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ABSTRACT

This paper investigates the modelling of speech
signal stationarity changes in order to improve both
recognitions and rejection performances of an HMM
based speech recognition system on field data, which
also implies the rejection of noises and out-of-
vocabulary utterances. Implemented in an N-best
solution post-processing, the use of discrete probability
distributions of the number of speech signal
stationarity changes inside each phonetic segment
enables the computation of a segmental post-
processing score.

The experiments conducted on a field recording
database resulted in a 6 % reduction in the substitution
error rate on the correct and truncated utterances, and
a 35 % reduction in the false alarm error rate on
noises and out-of-vocabulary utterances. This yielded a
20 % global error rate reduction .

L INTRODUCTION

In a real application, a speech recognizer has to
deal with noise and out-of-vocabulary utterances.
Ideally, these two kinds of extraneous input should be
rejected while the intended vocabulary utterances
should never be rejected.

A classical approach in the rejection of
extraneous input in an HMM speech recognition
system is based on the use of garbage models [1, 2]. In
this way, one - or more - model is associated with the
extraneous input. The parameters used in these models
are optimized in a training phase. These models are
then considered to be new vocabulary units and should
lead to the highest matching score with every
non-vocabulary speech utterance.

An earlier study on the use of stationarity
changes in the speech signal in an N-best solution post-
processing provided encouraging results in terms of
error rate reduction on telephone databases [3]. This
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paper elaborates the application of this method in order
to improve the rejection of extraneous input and
evaluate it on a field database. '

Stationarity changes are detected using an
“ a-priori ” segmentation algorithm [4]. The underlying
principle of this algorithm is to estimate two models of
the speech signal using two different types of windows,
an expanding one and a sliding one. These models are
recalculated for every new sample and a statistical
divergence test is computed. A stationarity change is
detected when the result is higher than a given
threshold. .

Discrete probability distributions which model
the number of speech signal stationarity changes for
each phonetic segment and for the segments associated
to garbage models are estimated on a training set.
Furthermore, these distributions are also estimated for
correct phonetic segments - issued from the correct
utterances - and also for the segments of the incorrect
utterances. These distributions are then used in order to
compute a segmental probability score. This score,
combined with the HMM one, provides the final score
for each of the N best solutions. The solution with the
highest final score provides the answer. If the highest
scored solution is provided by one of the garbage
models, the answer is a rejection.

The paper is organized as follows: Section 2
sums up the N-best post-processing task. Section 3
describes the experiments conducted on a field
database and presents the obtained results. Finally, the
last section will conclude this paper.

. SEGMENTAL POST-PROCESSING
BASED ON ABRUPT CHANGES

2.1 The Rescoring Formalism

The computation of the N-best solutions is made
using the CNET ASR system Phil90 {5]. This HMM
based speech recognition system integrates an
allophonic network in order to model every word of the
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vocabulary. It uses both 8 Mel cepstral coefficients and
energy, as well as their first and second derivatives, per
frame, computed every 16 ms.

The segmental post-processing (SPP) score for
each solution [6] is then computed using the equation:

.oy Pr(Align is correct) )
Scspp(Align) = Log (Pr(Align is incorrect)

where "Align" represents the segmentation (the
alignment) of one of the N-best solutions.

This score is then linearly combined with the
HMM score, providing the final score for each
solution:

Sc(Align) = o Scvpvi(Align)+(1-o0) Scgpp(Align)

If the solution obtaining the highest final score
is a word in the application vocabulary, this solution
provides the answer for the system. But, if the highest
rescored solution is provided by the garbage model, the
utterance is then rejected.

The parameter o is chosen as the one which
provides the lowest error rate on the training set.

2.2 Segmental Modelling

In order to compute the probability to have a
correct (resp. incorrect) alignment, changes in the
speech signal stationarity are detected and counted
within each segment of the alignment. This way,
discrete probability densities are associated with the
correct (resp. incorrect) segmental units. The segments
correspond to the units of the modelling. Contextual

phoneme units are used for the modelling of the.

vocabulary words. Two garbage models, trained with
different sets of data, are associated to the extraneous
input.

When computing the number of changes inside
a segmental unit, boundaries (resulting from the HMM
alignment) are moved according to a temporal
parameter called the “ tolerance step ” T (specified in
milliseconds), thus enlarging (or reducing) the
phonetic segment [3]. Such a parameter allows the
consideration of the abrupt changes detected near the
Markovian boundaries.

In addition, context-dependent and context-
independent models are estimated for each
segmental unit. If the number of data used to
estimate the context-dependent model is lower than a
parameterized reliability threshold R, a smoothing is
carried out between the context-dependent and the
context-independent models. R specifies how much
data is assumed to be necessary in order to obtain a
reliable estimate of the discrete density parameters.
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Thus, the combination parameters that must to
be optimized during the training phase are the tolerance
step T, the reliability threshold R, and the linear
combination parameter o of the post-processing score
with the HMM score.

IOI. EXPERIMENTS AND RESULTS

3.1 Field Database

The post-processing was evaluated using a field
database recorded from the VRS "Les Baladins" [7].
This 26 French word application provides information
about the cinemas around Lannion.

The field database, composed of 15,392
utterances of speech spoken by real users, is divided
into 4 sets : the “ correct  utterances, the “ truncated ”
ones, the “out-of-vocabulary” utterances and the
“ noises ”. A correct utterance is an utterance of speech
which corresponds to an application vocabulary word
which has been correctly pronounced. A truncated
utterance is also an utterance of speech which
corresponds to an application vocabulary word, but for
which part of the speech signal is missing either at the
beginning or at the end, or both. This results in an
end-point detection error. An out-of-vocabulary
utterance corresponds to the pronunciation of a word
which does not belong to the application vocab-ulary.
Finally, noise utterances contain no speech.

The following Table identifies the size of each
database subset contained in the test set. A similar
amount of field data is present in the training set.

Out-of-

Correct | Truncated | Noises
Vocabulary

Number of
utterances 1 1,600 483 1,236 2,073

Table 1 : Size of the Test Field Database

Moreover, some laboratory data, composed with
utterances which not belong to the application
vocabulary, were used to estimate the garbage models
associated with the out-of-vocabulary utterances.

3.2 Recognition and Rejection Errors

The aim is, of course, to recognize the correct
and truncated utterances and to reject the noise and out-
of-vocabulary ones. Thus, three kinds of errors may
appear: rejection, substitution and false alarm. A
rejection error is a correct word which is rejected by
the system. A substitution is a correct word identified
with another word of the vocabulary. A false alarm
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indicates a noise or an out-of-vocabulary utterance
recognized as a word of the application vocabulary.

Moreover, the global error rate is defined like
the summation of the rejection, substitution and false
alarm errors.

3.3 HMM Error Rates

The next table shows the HMM error rates
obtained on-the test database. The results are detailed

providing the smallest global error rate on the training
set.

The first line indicates the global error rate
obtained on the test database. The other lines indicate
the error rates obtained in terms of rejections,
substitutions and false alarms. The second column
indicates the corresponding error rate reduction
percentage.

according to the different subsets described before. HMM-+Post-Processing % Error rate
Error rates on test set Reductions
HMM test | 01 || Rejection | Substitution | FAS° Global 104 19
error rates alarm
Rejection 22 -34
Correct 2.3 1.4 0.9 X Substitution 1.6 11
Truncated | 53.8 17.4 36.4 X False Alarm 6.6 30
Noises 41.9 % ” 419 Table 3 : Test Results when Minimising Global
Error Rate on Training Set
Out-of-
44 4 X X 444 . .
Vocabulary The global error rate reduction, approximately
All test 20 %, is due to the positive result obtained on the false
Database 12.8 L6 1.8 9.3 alarm error rate. Indeed, the decrease in false alarms
(1,009 false alarms instead of 1,438 on the test

Table 2 : HMM Error Rates

3.4 Parameter Estimation

About 207 correct (resp. incorrect) context-
dependent models and 39 correct (resp. incorrect)
context-independent models have been estimated for 8
tolerance steps T in the range of [-20 ms; 15 ms].
Furthermore, several values of the reliability threshold
R were tested from 0 (which means that only context-
dependent models are used) to a few hundred.

As mentioned, two garbage models were used
and trained with different subsets of laboratory data
corresponding to out-of-vocabulary utterances.

Two sets of experiments were carried out. In the
first experiments, the set of parameters consisted of the
triple (o, R and T) providing the lowest error rate on
the field training set. Results are presented and
compared for the minimization of different criteria:
global errors, substitution errors and false alarm. In the
second one, the HMM score was combined with the 5
post-processing scores simultaneously obtained for 5
tolerance steps. In this case, the set of parameters
resulted from a minimization of the error rate on the
training set using the Powell algorithm.

3.5 Tests Results

The following table lists the results obtained on
the test set for the parameter values (a, Tand R)
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database) largely compensates the increase in rejection
errors (338 rejection errors instead of 246 on the test
database).

The next table shows the test error rates that
correspond to the set of parameters (o, R and T)
vielding the lowest substitution error rate (the first
column) and the lowest false alarm error rate (the
second column) on the training set. No improvement
was obtain in the rejection error rate, the lowest
rejection error rate still remains the HMM one, without
post-processing.

Criteria Minimized
HMM on the training set
];:{;fg Global | Substitutions /Sglrff{s
Global 12.8 104 10.7 10.7
Rejection 1.6 22 2.1 2.5
Substitutions 1.8 1.6 1.6 1.9
False Alarms 9.3 6.6 7.0 6.3

Table 4 : HMM+Post-Processing Error Rate
Minimizing different Criteria on the Training Set
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Table 4 lists the global and detailed error rates
when minimizing different criteria on the training set.
The repartition of the errors strongly depends on the
choice of the error criteria that has been minimized on
the training set. Here, the global error rate assumed an
identical weight for each type of error. According to
the cost of the errors inside the application, some other
criteria may be defined.

The last table shows the results provided by the
combination, with the Powell algorithm, of 5 post-
processing scores obtained using 5 tolerance steps. This
avoids choosing only the best one on the training set,
and yields slightly better results.

HMM HMM + Post-Processing
Error Rate One Combination of
Tolerance 5 Tolerance
Step Steps

Global 12.8 10.4 10.2
Rejection 1.6 22 25
Substitutions 1.8 1.6 1.9
False Alarms 9.3 6.6 6.3

Table 5 : Test Error Rate Obtained with a
Combination of 5 Tolerance Steps.

V. CONCLUSION AND DISCUSSION

This paper extends the new approach proposed
in [3] in order to improve rejection performances on
field data using an HMM based speech recognition
system that exploits the detection of abrupt changes in
signal stationarity.

In this approach, the number of stationarity
changes within a segmental unit is modelled by discrete
probability densities. In the current implementation,
this modelling is performed in the post-processing
stage of a classical HMM based system. Several
experiments, carried out on speaker independent field
databases provide significant reduction in terms of
substitution and false alarm rate of 6 % and 35 %,
respectively. The reduction in global error rate is 20 %.

Improvements will continue this work. For
example, the optimization of the parameters, actually
chosen as the ones which provide the lowest error rate
on the training set and a combination with some other
segmental parameters, like duration of segmental units,
may be implemented.
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