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ABSTRACT

We present a neural prediction system for
continuous speaker independent speech
recognition. We propose different neural predictors
for modeling speech production and discriminative
criteria for training. The best system allows to
reach 74,9% accuracy on TIMIT which compares
well with other state of the art systems. The behavior
and performances of this system are then compared
with a Hidden Control Neural Network
implementation of the predictors.
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1. INTRODUCTION

Neural networks (NN) have shown promising
results when embedded into hybrid speech
recognition (SR) systems. The neural predictive
approach to speech modelization allows to built
systems which are easy to implement and offer good
performances [1, 2, 3, 4, 5]. In these systems
predictive NNs are used for low level modeling of
words or phonemes. Matching scores between
computed outputs and reference templates are then
processed through dynamic programming (DP)
techniques. The error corresponding to the best path
is back propagated through the prediction models for
training the NNs. These hybrid systems perform
non-linear prediction and take easily into account
context information. They are usually trained
according to non discriminant criteria. We present
here a discriminant neural predictive system
(DNPS) for continuous speech recognition and
discuss the respective merits of different training
criteria. We have also implemented a Hidden
Control Neural Network version of the system,
which we compare with the above system. The basic
system is presented in section 2, sections 3 and 4
discuss neural prediction and discrimination. In 5
we present tests on TIMIT.
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2. NEURAL PREDICTION SYSTEM

The Neural Prediction System (NPS) [4] is built
from several modules which cooperate together so as
to achieve continuous speech recognition (fig. 1).
Each phonemic entity is modelled by a Phonemic
Model (PM). Each PM is composed of three
predictive NNs for modeling the successive parts of
the phoneme. These NNs will be called state models
(SM), transitions are allowed from any SM to itself
or to its right neighbors. After processing a sentence
each PM prediction is time aligned with reference
patterns through DP. In the best path computation, we
use an inter-PM cost computed from a left to right
bigram grammar. The correction module
implements simple rules which incorporate
duration constraints into the phonemic models. The
winning model is the model with the highest score.
Predictive NNs for SR are trained to predict frame
at time t from context frames. They allow to capture
short term dynamics of speech production. We have
tested left to right (LR), right to left (RL), and left &
right to center (LRC) predictive systems [5]. Best
performances have been obtained with the latter
model (LRC) when giving more importance to the
left context (e.g. two left frames context and one
right). This model performs an interpolation rather
than a prediction.

An alternative PM structure is the Hidden Control
Predictor model (HCP) [6]. We have performed tests
using a three states HCP with three control bits and a
thermometric representation of the states as in [6].
The main difference with NPS is that for each
phoneme, the SMs are forced to share common
weights and thus differ only by a few parameters.
The two models are formally equivalent, however
HCP is more compact and its number of free
parameters is lower. This should allow for a better
estimation of these parameters. HCP and NPS may
have significantly different behavior. A
preliminary model comparison is presented in
section 5.
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Figure 1 : (D)NPS : each phoneme model is a set of three NNs. DTW is a dynamic programming module;
Correction implements correction rules on the code sequence delivered by DTW. Grammar allows to compute
an inter-model cost matrix used in DTW. The system may be trained with or without discrimination.

3. STATISTICAL INTERPRETATION OF
THE MODELS

Both NPS and HCP models can be given a simple
statistical interpretation. Speech is modelized as
being produced at each time by one state. In each
state emissions are supposed to come from a
stationary process, the global model is therefore
nonstationary. Recognition is performed by inverse
filtering of the speech signal by the models and DP
scoring of the local errors along an optimal path.
Segmentation is performed by DP. SMs transitions
are fixed and imposed by the PM topology. Inter PMs
transitions are estimated from the corpus using
bigrams scores. The emission model can be
described by a non linear auto-regressive process of
fixed order driven by a noise source whose
parameters vary according to the current state, i.e. :
xp = Fj(xp) + ¢¢
where F;is the function computed by the jth SM, g
is a noise whose realizations at different times are
supposed independent and x7 is the prediction
context for x; (e.g. x;_1 to x¢.g for a 3 context frames
LR model). Let us suppose for simplification that

is gaussian with zero mean. In this case :
P(ey) = P(x¢/ xT, sp) =

1 L remts -1
—_— = a7 (xp-Fi(x DY (x4-F;(x¢))
e t~1 1\t S t~t 1\X¢
2 n/2|25t| 12 2 t
where s; is the state at time t and n the dimension of

the input vector.
The conditional likelihood of the sequence
(x1,...,x,) is:
P(x1L/s3L)=IT P(xy/ x s¢)
t

where syl is the sequence of state models

corresponding to a path. Optimization is performed
jointly on the predictors parameters and on the
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segmentation i.e. on P( le R le ). It has been

shown [6] that for similar models this corresponds to
the optimization of an approximate maximum
likelihood for the best DP path. We have used in our
tests the euclidean distance between desired and
predicted outputs, which corresponds to the
assumption of a white noise. Although this is not
justified here this simplifies the computations and
allows for robust estimates.

4. DISCRIMINATIVE CRITERIA

Predictive models are wusually trained
independently one from the other so as to optimize a
maximum likelihood like criterion on each class.
However predictive NNs allow to perform
discriminative training at the expense of a
reasonable extra computation cost. Let Dj denote the
euclidean distance between the desired frame and
actual outputs of SM number i and let us define the

score of model k by: Pk = e'Dk/ Z e'Dj
J

where the summation is over all the SMs. Viterbi
algorithm may be used to compute the best path using
the Pxs. Pk incorporates discriminant information
between the SMs at the frame level. Combination of
the Pkgs for successive frames extends the
discrimination at the phoneme or word levels. Our
algorithms use adaptive gradient rules for moving
for each frame the score of the correct model towards
1 and others towards 0. Different criteria may be
defined, resulting in very different behavior. We
describe below informally 2 criteria which have
been tested on TIMIT (DCi holds for Discriminant
Criterion i), a more complete presentation may be
found in [5] :

¢ DC1 draws the highest score SM from the desired
PM towards 1 and all other SMs towards 0. It
discriminates between all the SMs,
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» DC2 draws the highest score SM from the desired
PM towards 1 and the highest score SM among all
other PMs towards 0. It performs an inter PM
discrimination, but no intra PM discrimination.
Taking into consideration only two SMs allows to
approximate the misclassification rate by
concentrating on models whose prediction is close to
the decision frontier [7].

Discriminant models do not optimize the maximum
likelihood of a sequence but approximate the mean
classification risk. Although discrimination has
been implemented at the frame level rather than for
a sequence, it works well in practice and its
computation cost is small especially for DC2.

5. TESTS

We have performed tests on the 88 DARPA TIMIT
speech database. In order to compare our results to
baseline systems we have used the same
experimental conditions as in [8, 9]. The 64 TIMIT
phonetic classes were thus mapped onto 39 phonetic
classes [9]. An evaluation on the sx sentences of
dialect DR1 (185 sx sentences, 37 speakers) has been
performed by using 27 speakers for training and 10
for testing. Input signals corresponding to 16 LPCC
coefficients were computed on 25,6 ms Hamming
windows. All our PMs were initialized using the
rough labelling of TIMIT. For each PM, SMs were

also initialized using a simple segmentation of the
data. Table 1 compares different discriminative
criteria. DC2 is the best criterion both in
performances and in computation time.
We have also used the entire TIMIT to validate the
system on a large database. There are 420 speakers
in total, 400 for training, 20 for testing. Eight
sentences were used per speaker (the sx and si
sentences). Our best system is the DNPS-LRC (2-1)
trained with DC2 which gives 74,9% accuracy. This
compares well with the 66,1 % of the context
dependant SPHINX ([9].
Performances of these systems heavily depend on
the phone class. This is clearly illustrated on table
2, where for DC2 criterion, DNPS-LRC
performances on DR1 are shown for the four classes
sonorant, stop, fricatives and closure. The
sonorants ( vowels, semivowels, glides) are poorly
recognized. Confusions arise mainly in the vowels
group, e.g. between the "eh"” and "ey" (bet and bait),
"uh", "uw" and "ux" (book, boot, toot), "iy" and
"ih" (beet and bit).
In order to compare HCP and NPS, we have
performed experiments by using a baseline HCP for
prediction instead of the above neural predictors.
Our HCP PMs have three 3 states, hidden control
input value is (100), (110) or (111). We have tested LR
and LRC HCP. Tests have been performed on DR1
under the same conditions as above. Results appear
in table 3.

DNPS-LRC (2-1) Correct(%) Insertion(%) Substitution(%) Deletion(%) Accuracy(%)
Co 76,5 51 16,4 7,1 14
DC1 86 2,9 9,4 4,6 83,1
DC2 90,6 15 59 33 89,1

Table 1: comparison of training criteria on DR1. CO holds for non discrimantive training. Notations for other
criteria are similar to those in section 4. The "Correct” rate is defined as 100% - (Substitutions + Deletions).

"Accuracy” is defined as Correct - Insertions.

Class #occurences training set # occurences test set recognition rate
[ Closure 37242 1768 97,17 % (1718)
Fricative 24450 1149 89,90 % (1033)
Stop 18341 858 73,89 % (634)
Sonorant 38995 1840 59,23 % (1090)

Table 2: Phone Recognition Results for the four Phone Classes using DC2.

has been used and insertions are not considered as errors.

HCP-LR(3) HCP-LRC(2-1) NPS-LR(3) | DNPS-LRC(2-1)
Substitutions (%) 15,1 12,2 18,8 59
Insertions (%) 5,1 4,3 6,1 1,5
Deletions (%) 6,1 5,0 72 3,3
Correct (%) 78,8 82,8 74,0 90,6
Accuracy (%) 73,7 78,5 67,9 89,1

A bigram phone-language model

Table 3: Comparison of (D)NPS and HCP. NPS is the neural predictive system without discrimination. DNPS

has been troined with DC2.
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HCP gives better performances than non
discriminant systems, while being still below LRC
DNPS. At the time of writing, discriminant HCP
results are not yet available. For the same phone,
SMs are much closer for the HCP, i.e. the intra-
phone SM distance is smaller for HCP. On the
opposite, SM from different phones may be very
close for NPS, i.e. inter phone SM distances should
be more important for HCP. The graphic below
illustrates the behavior of the two models and the
importance of discrimination. It represents the
phone labelling of a sentence by the two models.
DNPS discriminates better highly confusable
classes e.g. fricatives and vowels. A closer look at
the two models puts in evidence other significative
behavior differences.

6. CONCLUSION

This paper has described predictive neural
networks systems with discriminative training
algorithms for the task of speaker-independent
phoneme recognition from continuous speech. We
have compared different types of predictors and

discriminant criteria. The resulting systems are
competitive with HMM technology.
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Figure 2 : phonemic labelling of the sentence "Pizzerias are convenient for a quick lunch”. This sentence is
composed of 331 LPCC frames. x axis represents the frames and the TIMIT phonemic labelling of the sentence.
y axis represents phonemic class labels output by the models. We have used 48 classes for visualisation only by
clustering the 64 phonemes of TIMIT. HCP and DNPS are both LR models.
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