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ABSTRACT

A new discriminative learning algorithm for pre-
dictive speech recognition is proposed. Based on
the hidden control neural network (HCNN) [2]
we use the patterns of a certain word class to
train both the correct word model in the classi-
cal positive way and competing word models in
a negative direction. Hence the training is per-
formed in a discriminative way.

The influence of the proposed algorithms was te-
sted in several experiments using isolated digits.
When using the new untraining algorithm the re-
cognition rates could be increased significantly
(from 87.9% to 93.4%). We compared the re-
sults of the advanced HCNN algorithm to other
connectionist recognizers. With the pure MLP
[7] we reached 91.1%, with the TDNN [9] we
achieved recognition rates up to 94.3%.

1. INTRODUCTION

During the last years one could observe an incre-
asing number of publications, which deal with
predictive algorithms for automatic speech reco-
guizers (1], [2], [3], [4], [5], [6], [8], [9],). One
of the most promising aspects of this approach
is the near connection to the statistical speech
recognizers, the Hidden Markov Models.

A problem of the original Hidden Control Neural
Network (HCNN), [2], is the lacking discrimina-

*This work has been carried out within the ESPRIT
project HIMARNNET (no. P6488). The responsibility
for the contents of this paper is with the authors.
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tive power (see also [6]). One reason for this must
be seen in the training procedure: for each word
of the vocabulary one isolated MLP is trained.
During the training there is no information in-
terchange between different word models.

To overcome this problem we propose the new
untraining algorithm: instead of using only the
utterances of a single word class to train a speci-
fic word model, the same patterns are used to un-
train the MLP of competing word models. Thus
the word models are not trained independently
what makes discrimination possible.

2. PREDICTIVE SPEECH
' RECOGNITION

Let z, = zy,...,zp, with z, € RD, denote a se-
quence of feature vectors encoding an utterance
of word class k, where D is the dimension of the
feature space. For each word class of the given
vocabulary one MLP is defined. The input layer
consists of D 4 C neurons, according to the in-
put vector which is a concatenation of a feature
vector z,_; and a hidden control vector ¢, € N°.

The idea is now to train the MLP in such a way
that each vector z, can be predicted by z,_; and
¢;. Given the control sequence ¢ = ¢y, ..., ¢y one
can define the so-called prediction error

) T
E(UJ, z, C) = Z lxt - Fw,q(mt—l)|27 (1)
t=1

where F,, . (z;-;) denotes the output of the MLP,
i.e. the predicted vector &, and w represents the
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free parameters of the net.

The original algorithm can be divided into the
three parts segmentation, evaluation and weight
adaption. The segmentation module finds the
best hidden control sequence ¢ for a given ut-
terance and a certain MLP using the Viterbi al-
gorithm. The evaluation module estimates the
MLP with the minimal prediction error, i.e. the
best word class k. During the weight adaption
the free parameters of an MLP are adjusted ac-
cording to the current best segmentation c.

By iterative switching between segmentation and
weight adaption one MLP can learn the tempo-
ral characteristics of the presented patterns of a
specific word class. The disadvantage of this ap-
proach is that each MLP is trained only with the
data of one single word class. Hence no discrimi-
native features can be learned.

3. A DISCRIMINATIVE
LEARNING ALGORITHM

We propose an advanced training procedure
which faces this problem: instead of using the
patterns of only one word class to train a speci-
fic MLP, the same words are used to untrain the
MLPs which model competing words: after each
training epoche the evaluation module is activa-
ted for each utterance z; of the training set. If
the winning word class & is not equal to the cor-
rect word class k the untrain module is activated:

Vo, : k = evaluate(a;)
if (k # k)

untrain(@, z,, ¢) (2)

The untrain module is equivalent to the weight
adaption module of the training procedure above.
The crucial point is the inversion of the sign in
the gradient rule. Instead of using the original
equation

0E

6'!1),']' = —éaw“ 5
ij

(3)
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we add the untraining factor u:

E :
6’11),;_7‘ = _IJ'GL: ue [_1,0) (4)
3wi]-

Hence the "wrong" MLP k is trained away from
the pattern of class k. Several untrain steps may
be repeated, until the correct word model wins.
Mellouk and Gallinari proposed a similar me-
thod to train their Neural Predictive Systems
(NPS) and showed how this algorithm relates
to the Maximum Mutual Information training
([5]). The discriminative learning algorithm pro-
posed in this contribution was developed inde-
pendently.

4. RESULTS

One objective of the experiments described be-
low was to determine the influence of this new
untrain module. Additionally we varied the num-
ber 7 of the predictive input frames: instead of
taking just one feature vector z,_, to predict z;,
a larger environment z;_.,...,2;—; can be taken
(compare the results described in [4]).

Apart from using the predictive model we per-
formed experiments with two other neural archi-
tectures, a simple MLP and the TDNN.

In the pure MLP architecture the utterance is
presented to the network as one pattern. The
input layer has a fixed number of cells (60 fra-
mes with 13 components each = 780). Because
the speech pattern has a non-constant temporal
length, it was aligned to the input layer and filled
up with zeros respectively cut at the ends. We
used one hidden layer with 20 neurons.

For the second control experiment we used the
standard architecture of the TDNN, as described
in [9]. The input layer had the same dimension
as the MLP described above. We used a 5x13-
window in the input layer and a 6x15-window in
the first hidden layer. The window height in the
second hidden layer was set to 10. The time shift
of the window was one.

Isolated spoken digits from 170 Swiss speakers
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(120 for training, 50 for testing) were used in
the experiments (sampling rate 8kilz, telephone
quality). As feature vectors we used 12 cepstral
coefficients (32 ms windows, each 16 ms) with
energy.

Recognizer | Rec. Rates (in %)
MLP 91.1
TDNN 94.3
HCNN 93.4
Table 1:  Recognition resulls with the three descri-

bed algorithms

The best result was reached by the TDNN reco-
gunizer (94.3%), the pure MLP module reached
only 91.1%, see table 1. Several experiments
with the predictive algorithm revealed the effi-
ciency of the new untraining method. The best
result with this new algorithms was 93.4%. Table
2 shows the dependency both of the untraining
factor p and the number of predictive frames 7.

In this experiment five different prediction win-
dows and four different values for the untraining
factor p were choosen, including the classical al-
gorithm without untraining (p=0). Using the
proposed untraining algorithm one can observe
significantly higher recognition rates. The best
result is reached with a prediction window of 3
frames (93.4%).

A second important conclusion can be drawn
when regarding the prediction error E defined
in equation (4). In Figure 1 the prediction error
is plotted against the number of training epo-
ches, both without and with untraining (p=-
0.1). There is no significant difference between
the two contours. This observation could be
made in several experiments before: good per-
formance in prediction is not directly correlated
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with strong discrimination. In other words: the
usage of the proposed untraining algorithm docs
not improve the prediction but it has a strong
influence of the discriminative properties of the
recognition module.

Recognition rates (in%)

Untraining Ilactor

T p=0.0 | p=-0.05 | p=-0.1 | p=-0.2

2 84.1 88.5 88.9 89.7

3 87.9 92.8 93.4 93.4

4 88.3 91.5 92.4 92.4

5 88.5 89.7 91.1 91.1
Table 2:  Recognition results with the HCNN meo-

dule, using the different values for the number of pre-
dictive frames T and the untraining factor p

5. CONCLUSIONS

In this contribution we proposed a new training
algorithm for predictive speech recognition ar-
chitectures. As the results show, the new untrain
module causes a significant increase in recogni-
tion rates. The best results are reached with a
predictive window of 7=3 frames (64ms) and a
small value for the untraining factor {u=-0.1).
This means that the untraining must not be per-
formed as strong as the classical positive trai-
ning. Preliminary experiments with values for 7
smaller than -0.5 caused problems in convergence
during the training iterations.

In the future work it is planned to apply this
new method on phoneme based approaches as
used for Jarge vocabulary recognition [8].
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Figure 1:

Development of the prediction error during lraining: the circles denote an experiment without

untraining (p=0), the stars refer to an ezperiment with uniraining (u=-0.1). In contrast to the recognition rates
(table 2) no significant difference between the prediction errors can be observed.
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