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ABSTRACT

In recent years, the computational effort for novel
speech recognition systems has increased much more
than the resulting recognition rates. Therefore, we
present an approach for overcoming this drawback
by using a modular phoneme recognition system. Tt
combines advantages of neural networks with those
of modular architectures. Important system features
are module-specific selection of input parameters ac-
cording to the decision tasks and the utilization of
time delay neural networks (TDNNs) as well as static
neural networks without time processing. The inten-
tion is to improve the recognition rate for speaker-
independent phoneme recognition and, at the same
time, to reduce the necessary effort for simulating the
system after the initial learning phase.

1. INTRODUCTION

The main problem in the field of speaker-independent
speech recognition is the extreme variation of the ar-
ticulation of single phonemes depending on the spea-
ker, the phonetic neighbourhood and the acoustic
surroundings. Neural networks are appropriate to
deal with these problems because of their robustness
against these variations [1; 2]. Recent approaches
with neural networks for speech recognition tasks had
only fixed input parameters. Therefore, they could
not be adapted to a specific recognition task. More-
over, our examinations showed that the recognition of
all phonemes using a large single neural network with
fixed input parameters achieved only unsatisfactory
results. The approach presented in this paper over-
comes these drawbacks by using a modular system of
several neural networks. There are other implemen-
tations using modular neural networks [3, 4]. These
experimental systems consist of only a few modules
(< 4) with fixed input parameters.

One of the main features of the proposed recog-
nition system is a tree-structured topology of small
recognition units. Each of these units is a multilayer
perceptron which deals only with a minor recognition
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task. The number of input parameters of a mod-
ule can be decreased by selecting only relevant fea-
tures for a specific recognition task. Therefore, a new
method for the selection of task-specific input para-
meters has been developed. The simulations came
to two main conclusions: On the one hand, the use
of modular neural networks can improve the over-all
recognition rate of the system in comparison with a
single network recognizer. On the other hand, it was
shown that the computational effort of the proposed
approach can be reduced.

2. THE PROPOSED MODULAR
RECOGNITION SYSTEM

The development and optimization of the modular
system is composed of two steps. First of all, the
topology of the system has to be adjusted to the re-
cognition task. In a second step the single units of the
modular structure are optimized for receiving satis-
factory recognition results. Both steps are discussed
in detail in the following two paragraphs.

2.1. Topology

The simulation of a single neural network for the re-
cognition of all desired phonemes is the starting-point
for the construction of an advanced system. After an
initial simulation, the outcoming confusion matrix!
has the desired output on the one axis and the out-
put of the network on the other. The distribution
of the matrix-values led to the following interesting
observations:

1. Groups of phonemes can be discovered whose
elements are only confused with other elements
of this group.

2. The distinction of these phoneme classes do not
necessarily have a phonetic background. On the
contrary, only the internal information process-
ing of the neural network is responsible for a
separation.

3. It is obvious that neural networks with a smaller
number of output decisions lead to better re-
sults than others.

}The confusion matrix is also used in other speech process-
ing approaches [5].
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The new approach of constructing a modular recog-
nition system was motivated by these results. The al-
gorithm for its development can be divided into three
steps:

1. First of all the phoneme classes without essen-
tial confusion with other groups are separated.
Therefore, a neural network with relatively mo-
derate complexity is being simulated and
trained.

2. After the initial distinction in main classes, sub-
sequent modules are trained. Each of them has
to deal with only a fraction of the incoming vari-
ation of phonemes. But the complexity of the
recognition task of a following module is con-
stant because of the increasing degree of confu-
sion inside the remaining phonemes.

3. The described process of building phoneme clas-
ses and training the required neural networks is
a recursive procedure which ends when the out-
coming classes consist only of single phonemes.

The aim of the algorithm is a system which is charac-
terized by several layers and a set of recognition units
per layer.

The connection of the modules can be done in a
tree-structured manner. Beginning with the module
in the first layer, each frame of a phoneme is put for-
ward through a maximum of one module per layer.
The main drawback of this topology is the inabil-
ity of the system to correct a unique error done in
a preceding unit. Beyond that, the final recognition
propability of a phoneme is the multiplication of the
probabilities of the modules it has passed. In order
to minimize these errors, we experimented with re-
current networks with implementations of error de-
tection algorithms. But unfortunately only the com-
putational effort increased and the final recognition
results were mainly constant.

2.2. Improved recognition of the modules
As mentioned before, the components of the presen-
ted modular speech recognition system are neural net-
works. In principle, all variations of neural networks
can be combined in the presented modular system be-
cause the training algorithm is restricted only to each
module instead of the whole system. We decided to
use the following two types of neural networks:

1. 3-layer Multilayer Perceptrons (MLPs) with
Backpropagation-Algorithm for learning. MLPs
are not able to deal with the timedimension of
input patterns. So they are suited only for the
recognition of phonemes (for example, vowels)
with time-invariant input parameters.

2. 3-layer Time Delay Neural Networks (TDNNs)
with an adapted Backpropagation-Algorithm
for learning. TDNNs are preferred for recog-
nizing time-variant phonemes like plosives [6].
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Other approaches in the field of neural networks for
speech recognition require a lot of input parameters
because of their relatively complex recognition task.
In opposition to this we developed a novel approach
to reduce the complexity (which is proportional to the
number of weights) of a neural network by creating a
ranking list of input parameters which classifies their
relevance for a specific task. The algorithm? consists
on the following four steps:

1. The neural network is trained with the whole
set of available input parameters. In our case
these are 67 parameters from the frequence do-
main.

2. For each input parameter the sum of all weights
starting from the specific node is calculated. It
is essential that no non-linear function (sigmoid
function) is placed between the input parame-
ters and the corresponding weights (=weights
from first to hidden layer).

3. The input parameters with a minor sum of
weights are classified as non-relevant for the ex-
amined recognition task and they are excluded
from further training.

4. The adapted neural network with a reduced in-
put parameter set is trained. The procedure
continues at point 2 until the recognition rate
decreases clearly.
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Figure 1: Recognition rate versus remaining input
parameters

Figure 1 illustrates a typical example of the recog-
nition rate as a function of the number of remaining
input parameters. After the inital phase of reduction,
where the recognition rate is constant or even increas-
ing, a state is reached where the relevant parameters
are cut off and the resulting rate is decreasing clearly.

2The algorithm proceeds on the assumption that all input
parameters are normalized on the same range of values.
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Figure 2: Experimental modular phoneme recognition system

3. SPEECH DATABASE 1. Training data. They are used for training the
neural networks. The synaptic weights of the
modules are changed only in order to minimize
the resulting square error of training data.

The speech data were extracted from the database
of the Forschungsinstitut der Deutschen Bundespost
Telekom. It contains data from 100 speakers (female

and male). Input speech, sampled at 8 kHz with 2. Testing data. The quality of trained neural net-
12 bit resolution, was Hamming windowed and an works and their acceptance for the modular sys-
FFT computed every 10 ms. After preprocessing, tem is based on the results obtained by these
each frame, representing 10 ms, is characterized by data.

the parameters listed in table 1.

After that speech data was handlabeled, it was di- 3. Reference data. Both training data and testing
vided into three independent classes: data have an influence on the topology and in-

ternal structure of the system and the modules.
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Parameter | Description

AE absolute energy

NE normalized energy

LT ratio low-to-total 0 .. 1kHz/AE

BV 22 melscaled spectral coefficients
from 0 .. 4kHz

T.01 energy 0 .. 62.5Hz
T02 energy 62.5 .. 125Hz

T_64 energy 3937.5 .. 4000Hz

Table 1: Frame-representing parameters

So only this third speech data class represents
really unknown speakers for testing the final re-
cognition system.

Our experiments indicated that the proportion bet-
ween training and testing data has an important influ-
ence on the final system performance. We found that
a ratio of 7:3 from training to testing data represents
the best compromise between a fast convergence on
the one hand and a good robustness against unknown
speakers on the other hand.

4. RESULTS

An experimental phoneme recognition system with
modular neural networks was developed using the
described novel approaches for selecting the topolo-
gy and for determing the relevant module- and re-
cognition task-specific input parameters. Figure 2
shows the resulting structure for recognizing 14 se-
lected vowels, fricatives and the nasal /n/. The re-
sults are listed in table 2. Some modules achieved
their best performance using melscaled input para-
meters.

Recognition- Database

system Train [ Test J Reference
non- 83.54% | 72.90 % 77.32 %
modular

modular 91.14 % | 77.90 % 8151 %
modular + 96.55 % | 84.20 % | 82.99 %
optimization

Table 2: Frame-related recognition rates

In addition to our simulations, we developed a
stand-alone signal-processor system based on a sin-
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gle ADSP-21020-processor where the proposed modu-
lar phoneme recognition system is implemented. The
preprocessing and recognition units work in real time
which demonstrates our statement of the reduced
computational effort in the forward (not-learning)
phase.
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