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Introduction

Connected digit speech recognition is vital to a number of
applications such as voice dialing, automatic data entry, credit
card number entry, and transaction access code entry.
Although grammar or language-model constraints play
important roles in continuous speech recognition, they cannot
be effectively used for connected digit recognition, since
arbitrary sequences of digits are usually allowed in
applications. Therefore, good acoustic modeling is crucial for
connected digit speech recognition.

There are two approaches to improving acoustic models:
one is to model co-articulation or allophones using context-
dependent models and the other is to reinforce classification
ability of the models by using discriminative training.
Another important issue is robustness against speaker
variation, channel characteristics and noise. This paper
describes an elaborate acoustic modeling based on sub-word
modeling to cope with co-articulation problem and Minimum
Classification Error (MCE) training for connected digit speech
recognition.

Sub-word modeling for connected digit
recognition

Context-dependent sub-word modeling such as the
generalized triphone is known to be effective for coping with
co-articulation in continuous speech recognition(}). If the
vocabulary size is small, such as connected digits, a model
unit need not be a phoneme. For such cases, longer units are
better for modeling the co-articulation if a sufficient amount
of training data is available.

Pieraccini et al. proposed sub-word modeling that divides

a word model into three parts, head, body, and tail(2). The
head and tail represent the left and right contexts respectively.
Since these sub-word models are usually longer than phoneme
models, they can model co-articulation phenomena more
accurately than phoneme models can. This technique is
suitable for connected digit recognition.

Our task is to recognize Japanese connected digits of
known length (four digits). The numbers from zero to nine
are pronounced /zero/, /ichi/, /ni/, /saN/, /yoN/, /go/, /roku/,
/nana/, /hachi/, and /kyn/. Figure 1 illustrates how sub-word
models are used depending on the context. The preceding
digit /roku/ has several tails and the succeeding digit /kyu/ has
several heads. One of the tails of /roku/ and one of the heads
of /kyu/ especially model the acoustical characteristics of the
context /roku/-/kyu/. The straightforward way to design these
sub-word models is to have 10 heads and 10 rails for each
digit. This makes a total of 210 models, and 1000 different
contexts are necessary to train them. In order to reduce the
number of models, contexts are bundled if the co-articulation
phenomena can be considered as being close to each other.

Contexts are bundled according to the manner of
articulation, that is, fricatives, affricates, plosives,
semivowels, and nasals. Since the combinations in Table 1
are thought to cause remarkable co-articulation, we first set

heads and tails for those cases. Even after these rules have
been applied, the number of models is still not small enough,
so we applied some heuristic rules to reduce the number of
models. The resulting set of models consists of 72 models,
ie., 29 heads, 10 bodies, and 33 tails.
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Figure 1 Sub-word model connection

Table 1 Digit combination with co-articulation

co-articulation preceding digit | succeeding digit
pattern
plosives + plosives roku g0, kyu
affricates + plosives| ichi, hachi 20. kvu
plosives + fricatives roku zero, saN, hachi
affricates + ichi, hachi zero, saN, hachi
fricatives
nasal + nasal ni, salN, yoN, ni, nana
nana
semivowel + Zero roku
semivowel
fal + /a/ nana salN, nana, hachi
i+ ichi, ni, hachi ichi, ni
/ol + fo/ 20 yoN, g0, roku

Minimum error training

Maximum Likelihood (ML) estimates maximize the
likelihood of the models for the training data, but there is no
guarantee that the parameter set is optimal for discriminating
the classes. Several discriminative training methods have
been proposed(3-6). These methods directly use the
classification ability of the models as the objective function.
MCE training utilizes a measure of misclassification (loss) as
the objective function, and it minimizes the recognition error
by minimizing the loss. However, for the loss to be evaluated,
competing models and their likelihood scores must be known
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during the training process. If the vocabulary size is large it is
rather difficult to find the competing models (N-best
hypotheses) in the training. Therefore, MCE training is more
feasible for a small vocabulary task such as connected digit
recognition.

The discriminative function for class k is defined as the
log-likelihood for the observation vector X, given the model

parameter set A .
& (X, . A)=log(L,(X)) ()
The misclassification function is defined as

d(X,,A)=—g (X, M+G,(X,.A), (2
where
2
GE(X,,A)=log{ IIZexp(ng,-(X,,A))}. 3)
T Lk

The first term of the right hand side of Eq. (2) is the log-
likelihood of the correct class and the second term is the Lp
norm of the log-likelihood of competing classes. Therefore,
the larger d(X,,A) is, the more likely misclassification is to
occur. The loss function is defined as
1

Nd(X,,A)) = .

( ) 1+ exp(—o(d(X, . A)) + B)
The total loss for all the data is

T
L(A)=%Zl(d(X,,A)). 5)

The optimal model parameter set is obtained by minimizing
L(A). The model parameter set is updated according to Eq.
(6).

A‘n+1 =

4

A, e UBLA,) (6)
Experiments

Utterances from 70 speakers were used for the training,
and 5 speakers were used for the evaluation. Each speaker
spoke 35 digit strings consisting of 4 digits. Speech data was
sampled at 12 kHz, and the 16th-order LPC derived cepstrum
coefficients and their first-order derivatives (delta-cepstrum)
were calculated for each 8-ms frame. The acoustic models
were left-to-right tied-mixture HMM with 256 prototypes
(means and variances).

The number of states for HMMs was 3 states per phoneme
in a digit. Four-digit strings were uniformly segmented into
four segments to train initial models for the whole-word
models. Then embedded training was carried out by
concatenating these initial models using 4-digit strings. The
initial models of the sub-word models were obtained by
uniformly segmenting these whole-word models into three
parts. They were trained by embedded training with context
constraints.

First the batch mode training, which updates the
parameters after all the data has been used for the loss
calculation, was tried for MCE training, but the process did
not converge. Then the training data was divided into several
blocks, and the parameters were updated for each block. The
process began to converge with this block-sized training, but
the convergence speed was still very slow. Finally, the
parameters were updated only when the recognition was
incorrect. When doing this, the training data was limited and
the estimation may have had errors due to the lack of training
data, so the updating vectors were smoothed as follows (7).
Let du; be an updating vector for the ith distribution of the

model. The smoothed updating vector du'; is obtained by
Egs. (7) and (8).
M
2 wi,j ‘5.ui
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v, = exp( (4, - u,-)*) ®

M
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In addition to the above schemes, we used multiple g, in

parallel in order to accelerate the convergence by using the
most effective ;. The parameters to be updated were means

and weights. The cepstrum parameters were updated first;
then the delta-cepstrum parameters were updated. This is for
stabilizing the convergence process.

Since the numbers of occurrences of the models in the
training data were not equal, the total loss in Eq. (5) was
normalized by the number of occurrences.

Table 2 lists the experimental results. Sub-word modeling
of head, body, and tail greatly reduced errors. The error
reduction from the whole-word model to the sub-word model
was 70%. Although the MCE training did not improve the
performance very much, since the sub-word models were
already very good, it still improved the performance slightly,
and a string error rate of 0.9% was achieved.

Table 2 Error rates

Methods Word String Error
error error reduction
‘Whole-word 0.62 % 344 % -
Sub-word 0.17 % 100 % 70.9 %
MCE 0.14 % 0.86 % 140 %
Summary

This paper proposed sub-word modeling for connected
digit recognition. Using head, body, and tail models reduced
the errors by more than 70%. Furthermore, MCE training
reduced the error by 14% and a string accuracy of 99.1% was
achieved. We will evaluate these methods for real PSTN
telephone speech incorporating robust acoustic modeling
technique.

Another important issue, in addition to the acoustic
modeling itself, is extraneous words. How to reject
extraneous words while achieving high accuracy for valid
inputs is our next study topic.
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