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ABSTRACT

In this paper we present an new approach for obtain-
ing an optimal linear transformation of feature vec-
tors. The generalized probabilistic descent method is
used in order to optimize the elements of a transfor-
mation matrix with respect to a functional approxi-
mation of the recognition rate of the training data.
The approach is tested in a speaker dependent rec-
ognizer for spelled names.
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1 Introduction

Recently, a number of new approaches for optimiz-
ing the feature extraction process in speech recog-
nition systems have been investigated. These ap-
proaches address problems such as the number of nec-
essary features, weighting of the individual features
or choosing coefficients for the calculation of the so-
called A-coefficients. One successful and widely used
method is based on the Linear Discriminant Analy-
sis (LDA) of feature vectors [1]. The basic idea is to
apply a linear transformation to the original feature
vectors ¢ in the form

P = Aj (1)

The matrix A 1s chosen such that the discrimination
of the feature vectors with respect to a given set of
classes is maximized. The classes can be phonetic
units, states of hidden Markov models (HMM) or the
densities in aset of HMMs. The dimension of the new
feature vector ¥ can be smaller then the dimension
of y, therefore providing a means of implicit feature
selection. By using as input vectors for the LDA
combinations of several e.g. cepstral input vectors ¢
in the form

g‘t:("';c—’t—lygtva‘f‘l"") (2)

the transformation can replace the use of A-
coeflicients.

One at least theoretical shortcoming of the LDA
for speech recognition is, that the discrimination for
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a given set of classes is maximized, not the recog-
nition performance. Therefore, alternative concepts
based on integrated training procedures have been
proposed recently. One possibility i1s to extend the
Maximum-Likelthood approach in order to include

- the optimization of the transformation matrix A [2]

[3].

As an other alternative we propose in this paper
an integrated training procedure based on the gen-
eralized probabilistic descent (GPD) method. The
GPD approach is based on a so-called misclassifica-
tion measure derived from the utterances of the train-
ing set. The misclassification measure is an approxi-
mation of the error rate in functional form. Provided
that the misclassification measure is continuous with
respect to a parameter a gradient descent techniques
can be used for optimization of a. The approach has
been applied successfully to optimize parameters of
hidden Markov models such as mean and variances
of the densities [4] [5]. In this paper we extend the
approach to the elements of the transformation ma-
trix A. Thereby we combine two advantages, namely
discriminative models and a well integrated training
of the transformation matrix.

The paper is organized as follows. In the next sec-
tion we summarize the basic principles of the GPD
training and give the reestimation procedure for the
optimization of A. Then, we describe the used
database and the setup of the recognition system.
Finally, results are given in section 5.

2 GPD Training

Let p.(X) denote the likelihood of an utterance X
for a given word model M,. Then, for an utterance
X from class ¢ the misclassification measure §{X) is
defined as

6(X) = Iong(X) - logpw(X)a (3)

w denoting the incorrect model with the highest like-
lihood. In this definition a positive value of § corre-
sponds to a correct classification. The definition (3)
focuses on the comparison between the true model
and the best wrong model. A more general form of
the muisclassification measure using the scores from
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all models can be found in [4]. Next, the misclas-
sification measure is used to calculate a measure ¢
that approximates the recognition rate for the given
utterance. We use a sigmoid function

1

UX) = ppse) (4)

with the constant o that defines the slope of the sig-
moid function. By means of (4) the misclassification
measure § 1s projected into the interval [0, 1]. In the
training procedure the GPD algorithm is applied in
order to maximize £. Let @ be any parameter of the
word model M;. Provided that £(X) is differentiable
with respect to a, the parameter can be adjusted ac-
cording to

a=a+e.3€§f) 5)
and
a:a+e-a~z(X)-(1—E(X))-?%f—). 6)

Here a is the new estimate of the parameter and «
is a small positive constant. In case of a safe recog-
nition (£(X) ~ 1) or a total failure (/(X) ~ 0) the
term £(X) - (1 —4(X)) and therefore the change of a
becomes small. On the other hand, £(X) - (1 - ¢(X))
is maximum when ¢(X) = 0.5, i.e. the scores for the
correct and the best wrong model are equal. There-
fore, the training procedure focuses on utterances
which are likely to be misclassified but hopefully can
be clasgified correctly after proper adjustment of the
model parameters.

We use tied density hidden Markov models
(TDHMM) without specific state transition probabil-
ities and state duration modeling. Each model state
qn, n=1,..., N, is characterized by a set of weights
b.(l, gn) for the underlying set of L Gaussian density
functions fi(Z;) with diagonal covariance matrices in
the form

7) = (2m)~N/2 Cexo | — (231 — par)?
-ff( )— Hz il P ( XZ: 20_;2, ) (7)

pir and o2 denoting means and variances of the den-
sity fi. The state specific density function p;(7:lq,)
is then given by

L
pi(Elan) = Y b1 an) - i(D) (8)
=1

Based on the model M; the optimum state sequence
Q1,-..,Qr for an utterance X with T frames is ob-
tained by means of the Viterbi-algorithm. Then, the
likelihood is given by

T
ri(X) = > logpi(#:|Q:) (9)

tTl .
> log (Z b (1, Q0)- fz@)) (10)

=1

It should be noted, that in the notation p;(7:|Q:) the
state Q¢ at time ¢ depends on the assumed model M;.
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In order to update an element a;; of the transforma-
tion matrix A the differentiation of (X} with respect
to a;; is needed. Applying the chain rule results in

gotr) (11)

LE (6LQ0) bu(LQe) )\ Ofi(AT:
ZZ<( ) b ))A 1(Agt)

t=1 i=1 Pe(ZelQ:)  puw(Z:|Qr) daij
with 5 (A7)
\AYe) . Mg — Tt -
da;; Yui o7 fi(#:) (12)

The equations (6), (11) and (12) define the GPD rees-
timation procedure for the elements a;; of the tran-
sition matrix A.

Using e.g. the identity matrix as initial value of
A (ie. £ =g ) we first train the HMM parameters
via Viterbi optimization. Then, in a second step,
the transformation matrix is optimized. Optionally,
the other HMM parameters can also be included into
the GPD training. In this approach is it very easy
to implement restrictions on the elements of A. For
example, as described above, the calculation of the
A-coefficients is a special form of linear transforma-
tion on the extended set of input vectors. By rees-
timating only the corresponding elements of A and
keeping the others at 0 the procedure can be used to
optimize the values of the weights.

3 Database

The approach was tested in a speaker-dependent sys-
tem for the recognition of spelled names. This prob-
lem provides a challenging recognition task based on
a fairly small data base thereby allowing a reasonable
number of the very time consuming simulation exper-
iments. The vocabulary consisted of the 26 German
letters, the umlaute A, O, U and the word DOPPEL
(double). A sparc workstation with built-in codec
and telephone handset was used for recording the
speech data. The sampling rate was 8kHz and the
samples were quantized with 8bit. A total of 350 ut-
terances with 1543 letters were available for training.
In order to obtain a fairly homogeneous distribution
of the letters, the training utterances included names,
i1solated letters and random sequences of letters. 150
names (873 letters) taken from a telephone directory
were used to test the system. The telephone directory
contained 1580 different names. Based on the direc-
tory we constructed a binary bigramm model that
specified all allowed transitions between letters. In
choosing the test names from the directory we picked
out names with infrequent letters such as Q or X.
Nevertheless the frequency of the individual letters
in the test set was very different. The most frequent
letter was E (100 utterances). On the other hand the
test set included only two utterances of Q.

In all simulation experiments we used LPC-
analysis as start point for the feature extraction. The
speech signals were divided into frames of 256 sam-
ples with an overlap of 64 samples between consec-
utive frames.. For each speech frame a 12th-order
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LPC-analysis was performed and 12 cepstral coefhi-
cients and 12 Acepstral coefficients were calculated.
Additionally one Aenergy coefficient was included in
the feature vectors. The window for the calculation
of the differential features was five frames for the
Acepstral and 3 frames for the Aenergy coefficients.

In order to improve the numerical stability a prin-
cipal component analysis was applied to the resulting
25-dimensional feature vectors. In this way the fea-
tures are normalized to mean zero and variance one.
Then the corresponding matrix H was used as initial
value of A.

4 Simulation Setup

The word DOPPEL was modeled by an MM with
8 states. For all other words in the vocabulary the
HMM consisted of 5 states. In the recognition mode
cach state was duplicated in order to provide a sim-
ple constraint on the state duration. Furthermore a
single state model for silence was trained. We used
strict left to right models without explicit transition
probabilities. The HMMs were based on a common
set of 150 Gaussian density functions with diagonal
covariance matrices.

As a start point for the GPD-optimization word
models were trained by use of Maximum-Likelihood
techniques. With the initial models word recognition
rates of Rp=93.3% and R7=87.1% were obtained for
the reference and test data, respectively. Using the
binary bigramm resulted in a small increase of the
recognition rate to Rp—=87.4%. Starting from these
models the GPD-algorithm was applied iteratively to
reestimate the transformation matrix.

In the formulation of the GPD training procedure
isolated word recognition is assumed. Therefore, at
first the boundaries of the individual letters were ob-
tained by applying a Viterbi segmentation to the ref-
erence utterances. In this alignment pauses were al-
lowed between the letters. However, the frames la-
beled as pause were not included in the GPD update.
Then for each letter the scores for all word models
were calculated and used as described above. In each
iteration a new Viterbi segmentation was performed
in order to capture the effects of the model optimiza-
tion on the calculated letter boundaries. Errors re-
sulting from insertions and deletions are not consid-
ered in this approach. We found, however, that the
vast majority of the errors are confusions. For exam-
ple, 1n a typical recognition experiment we observed
89 confusions, one insertion and no deletion. The
main problem in the alphabet recognition task comes
from confusions within a group of particularly error
prone letters namely C, D, E, etc, which is similar to
the English E-set.

During each iteration all reference utterances were
used in random order. The constant slope of the
sigmoid function was set to « = 10 and for the I-th
iteration an ¢ of

I
~ A% (13)

was used, M AX denoting the maximum number of
iterations. In our simulation experiments we used the

6:60-(1

EUROSPEECH ’95, Madrid, Spain, September 1995

98% T T T T

97%

96%

95%

94%

| |

93% It I i
0 25 50 75 100 125

iteration

Figure 1: Recognition rate Rp and expected rate
{(#(X)) over the number of iterations

values of ¢g = 0.001 and M AX = 200.

5 Simulation Results

In the first experiment we examined the potential of
our approach in the case of identical dimension of the
original and transformed feature vectors. Then the
transformation matrix H resulting from the principal
component analysis can be used directly as the start
point of the GPD optimization. In order fo isolate
the effects of the optimized transformation matrix all
other model parameters were held unchanged.

Figure 1 shows the resulting recognition rate Rg
for the training data calculated after each iteration.
Additionally, the average value {(¢(X)) over all utter-
ances is included. As described above both Rg and
{(#(X)) are based on isolated word recognition of the
segmented training utterances. Considering for ex-
ample the initial word models this constrained recog-
nition yields Rg=94.5% versus the original rate of
Rr=93.3%. During the reestimation procedure the
first iterations yield major improvements. For large I
(£(X)) of the reference set still increases slowly. The
recognition rate Rp, however, then shows only minor
improvements.

Applying the optimized transformation matrix in
the recognition of the test data resulted in a per-
formance of R7=90.4%, i.e. an improvement of 3.1
compared to the initial rate of R7=87.3%. As well as
in the initial system most of the errors are confusions
within the E-set. Only 2 insertions and no deletion
occurred. Again, the first few iterations yield most of
the increase in Rr. E.g. the recognition rate after 15
iterations was already Rr=89.8%. Further improve-
ments can be achieved by GPD-update of the HMM
parameters. Reestimating the means p;; and weights
b.(1, ¢n) resulted in R7p=92.3%.

In order to get more insights into the effects of the
GPD reestimation we measured during the reestima-
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Figure 2: Distribution function Py(z) with initial
models (—) and after 200 iterations (- - )

tion process the distribution of the values of £(X).
As described above £(X) ~ 1 corresponds to a safe
recognition and £(X) ~ 0 to a high error probability.
In Figure 2 the distribution function P(z) is given
both for the start of the reestimation and after 200
iterations. During the reestimation utterances with
0.2 < 4(X) < 0.8 are most affected, yielding an in-
creased number of recognitions with #(X) close to
one.

Next we extended the approach to the general
case of different dimensions of the original and trans-
formed feature vectors. As feature vector we used a
concatenation of five consecutive input vectors. Each
input vector contained 12 cepstral coefficients and
one Aenergy coeflicient. Using a matrix T that incor-
porates the calculation of the Acepstral coefficients
the resulting 65-dimensional vectors can be trans-
formed back to the 25-dimensional vectors used so
far. In this approach two effects can be distinguished.
First, the GPD training can be applied to the weights
therefore providing a seamless integration of these
weights in a general training procedure. Second, rees-
timating all elements of the 65 x 2b-matrix A leads
to an 1mplicit feature selection scheme.

Together with the principal component transfor-
mation H the transformation matrix

A=H-T (14)

results. The matrix T has only few nonzero ele-
ments, namely the weights for the calculation of the
Acepstral coefficients and a subdiagonal of 1 in or-
der to pass through the cepstral coefficients and the
Aenergy coefficient. The structure of the matrix can
easily be maintained in the GPD approach by only
updating the nonzero elements. After the multipli-
cation (14) all elements of A, however, are in general
nonzero and it is difficult to impose constraints on
the reestimation.
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Therefore we replaced in a first experiment the
principal component transformation H by a diago-
nal matrix consisting of the inverse variances of the
features measured over all training data. Using this
matrix we trained new word models. The recogni-
tion performance was almost the same for both types
of feature normalization. Optimizing the nonzero
elements of A then yielded a recognition rate of
R7=90.2%.

Finally, we extended the GPD update to a full
65 x 25-matrix. In this case the number of parameters
involved in the optimization increases significantly.
Therefore the recognition rate on the training set im-
proved much more and we found rates R of more
than 99%. Nevertheless the performance on the test
data of Rr=90.3% was almost the same as obtained
with the 25 x 25-matrix.

6 Conclusion

In this paper we discussed the use of GPD-based
minimum error training for linear feature transfor-
mation. This approach allows a seamless integration
of the transformation matrix into a general train-
ing procedure. The results show that applying the
proposed training procedure results in an improved
recognition performance. The recognition of letters
in spelled names improved from 87.3% to 90.4%. In
our case the use of large input vectors build from
consecutive cepstral vectors did not lead to further
improvements. Further experiments are necessary to
examine whether this effect is due to an insufficient
amount of training data.

The minimum error training approach provides a
theoretical framework that allows inclusion of at least
part of the feature extraction in theoptimization pro-
cess. The described integrated training of the linear
transformation matrix is one further step towards a
unified training scheme that covers all steps from pre-
processing to language modeling.
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