme classes.

The phoneme recognition process is broken up on sev-
eral stages. First, the phoneme is divided into fixed frames.
Then, the frames are coded by the different encoders and
the classification provides a label. Finally, by the help of
the number of frames, a majority voting method allows to
obtain the overall decision (for the whole phoneme).

Front vowels: ih ey eh ae 39.32%
Central vowels: ah er 41.45%
Back vowels: uw uh ow aa 36.08%
Diphthongs: ay aw oy 56.64%
Semi-Vowels: y w 64.65%
Liquids: I r 75.46%
Nasals: mn ng 57.61%
Plosives (Voiced): bd g 72.94%
Plosives (Unvoiced): p t k 88.99%
Fricatives (Voiced): v z jh 70.65%
Fricatives (Unvoiced): fsch || 74.43%

Table 1. Recognition rates for Modular NPC for each base

The recognition rates for the different classes are pre-
sented on table 1, the recognition rates of the macro clas-
sification stages are take into account. The overall is about
61.65% (see table 2). The results put in obviousness the

LPC | MFCC PLP
48.3% | 51.25% | 52.3%

Modular NPC
61.65%

Table 2. Recognition rates for all the phonemes

improvement of the DFE-NPC. Indeed, the discrimination
introduced allows to increase the recognition rates.

4. CONCLUSIONS

Discriminant Feature Extraction is an essential requirement
for speech recognition. The DFE-NPC model has main
characteristics for feature extraction. First, it is a non lin-
ear model but with a limited coding coefficients dimension.
We have proposed a theoretical validation of the DFE-NPC
discriminant properties (based on the MER) by a link with
the MMI. The experimental validation with the help of the
Modular NPC shows that the recognition rates are clearly
improved (approximately 10%).
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