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ABSTRACT In the last three years, we have developed a new ANN model

The phoneti text h | foct h . t.named OWE (Orthogonal Weight Estimator)[10][11]. This new
€ phonetic context has a large efiect on pnoneémes In a CONUGN 5 chitecture tackles the problem of the context dependent

ous speech signal [1]. Therefore recognition systems that mo%%lhavior training. Merely, the principle is based on main MLP

allophones using context-dependent Hidden Markov Models ha . ' . o -
been implemented [4]. Second-order HMMs (HMM2s have a gre I?Iultllayered Perceptron) in which each connection is estimated by

(Maximum Likelihood Estimation) is not discriminant, whereas th : ) ; .
T . The results vali hi roach howing an incr
discrimination is one of the abilities of the Atrtificial Neural Net_%atabase € results validate this approach by showing an increase

in the recognition accuracy compared with a pure HMM2 system.
works models. In the last three years we have developed a new 9 y P P y

ANN model named OWE (Orthogonal Weight Estimator)[10][11]. This paper presents an extension of this hybrid system to the recog-

. . - . nition of the 48 English phonemes in continuous speech using the
The principle of the OWE is a ANN that classifies an input patter IMIT speaker-independent database.

according to contextual environment. This new ANN architecture
tackles the problem of context dependent behaviour traininghe paper is organized as follow: the section 2 gives a short
Roughly, the principle is based on main MLP (Multilayered Pedescription of HMM2s. Section 3 describes the OWE ANN. In sec-
ceptron) in which each synaptic weight connection value is estion 4, we give results on the TIMIT database and discuss them.
mated by another MLP (an OWE) with respect to context

representation. In this paper, we present 2 hybrid systems for pho- 2. HMM2 FRAMEWORK

neme recognition. In both systems, 48 context independdnta second-order HMM, the underlying state sequence is a second-
HMM2s segment the input signal. In the first system, the OWE pegrder Markov chain in which the probability of transition between
forms the labelling of segments and, in the second system, tho States at timeédepends on the states in which the process was
OWE outputs are the input frames of the HMM2s. Experiments @i timet-1 andt-2. The output state probability is represented by a
TIMIT range from 56% to 67% accuracies on the 48 phonemes s@tixture of gaussian estimates with full covariance matrices.

1. INTRODUCTION Notations

This paper addresses the problem of continuous speech recogniiéhcall:

using an hybrid approach based on stochastic modeling with hidden .) the second-order hidden Markov model,

Markov models (HMM2s) and artificial neural networks (ANN). «b; the density associated to state i,

One of the main problem in phonemes recognition is the modeling «O, observation at time t (dimension D),

of the contextual variations. For example, the coarticulation effects «P(O/\) the likelihood of the sequence of observations
in continuous speech causes vowel formants tracks to be affected 0,,0,...0y assuming modek

by nearby phonemes, or stop burst modified by the following pho- (Y, 2) the normal probability density function (pdf) of

nemes [1]. Therefore, many recognition systems that model allo-  gimensionD with meanpl and covariance matix

phones using context-dependent Hidden Markov Model have been .
implemented [4][5]. Increasing HMM order

Idsually, the transition probabilities of HHM1 are:
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HMM2s have a great capability for performing the segmentation
the temporal domain [6]. In most cases, the HMM2s are traine¢(st — k‘
using the maximum likelihood estimation (MLE) paradigm. This S.1=j,S.,=i,S.3= ...
leads to a non optimal capability in discriminating temporal seq- . - .
ments in the recognition process because the models are not c%/l In yr esea;cherst: ave notlciq that ;[hese dprobabllflttles h ave adnelgll-
petitive in the training process. In the other hand, the ANN a%M:/IZITr?;Cbg:omee' recognition rate and are often ignored. in
discriminative but experience some difficulties to perform a tempo- Y ) ) P(ﬁ K )
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The pdf associated to stage  and the likelihood of vecgiven  The formalization of the relaxation phase of one neuiora clas-

O (W, Z) can be expressed by: sical MLP architecture read¥; = Fi(zﬁwi'Y' ), whed
b.(0O) = Sc. [ 5 0 c. =1 andY . are respectively the post synaptic activity of neumd
i(©) % imH (i 2y O % im neuronj, W,. is the synaptic efficiency of the connection between
1 neuronj and neuron, J = { j4, ..., j,} is the set of afferent con-
1 —E(X—u)tfl(x—u) nections of the neurdnandF;() is the transfer function of neuron
O, Z,X) = —————e (usually a sigmoid function).

J2mPdet =

The generation of "Forward-Backward" functions are obtained by

\ W
adding an index indicating where the process was att{ine . '
_> ]
/ Yj

N
Oy 1 (k) = Y o(L))ay b (O 4 1), 2st<T-1
i=1

N o OWE

Bii)= 3 Brsy(iKayby (O ) 2stsT-1 I '

r - - — 7

K=1 L - E ~_ 1
The count associated with transiti(nj, k) becomes: Figure 2: OWE connection type
a.(jK)a: b (O j K o . - .
NG, j.k) = 1060340 (Ot + 1)By + [ )' 1<t<T—1  The principle of the OWE is a ANN that classifies an input pattern
P(O/A) x according to contextual environmeft
A more extensive presentation can be found in [6][7]. An OWE architecture, defined by the connection type (Figure 2), is
Using these definitions, the maximum likelihood estimation ig main MLP and a set of othe_r MLPs, called the PWES' Each OWE
straightforward [6]. Is used to compute the ef_ﬂmen_c;_/ of each synapge th(_e main
MLP. Thus the post-synaptic activity of a neur@mthe main MLP
3. OWE FRAMEWORK becomesY; = Fi(5 Q;:(9)Y; ) wher&;(¢) is the weight

We propose in this section the presentation of the main principl\é@lue function Of,t % connect.ioih with respect to a contextual
of the contextual ANN, named OWE (Orthogonal Weight Estimaqarameterd) which is approximated by a MLP, the OWE neural

tor). network

q . The training algorithm for this architecture consists to use for each
3.1. Introduction pattern(Xx, ¢) the gradient of the error of each connection in the
One of the better known and used ANN architecture in classificarain MLP, classically computed by a backpropagation algorithm,
tion problem is indisputably the multilayered Perceptron (MLPas the output error of each OWE. Thus these output error signal are
[3]. Even if the results obtained with this architecture are the bestused to train each OWE to comleféi~(¢). This algorithm
an unvarying contextual environment, they become very poor whealled “An On-line Learning Algorithm f(%r the Orthogonal Weight
the perceptions about an object, that has to be classified, chakgémation of MLP” is fully detailed in [10].

with respect to the variation of the context. 3.3. Internal structure of OWE

Based on the result that a weight value of a connection in a MLP

changes continuously with respect to a continuous variation ofv}:[\e_ use a 24x24x48local feedforward MLP with a pias .for the
ain MLP, and a 48x8¥1local feedforward MLP with bias for

context parameter [9], we have define a contextual ANN architec~ ) ) . .
ture in which each synaptic weight value of a MLP is computed ch OWE (Figure 3). The main MLP s fed by the static and

an OWE (another MLP) fed by the contextual parameters ynamic coefficients of the current frame, denoted as B in Figure 3.
o . . ' Each of the 1800 OWEs is fed by the static and dynamic acoustic
3.2. Connectionism point of view coefficients of the left context, denoted as A, and the right context,

The main usual connection type in MLP models is the axo-deflénoted as C.

dritic connection. This connection type is based on the fact that tAeparallel implementation of this OWE architecture have must be

axon of an afferent neuron is connected to another neuron vial@ne on an Intel Paragon parallel computer with 56 nodes and a Sil-
synapse on a dentrite (Figure 1) icon Power Challenge Array using MPI (Message Passing Inter-

\ face) development tools [12].

g W,
j Y

/ 1. 24 input neurons, 24 neurons in the hidden layer, 48 output neu-
rons (one for each phoneme)

2. 48 input neurons, 8 neurons in the hidden layer, 1 output neuron

(for the value of weight in the main MLP)

Figure 1: classical connection type



first-order regression coefficients and 12 second-order regression
coefficients to the static ones.

Each A,B and C frame is constituted by the last 11 static coeffi-
cients (we remove the first coefficieng, €alled loudness) plus the
12 first-order regression coefficients plus the first second order
regression coefficienBACy;. We only use the B frame in the
HMM2.

Main MLP

A and C frames are taken respectively 5 frames before the B frame
(-50 ms) and 5 frames after the B frame (+50 ms).

4.3. Training

48 Context-independent phoneme HMM2 are trained using MLE
paradigm on the whole training set. In parallel, OWE architecture is
trained using “On-line Learning” algorithm. The same current
frame (B) is used for both models.

4.4. Testing

To compare the potentiality of each parts of the 2 hybrid systems,
we did 5 experiments.:

A mfce(B)

mfcc(B)

48 a posteriori phoneme probabilities

 Frame labeling using only OWE architecture (OWE / F)

In this part our interest is to underline the capacities of OWE in the
frame labelling task. Using a winner-takes-all paradigm we label
each presented frame C according to is context (A,C) by taken the
winner phoneme corresponding to the phoneme (output node) that
have the maximuna posteriori probability. The frame accuracy
reaches 66.0 %.

* Hand segmentation & OWE recognition (h-OWE)

Here, we use the hand segmentation given in the Timit database.
The label is thargmaxof the product of tha posterioriprobabili-

ties of each frame belonging to the segment. The phoneme accu-
racy reaches 72.3 %.

* HMM2s segmentation & OWE recognition (H+OWE)

| mfcc(A) |Amfcc(A)| mfcc(C)|Amfcc(C)|

Figure 3: the OWE Architecture recognizer In this experiment, the 48 HHM2s perform a segmentation of the
utterance but the labelling is done by the OWE as irht@WVE
4, TEST PROTOCOL AND RESULTS experiment. The phoneme accuracy was disappointing and floors at
0, I 1 i i i -
4.1. Database 56%. Our main explanation is the bias introduced by the hand seg

mentation that was used to train the OWE as already mentioned in
To further assess the modeling capabilities of HMM2 plus OWE]3]

we developed 2 hybrid phone recognizers using the TIMIT data- .
base. During the recognition experiments, a phone-based bigrani QWE as preprocessing of HMM2s (OWE+H)

used. The results are given on the set of 39 phonemes as defingddfe, we use both models is completely different way. The
[5]. For the experiments, we used the training/test subdivision gg1mM2's frames are no longer the frames B (35 static and dynamic

specified by the TIMIT-CDROM: coefficients) but are the 48 outputs of the OWE architecture.
straining set: 8 sentences spoken by 462 speakers, Each HMM2 is a 3 states, left-right, self loop HMM2. The 3 states
stest set: 8 sentences spoken by 168 speakers, are tied to the same pdf. We tried different kindpdff First, we
We also excluded the “sa” sentences from the training and testiigve estimated the mean and covariance of the frames that were
sets. associated to a state during the training as they followed a normal
. . law. But, we noticed that the covariance matrices were singular
4.2. Acoustic analysis (some diagonal terms were too low). We next, used an identity

For the speech representation, we compute 12 static MFCC coeffivariance matrix and so computed the quadratic distortion

cients on a 32 ms window every 10 ms. We also concatenate lgtween the mean and the input frame. We also tried the kullback-
leibler distance but the best performances were obtained by using

the log of the a posteriori probability of the phoneme given the



acoustic (corresponding to the component of the 48 OWE output$). Mari, J.F., Fohr, D., Junqua, J.C. "A Second-order HMM for
In this case, the accuracy reaches 67%. High Performance Word and Phoneme-based Continuous

The following table summarizes the recognition rates on the 5 Spegch Recognition. In IEEE ICASSP Atlanta 1996. _
experiments. We use the system with pure HMM2s as a refererfee Mari, J.F., Fohr, D., Anglade, Y., and Junqua, J.C. "Hidden
system. Markov Models and Selectively Trained Neural Networks for

Connected Confusable Word Recognition”. ICSLP, pp S26-11.
Yokohama, Japan. 1994.

9. Pican, N., Fort, J.C, Alexandre, F. "A Lateral Contribution
Accuracy| 66.4| 70.6 72.3 56.0 67. Learning Algorithm for multi MLP Architecture”. ESANN
Proceedings. D Facto, Brussels, 20-22 April 1994.

10. Pican, N., Fort, J.C, Alexandre, F. "An On-line Learning
5 CONCLUSION Algorithm for the Orthogonal Weight Estimation of MLP".

Neural Processing Letters, D facto, Brussels, Vol 1, No 1, pp
We have presented 2 hybrid recognition systems based on HMM2 21-24, 1994,

and OWE. Even if the reference system gives the best res%@ Pican. N.. Alexandre. F.:
(HMM2), we have shown the great capabilities of OWE architec- ¢, htextiial Effects in ANNs". Mathematics and Computers in
ture on context-dependent classification (OWE / F and h-OWE). gimuiation. 41 (5-6) July 1996.

compared to other works [14].

OWE / § HMM2| h-OWE H+OWE OWE+H

Table 1. Recognition rates on 39 phonemes set

"How OWE Architectures encode

12. Pican, N. :"Intrinsect and Parallel performances of the OWE

Our ongoing work concerns the improvement of the discriminating Neural Network Architecture”. ICANN proceedings. Bochum,
power of the new ANN-OWE that will increase the performances Germany. 17-19 July 1996.

of OWE+H hybrid system. An other major issue is to accurateli/ . .

. . 3. Pican, N., Fohr, D., Mari,
model the states output pdf in the OWE+H architecture. We alSo ican ' an
work on a signal segmentation method using the variations of OWE
outputs.

J.F.: "HMMs and OWE Neural
Network for Continuous Speech Recognition". International
Conference on Spoken Language Processing, ICSLP 96
Philadelphia, 1996.

14. Riis, S. K., Krogh, A. : "Hidden Neural Networks: A
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