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ABSTRACT The paper is organized as follow: the section 2 gives a short
description of the second order HMMs. Section 3 describes the
VE ANN. In section 4, we give results on the TIMIT database
d discuss them in section 5.

The phonetic context has a large effect on stop consonants in a
tinuous speech signal [1]. Therefore recognition systems th
model allophones using context-dependent Hidden Markov Models

have been implemented [3]. HMMs have a great ability for the seg- 2. HMM FRAMEWORK
mentation in the temporal domain [4][6] but have some difficultie

in the recognition because the MLE training (Maximum Likelihooc!Sn a second-order HMM (HMM_Z)’ th'e underlying sFa}te sequen.c_e 'S
Estimation) is not discriminant, whereas the discrimination is orfeSecond-order Markov chain in which the probability of transition
of the abilities of the Artificial Neural Networks models. In the lasPetween two states at tintedepends on the states in which the
three years we have developed a nhew ANN model named OVgEbcess was at timel andt-2. The output state probability is rep-

(Orthogonal Weight Estimator)[9][10]. resented by a mixture of gaussian estimates with full covariance

The principle of the OWE is a ANN that classifies an input pattefmatrices.
according to contextual environment. This new ANN arChiteCturﬁlotations
tackles the problem of context dependent behaviour training.
Roughly, the principle is based on main MLP (Multilayered PeMe call:
ceptron) in which each synaptic weight connection value is esti-
mated by another MLP (an OWE) with respect to context
representation. In this paper, we present a hierarchical system for
phoneme recognition: first the system segments the input signal
using 48 context independent HMMs. Then the stop consonant are
reordered by a OWE ANN. Experiments on TIMIT show 78 % of
correct recognition rate on the 6 stop consonants (/p, t, k, b, d, g).

)\, the second-order hidden Markov model,

*b; the density associated to state i,

O, observation at time t (dimension D),

*P(O/\) the likelihood of the sequence of observations
04,0,...0r assuming modek

«(Y, 2) the normal probability density function (pdf) of
dimensionD with meanl and covariance matx

1. INTRODUCTION Increasing HMM order

This paper addresses the problem of stop consonant recognitiorUgha”y, the transition probabilities of HHM1 are:
continuous speech. One major difficulty is to model properly the
)=P(§ = k| ) =ay
S.i=]

influence of the phonetic context. Various studies have been cof(§ = k| ' _

ducted in the framework; some of them have yield to the specifica- $-1718-27h 857

tion of context dependent HMMs [3], other have investigateflany researchers have noticed that these probabilities have a negli-
hybrid system based on MPL plus HMM [7], or Al technics [1].  gipje impact on the recognition rate and are often ignored. In
The standard way to integrate the context parameters is to speciiMM2 they become:

grand vector made up with the input pattern and its contextu (S=k )=P(S =k )=a.

frames. But recent works [8][9][10] show that performances are F |S_1=J',51_z=i15¢_3 = 3 |S_1=j. S_,=i ijk

higher when contextual parameters are treated separately like in a ) o )

new architecture called OWE that may be viewed as a MLP whef8€ pdf associated to stagz  and the likelihood of vecgven

the weights are function of the contextual parameters. (W, Z) can be expressed by:
In this architecture, the main MLP is fed by the central frame of the  b;(Op) = Y ¢, 0 (K, Zyy O SCm =1
burst. The context is represented by two central frames: one for the m m

closure and one for the following segment. Both central frames fed

1 te-1
each OWE. The segmentation in phonemes is carried out by _ 1 SR Z(x-h)
HMMS |](I"lv Zv X) - -e

J(2mPdet =

The recognition is a hierarchical process where the HMM gives a
segmentation and the final classification is done by the OWE.



The generation of "Forward-Backward" functions are obtained byeuronj, Wij is the synaptic efficiency of the connection between

adding an index indicating where the process was atttine neuronj and neurom, J = { jl, jn} is the set of afferent con-
N nections of the neurdnandF;() is the transfer function of neuron
a4 1(0k) = > OIt(i,j)aijkbk(Ot +1) 2stsT-1 (usually a sigmoid function).
i=1
N
Be(i) =5 By 1(j,k)aijkbk(ot +1) 2stsT-1
k=1

The count associated with transitignj, k) becomes:

a,(j k)a”kbk(Ot + 1B+ 1(1K)
P(O/\) '

A more extensive presentation can be found in [5][6].

N, j.k) = 1<t<T-1

Using these definitions, the maximum likelihood estimation is Figure 2: OWE connection type

straightforward [5].
The principle of the OWE is a ANN that classifies an input pattern
3. OWE FRAMEWORK prineip . putp
x according to contextual environmept

We propose in this section the presentation of the main principlxs
of the contextual ANN, named OWE (Orthogonal Weight Estlma
tor).

OWE architecture, defined by the connection type (Figure 2), is
a main MLP and a set of other MLPs, called the OWEs. Each OWE
is used to compute the efficiency of each syndjpge the main
3.1. Introduction MLP. Thus the post-synaptic activity of a neurdmthe main MLP
One of the better known and used ANN architecture in classificaecomesY; = F;(% Q,J (®)Y;) wher€;(¢) s the weight
tion problem is indisputably the multilayered Perceptron (MLPYalue fUﬂCthﬂ of th connectlom with respect to a contextual
[2]. Even if the results obtained with this architecture are the bestparameter¢  which is approximated by a MLP, the OWE neural
an unvarying contextual environment, they become very poor whegatwork
the perceptions about an object, that must to be classify, change training algorithm for this architecture consists to use for each
with respect to the variation of the context. pattern(x, ¢) the gradient of the error of each connection in the
Based on the result that a weight value of a connection in a Minpain MLP, classically computed by a backpropagation algorithm,
changes continuously with respect to a continuous variation ofag the output error of each OWE. Thus these output error signal are
context parameter [8], we have define a contextual ANN archite¢sed to train each OWE to compu; (¢) . This algorithm
ture in which each synaptic weight value of a MLP is computed I§alled "An On-line Learning Algorithm for the Orthogonal Weight
an OWE (another MLP) fed by the contextual parameter. Estimation of MLP" is fully detailed in [9].

3.2. Connectionnism point of view 3.3. Internal structure of OWE

The main usual connection type in MLP models is the axo-dele use a 22x12¥docal feedforward MLP with a bias for the main
dritic connection. This connection type is based on the fact that té-P, and a 33x6xd local feedforward MLP with bias for each
axon of an afferent neuron is connected to another neuron vid¥E (Figure 3). The main MLP is fed by the static and dynamic
synapse on a dentrite (Figure 1) coefficients of the central frame of the burst, denoted as B in Figure
3. Each of the 354 OWEs is fed by the static and dynamic acoustic
coefficients of the central frame of the closure, denoted as A in Fig-
ure 3, plus 11 static MFCC of the central frame of the following
segment, denoted as C in Figure 3.

/ / A parallel implementation of this OWE architecture have been
done on an Intel Paragon parallel computer with 56 nodes [11].

Figure 1: classical connection type

The formalization of the relaxation phase of one neuinora clas- 1.22 input 12 in the hidden | 5 outout
. . .22 input neurons, neurons in the hidden layer, 6 output neu-
sical MLP architecture read¥; = F, (ZW Y ) . whed o (one for each stop consonant)

and Yj are respectively the post Synapi]C aCtIVIty of neuramj 2.33 input neurons, 6 neurons in the hidden layer, 1 output neuron
(for the value of weight in the main MLP)



In the OWE feature vector used for recognition purposes, we
Main MLP > LINEAR remove both gandAAC,.
bias ‘ SIGMOID 4.3. Training
Context-independent phoneme HMM models are first trained using
MLE paradigm on the whole training set. Then the training subset
@ is labelled using these HMM models constrained to the manual
] labelling given in the TIMIT CDROM.
€ In order to train the OWE recognizer, we have to extract the central
g frames of the three consecutive segments (A,B,C).
Two training experiments have been conducted depending of how
the signal has been segmented. In the first one, we train the OWE
architecture on the TIMIT hand labels. In the second one, we use
the HMM segmentation.
= 4.4. Testing
g 4.4.1 Using forced HMM segmentation
1S Each sentence drawn from the test set is first segmented using the
HMM models. At this point, we do not recognize the phonemes,
but we look only for the borders of the segments; thus, there are
neither substitution, insertion, nor deletion errors. According to this
segmentation, for each stop segment (/p, t, k, b, d, g/) we extract the
three central frames (A, B and C), and feed the OWE with them.
The winner-takes-all answer is compared to the hand labelled seg-
ment.
3 | mfcc(A) | Amfcc(A) | mice(C) | p |t k| b]d]09
°
p 676 53| 45| 64| 14 1
Figure 3: the OWE Architecture recognizer t 60 I 1084 o7 9 119 4
4. TEST PROTOCOL AND RESULTS K 42 | 69 899 4| 16] ©2
4.1. Database b 84 13 4 677 39 18
To further assess the modeling capabilities of HMM2 plus OWE, d 14 94 15 281 49 25
we developed a phone recognizer using the TIMIT database. Dut
ing the recognition experiments, a phone-based bigram was usef. g 11| 10| 76| 16| 56] 30
To compute the results, the set of 39 phonemes as defined in [} b of uttered
was used. For the experiments, we used the training/test subdivj- n ho uttere 887 | 1323 1136 798 73% 41l
sion as specified by the TIMIT-CDROM: phonemes
straining set: 8 sentences spoken by 462 speakers, % correct 76% 82% 79% 85% 67% 73

stest set: 8 sentences spoken by 168 speakers, . -
P y P o _ Table 1: Confusion matrix HMMs + OWE
We also excluded the “sa” sentences from the training and testing

sets. We have conducted two experiments based on two different train-

4.2. Acoustic analysis ing experiments: one using the hand labelled segmentation, the

) ) gther one using the constrained HMM segmentation. The table 1
For the speech representation, we compute 12 static MFCC coe%

. i | es the confusion matrix in the case of segmentation. When
c_lents on a 32 mS window every 10 ms. We also concatenate (l4neq with the hand labelled segmentation, we observed a recog-
first-order regression coefficients to the static ones.

nition rate 5% less than the system trained with the HMM segmen-
In the HMM feature vector used for segmentation purposes, wation. It can be explained by the fact that the HMM segmentation
remove the first coefficient,¢Ccalled loudness but we use insteadloes not introduce any bias between training and testing. This
the second order regression coefficiACy,. experiment shows a average of 78 % of correct recognition rate on
the 6 stop consonants (/p/, /t/, /k/, /bl/, /d/ and /g/) with a homoge-
neous repartition of the recognition rates over the six consonants.



4.4.2 With unconstrained HMM segmentation 4.

In this case the HMM provides a unconstrained string of phonemes
that determines the segmentation. The HMM phone accuracy
(#phonemes - #insert. - #delet. - #substit.)/#phonemes is 70.6% [B].
From the recognized string of phonemes, we extract the six pho-
nemes /p,t,k,b,d,g/. On these segments the OWE provides a new
classification. A simple rule based arposterioriprobabilities of
classes mixes the two answers: if thposterioriprobability of the

OWE output winner is greater than a given threshold (typically 0.5)
then choose the OWE answer else choose the HMM answer.

This simple algorithm does not yield any significant improvemen)t
except for phoneme /g/ whose recognition rate increases of 10%. 1t
is not a surprising result because /g/ is known as a plosive which is
highly influenced by the right vocalic context which is captured by

OWE.
8.

5. CONCLUSION
We have presented a hierarchical phoneme recognition system
based on HMM and OWE models. The temporal segmentationg';
carried out by the HMM and the OWE performs the context-depen-
dent classification. So far, the OWE model only re-classifies the six
plosives. The best results have been obtained when the training is
done with HMM segmentation that does not introduce any bias
between testing and training conditions. 10.

We have shown the great capabilities of OWE architecture on con-
text-dependent classification which is a difficult task in speech rec-
ognition. For instance, the accuracy given by OWE alone is slighthd.-
smaller than the HMM accuracy. But the OWE accuracies for each
phonemes are more homogeneous.

Our ongoing work is to generalize this recognition on the whole
phoneme set and we plane to investigate various strategies in order
to mix the answers coming from the two different parts of the sys-
tem.
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