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ABSTRACT

We present the initial results on speaker-independent
speech word recognition using a modified version of the
QuickProp network, a back-error-propagation variant, and
the Fuzzy-ARTMAP network, an ART variant. The TIMIT
speech database is used for training and testing. While both
networks achieve results better than existing results on
speech phonetic recognition, the Fuzzy-ARTMAP network
runs much faster, but yields generally inferior results, in
comparison to the modified QuickProp network.

INTRODUCTION

Neural networks have shown some promise in speech
processing lately fe.g., BDFK92, DG91, MZ91, WC91,
DRO91, BF90] and have yielded comparable or better re-
sults in comparison with the hidden Markov model (HMM)
approaches [e.g., LH89, PC91]. These work are done using
phonemes in the TIMIT speech database [ZSG90]). Speak-
er-independent phonetic recognition accuracy ranging
from 40%-80% has been reported.

In this brief paper, we present our initial results on speak-
er-independent word recognition, also using the TIMIT
specch database. We shall use two types of neural net-
works, i.e., a modified version of the QuickProp network
[Fah88], a backpropagation [RM86] variant, and the
Fuzzy-ARTMAP network [CG92], an ART [CG86] vari-
ant. We deal with speech words, instead of phonemes. Spe-
cifically, we use speech data for the 11 words in the
following sentence: "She had your dark suit in greasy wash
water all year."
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SPECIFICATIONS AND RESULTS

The training sets consist of speech data recorded from a
total of 400 speakers from 8 main dialect regions in the
United States {ZSG90]. The testing sets consist of speech
data from 230 speakers not included in the training set.

Since the number of data in a digitised speech recording
is usually very large, e.g., it includes about 60,000 data
points per sentence, preprocessing of the raw data is nec-
essary before they are suitable for neural networks. We did
the following preprocessing with. all training and testing
data:

(1) The speech signal is high-frequency pre-empha-
sized with transfer function (1 - 0.95/z);

(2) The speech signal is then windowed using a 32
msec Hamming window, with a 10 ms frame spac-
ng;

(3) The magnitude spectrum is computed using a 512
point Fast Fourier Transform for each frame;

(4) The spectrum is then log amplitude scaled, fre-
quency warped with a bilinear transform with a
coefficient of 0.6;

(5) Fifteen sepstral coefficients are then computed
over a frequency range of 150 Hz to 6000 Hz.

We have modified the quick-prop network [Fah88] to
enable it to output "unclassified" or "don't know" answers.
Specifically, we have added the following rules during
testing after training. When a testing pattern is presented to
the network after training, we calculate a sum of squared
error for each output node. If the sum is less than a preset
error threshold, the test pattern is considered to be "classi-
fied", and it can be either "correctly classified” or "incor-
rectly classified”. Otherwise the test pattern is
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"unclassified". We note that this classification error thresh-
old is not necessarily equal to the error threshold for train-
ing to stop.

After training the two networks with the preprocessing
training data, we test the networks with the preprocessed
testing data. Both the recognition accuracy and the compu-
ter time are recorded. Our work is carried out in a Convex
C240 Super Computer. The results are presented in Table
1.

Note that the "time" used above refers to the "user time",
rather than the "real time" or the "system time".

The Fuzzy-ARTMAP results in the table are obtained
using a 2-voter scheme [CG92]; however, we note that sim-
ilar results are obtained with a 1-voter scheme.

In the present work, we use a three-layer feed-forward
backpropagation network. We chose the number of output
nodes to be the same as the number of classes, i.e., 11. We
chose the number of input nodes to be the same as the larg-
est number of input data point for a speech word after pre-
processing, which depends on dialect region and the sex of
the speakers. We use 400 hidden units for all cases, which
yields good results compared with other choices for the
number of hidden units. We chose the classification thresh-
old ERROR=0.2 and the error threshold for training to stop
TOTALERRORT=10.0. We let the maximum number of
epox be 400.

NATURAL LANGUAGE

We present the initial results on speaker-independent
speech word recognition using a modified version of the
QuickProp network, a backpropagation variant, and the
Fuzzy-ARTMAP network, an ART variant. The TIMIT
speech database is used for training and testing. While
both networks achieve results better than existing results
on speech phonetic recognition, the Fuzzy-ARTMAP net-
work runs much faster, but yields generally inferior re-
sults, in comparison to the modified QuickProp network.
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