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ABSTRACT

The aim of the this paper is to examine the extent to which
field data can improve speech recognition performance when
included into the training procedure of the model parameters.
The approach used herein was twofold. First of all, a thorough
error analysis of the misrecognized words was carried out
before and after the introduction of field data into the training
procedure. Such an analysis enabled the detection of major
perturbation effects on word recognition, as well as the
possibility of modelling them using Hidden Markov Models.
Secondly, garbage models were trained using non-speech
signals and out-of-vocabulary words from the field data,
together with garbage models trained on laboratory data.
These garbage models showed improved rejection
performance when compared to garbage models trained
exclusively with laboratory data.

1. INTRODUCTION

One of the potential applications for Automatic Speech
Recognition (ASR) Systems is the command of interactive
Voice Response Systems (VRS) [1]. However, when these
ASR Systems are put into operation, the speech recognition
system error rate increases 2 to 3 times as compared to that
measured on the laboratory data. Laboratory data is collected
by calling volunteers who repeat the words from the
vocabulary, one by one. Field data is collected from an
operational VRS. Both types of data are then hand-checked.
Previous results [2] show that Hidden Markov Models
(HMM) trained using a mixture of field and laboratory data
yield 30% less errors than those models trained using
exclusively laboratory data. Other studies compared the
efficiency of different garbage modelling trained on out-of-
vocabulary laboratory data and on field data. These studies [3]
prove that, by using out-of-vocabulary words and different
type of noises extracted from field data, there is an
improvement in word recognition, and in rejection of out-of-
vocabulary words and noises.

This study was carried out in order to examine the reasons for
the performance degradation of the HMM {4] on field data,
and to hopefully eliminate it. The first part focused on the
error analysis of the field data, and examined the signal of
misrecognized utterances. A comparison of the percentage of
perturbation effects, such as noise, children's voices, utterance
truncations, etc., was conducted between the laboratory data
and field data. These percentages were also analyzed and a
comparison between correctly recognized and misrecognized
utterances was conducted on field data. The comparisons were
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carried out before and after the introduction of field data into
the training procedure, and also using single Gaussian
densities and Multi-Gaussian densities. The second part of the
study concentrated on the improvement of the garbage
modelling using field data models and laboratory data models.

2. SPEECH DATA

The present study provides a detailed analysis of the effects
that can perturb the recognition of field data when the training
procedure is carried out only on laboratory data. The analysis
was conducted using spectrograph and audio representations
of the speech signal. The analyzed data base was collected
from the VRS used in a France Télécom sales agency in
Nimes (south of France). The corpus contained a 9-isolated-
word vocabulary and two types of data: laboratory and field

-data. The two data bases (laboratory and field) were recorded

through the telephone network. About 700 speakers uttered
the vocabulary, thus yielding 5,382 laboratory data utterances.
Half of the data was used for training and the other half for
evaluating the HMM performance. Only the signal detected by
the noise/speech automaton, and thus, handled by the
recognition system in the application, was collected for the
field data. The field data was collected from more than 6,000
calls. All of this data was hand-checked, and labelled as
"correct," "incorrect" (out-of-vocabulary word), "truncated" or
"noise." In the present error analysis, only those tokens
labelled "correct” following the hand-checking ( based only on
listening ) were considered (about 12,700 utterances).

The number of tokens in the field data was much higher then
the number of tokens in laboratory data. Therefore in the first
part of this study (Chapter 3.1.) only a subset of field data was
used (about 3,300 utterances for training and 3,300 for testing
the HMM parameters). The second part of the study,
investigating the influence of the corpus size in the training
procedure on the recognition performance (Chapter 3.2.) was
conducted using the entire field data base. The number of
training set utterances was increased (about 8,000 utterances),
but the size of the testing set was maintained unchanged.

3. ERROR ANALYSIS

The error analysis was conducted as follows: firstly, the signal
of misrecognized utterances after training on laboratory data
was analyzed. Secondly, after training on mixed data (using
laboratory and field data), the recognition errors were
analyzed again in order to investigate the extent to which the
effects that cause word recognition errors could be modelled
by HMMs. In order to shed light on the consistency of the
recognition perturbation effects, a set of correctly recognized
laboratory and field utterances were also analyzed. The

1275



w S (4]
o (o] o
T T T T 1

N
o
T T

—
o
T

o X

'...> *— )

% in correctly recognized utterances

| ! | L I}

o
o —

|
10 20

30 40 50

% of occurrences in the misrecognised utterances

L L 2 * *

Teenagers Children Accent Noise Second_voice Loud_voice Truncation Breath

Figure 2 -

Shifting of the perturbation effects when field data is introduced into the training

procedure. The arrows show the shift from laboratory-data training towards mixed-data

training.

correctly recognized utterances were randomly selected and
equalled the number of the misrecognized utterances. About
1,800 utterances were hand-analyzed (about 1,200 from the
field data and 600 from the laboratory data).

3.1. Main Recognition Perturbation Effects

The 7 major recognition perturbation effects which emerged
from the error analysis were the following: children's and
teenager's veices, utterance ftruncation, noise, strong
accent, voice loudness, user's breath amplified by the
telephone network and a second voice source (a second
person speaking or the echo of the VRS voice prompts or
messages).

A great number of misrecognized utterances were uttered by
young users (children and teenagers) whose voice patterns
were absent from the laboratory training data. It was
discovered that a great number of utterances, labelled as non-
truncated during auditory checking, were, in fact, truncated
but were sometimes very difficult to detect it without
visualizing the signal. Because the VRS is located in the
South of France, the speech recognition system has to deal
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Figare 1: Presence of Perturbation Effects in Laboratory
Data and in Field Data.
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(though not always successfully) with a typical regional
southern accent. VRSs have certain limitations (vocabulary
words are sometimes rejected and the dialogue with the
system is quite rigid) which provoke people to raise their
voices. Unfortunately, HMM modelling does not deal very
well with "excited" voices.

Figure 1 compares the presence of the major perturbation
effects in laboratory data and field data. This analysis shows
that the majority of the effects considered as causing a
perturbation in the recognition were either completely absent
from the laboratory data (such as children's voices, teenager's
voices, loud voices...) or were present only in very few
utterances (such as speaker amplified breath, signal
truncation, a second speaker voice). The only effect that was
strongly present in both data bases were the noisy utterances.
Therefore, one can suppose that this perturbation parameter is
the one that would be less likely to perturb speech recognition.

3.2. Introducing Field Data into the Training Set

Some effects could be partly modelled by the HMM when
field data is introduced into the training procedure. Figure 2
shows the shifting of the perturbation effects between
laboratory data and mixed data training. The axis indicates the
percentage of occurrences of the potential perturbation effects
in the misrecognized utterances (x-axis) and in the correctly
recognized ufterances (y-axis).

When training is carried out using mixed-data, there is a
tendency towards fewer misrecognized tokens due to user
accent, voice loudness, user breath and noise. However other
effects such as truncation, young voices and a second (not the
user's) sound source could not be properly modelled by the
HMM. The difficulty in modelling phenomena such as
truncation or second sound source is due to the random
character of these effects. Indeed, it is impossible to foresee
the words which might be pronounced by a second person and
to efficiently eliminate them. The signal truncation is also
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Perturbation Effects present in misrecognized utterances for Mono-Gaussian modelling

and for Multi-Gaussian Modelling when 8 Gaussians per-density were used.

hard to model because the truncated signal is generally
variable: a part of the first or last sound can be truncated, as
can a whole sound or even a whole syllable.

3.3. Multi-Gaussian Modelling

In order to obtain more reliable modelling for the perturbation
parameters, the size of the laboratory training corpus was
doubled (the entire laboratory database was used for training),
and the size of the field training corpus was increased (sce
Chapter 2). However, a simple increase in the amount of data
(laboratory or field) in the training procedure did not improve
the recognition error rate (see Figure 3).

One can suppose that a saturation in the capacity of the HMM
to model the perturbation effects may occur here. Recognition
experiments were carried out using Multi-Gaussian HMM
models with 2, 4 and 8 Gaussian-mixtures [5] in order to
verify whether or not this is due to the limited amount of
parameters of the models. This led to a 10 % red#iction in the
error rate when the training was performed on laboratory data
and a 25 % reduction in the error rate when the training was
done on mixed-data. Figure 3 illustrates the decrease in the
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Figure 3: Recognition Emor Rates for Multi-Gaussian

Models using Different Amounts of Laboratory
and Field Data.

EUROSPEECH ’95, Madrid, Spain, September 1995

error rate as the number of Gaussian functions per-density
increases. Using only 2 Gaussian functions per-density seems
to be the best trade-off between computational cost and
recognition performances.

The contribution of a larger number of examples of laboratory
(Large laboratory data set) or field utterances (Large mixed
data set) in the training procedure is less clear-cut. For the
large laboratory training procedure, a slight improvement was
obtained when 2 and 4 Gaussians per-function were used. As
far as the mixed training procedure is concerned, however no
significant difference was registered between the large field
data base and the small field data base used in training
procedures.

The recognition errors, obtained by the Multi-Gaussian
models, have been compared to the recognition errors obtained
with the Mono-Gaussian models. As iltustrated in Figure 4,
which shows the perturbation effects for mono-Gaussian and
multi-Gaussian modelling, the effects which remain the most
difficult to eliminate are children voices, second speaker
voices, regional accents and loud voices. These effects occur
as frequently in Multi-Gaussian models as in Mono-Gaussian
models. However, noisy utterances and signal truncation, were
more successfully modelled by the multigausian HMM.

" 4, GARBAGE MODELLING

From this point on, all the types of utterances that were
collected (either vocabulary words, out-of-vocabulary words,
or noises), and that should be handled by the recognition
system in application will be considered. This requires the use
of a rejection procedure. This is achieved through the
introduction of one or several garbage models which may be
trained either on laboratory data only or on mixed data using
utterances that should be rejected.

Four approaches were evaluated. The first approach (test A)
incorporated two garbage models. The word models and the
garbage models were trained on laboratory data. The second
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vocabulary utterances out-of-vocabulary utterances Global

rejection | substitution false acceptance results

A (Mono-Gaussian, laboratory data) 233 % 0.5% 1.8% ;.9.6%
B (Mono-Gaussain, field data) 9.6 % 14% 25% 5.5%
C (Mono-Gaussian, mixed-data) 11.9% 1.1% 12% 54 %
D (Multi-Gaussian, mixed-data) 9.6 % 1.1 % 1.1% 4.5 %

approach (test B) contained a mixed word model (trained on
laboratory and field data) and two garbage models trained
exclusively on field-data (one using out-of-vocabulary words
and the other one with noise tokens). The third approach (test
C) was symmetric to the second one (test B) but incorporated
4 garbage models: two trained on laboratory-data and two
trained on field-data. Finally, in the fourth approach (test D),
the Mono-Gaussian model of the test C was replaced by a
Multi-Gaussian model for both word models and garbage
models.

From the user point of view, errors committed by the
recognition system in a VRS can be considered as "not very
disturbing" and can be tolerated by the user to a certain
extent. This is true when a vocabulary word is rejected
(omission), which implies that the service does not respond
("getting deaf"). In this case, hopefully, the user will repeat
the rejected word. Errors become more serious when out-of-
vocabulary tokens (word or noise) are recognized as
vocabulary words (false alarms), or when a vocabulary word is
substituted for another word. Then the service will deliver
unwanted information, and the user will perceive this as a
malfunction. Therefore, there is a differentiation between the
rate of substitution and rejection of vocabulary words, and the
false acceptance of out-of-vocabulary utterances (words or
noises) in the results of the present study. Recognition tests
were conducted using every utterance considered as correct by
the user, that is: isolated words, truncated tokens and
embedded tokens (when a token was preceded or followed
other tokens in the same signal recording). The results
obtained using the 4 approaches described above are reported
in Table L.

As shown in Table I, improvement in speech recognition is
achieved mainly by reducing the number of vocabulary
utterances which are rejected when training is done on mixed-
data. A trade-off between a low error rate (substitutions and
false acceptance) and a high vocabulary utterance rejection,
had to be made. Although the rate of substitutions is higher in
test D than in test A, the overall error rate is lower, because,
for this application, two thirds of the collected utterances,
were noises or out-of-vocabulary words and thus had to be
rejected.

5. CONCLUSION

The degradation of the recognition performance when
parameter training is carried out on field data was partly
caused by phenomena which were absent from the laboratory

EUROSPEECH ’95, Madrid, Spain, September 1995

data such as children's voices, teen-ager's voices, loud voice,
strong regional accents, utterance truncations etc. When field
data was introduced into the training procedure of the HMM,
a part of these perturbation effects could be learned and the
number of misrecognized ufterances containing them
decreased. However, there is a saturation phenomena in the
learning capacity of the HMM, and a simple increase of the
number of data in the training procedure did not bring about
better performance. In order to cope with this shortcoming, a
Multi-Gaussian HMM modelling turned out to be well
adapted, and enabled further reduction in the recognition error
rate.

In VRS systems the rejection procedure is critical and its
improvement will make the dialogue more user-friendly. The
best overall performance is achieved using several garbage
models, some trained on out-of-vocabulary laboratory data,
and some trained on out-of-vocabulary words with noises
extracted from field data.
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