





For all four network formulations. a bipolar vector was used
1o represent the vowel spectra. This vector was constructed by
dividing the entire natural logarithm scaled frequency range (100 -
4 xHz) into L secuons. The spectra was quantized by assigning +1
w0 areas in the neighborhood of a formant and -1 to all other fre-

bins. This is shown schematically in figure 2. Note that
only the first 2 formants were used: the excursions of F, outside
the chosen frequency range eliminaed the usefulness of this higher
peak.

The bandwidth of the quannzed vowel (which was not deter-
mined by Peterson and Bamey) was chosen 1o have a fixed width
of 100 Hz for formants below SO0 Hz and w0 have a width equal to
2 times the formant frequency for frequencies above 500 Hz.

Using the notation of the previous section, the vowel spectral
coding corresponds w0 L = 100. The choice of N is based on the
number of stored pattems. In order not to exceed the capacity of
the various network formuladons, N was chosen to be 10, i.e. one
average female vowel was chosen as the library element for each
vowel classificatnon region. Therefore, in order to generate the van-
ous perwork interconnections. f, where i = 12,...,10 were derived
by quantizing the 10 average female vowels.

Each network was tested by inputs sets which exhaustvely
covered all possible choices of F, and F, where F>F,. The
final, stable, vector was determined for each input. These output
vectors then were used 10 determine the classification regions
described in the results.

RESULTS

All four vowel classificaion methods described were tested.
The assessmert of performance can be made by comparing the
automatically classified regions with the average regions found by
the human listeners in the Peterson and Bamey swdy. Figure 3
depicts these desired regions within the feature space. The areas
which listeners found ambiguous (i.e. inconsistent vowel labelings)
are npot included. These ideal regions are included as dashed lines
in all subsequent figures for reference.

Figure 4 shows the classification results for the Synchronous
Hopfield Model. It is fairly obvious that this model failed © 0
perform adequately. Omly ooe out of all 10 vowels was crudely
classified. The rest of the vowels, even those that were identical to
the stored average vowels, were not identified at all.

The orthogonal projection model’s resuit is shown in figure 5.
As intended, all vowels which closely resemble the stored average
were classified. However, several problems exist. The first is that a
spurious /i/ region exists for vowels with very low formant fre-
quencies. Another problem is the small size of the classificaton
regions. It was not possible to make this network formulation accu-
rately capaure the variation in articulation across male, female, and
children.

Figure 6 illustrates the regions for the control matched filter
classifier. Note that the regions are 2 better match to the percepmal
data than figure 5. Also, the variable detection threshold implicit in
this classifier allowed the regions to be larger.

The same experiments with the lateral inhibition mode! pro-
duces the results shown in figure 7. The spurious /i/ region is again
seen.  Nevertheless, the classification performance is somewhat
better than that seen in figure 5.

CONCLUSIONS AND FUTURE WORK

There is a large possible variety of neural network type struc-
tures which could be 6t 10 a signal classification problem. We have
demonstrated that a synchronous type of Hopfield model is of lirtle
use for the problem and parameters studied. An orthogonal projec-
ton modification improved the performance dramatically, but did
not equal the results seen for a conventional maiched filter
classifier. It was also shown that a neural network version of the
best performing classifier was almost as good.

It stull remains 0 be seen whether the performance of a
neural petwork can be any betier than the more conventional tech-
mques that have applied o problems of speaker independence.
However, the formulanons discussed may be appropriate for certain
architectures which are needed for very large vocabularies. We feel
that this study has helped o provide a firmer theorescal foundation
for more extensive studies of novel architecures for speech
analysis. Several needed extensions are the use of neural networks
for dynamic patterns in speech. the addition of leaming 0 update
the interconnecton weights. and the performance of neural net-
works which include more inspiration from the biology, e.g. cas-
caded networks and temporal synchrony. Other issues important to
the speech analysis problem include the potential for neural net-
works w0 distinguish regions which are not linearly separable and
for learning networks to automatically cluster distinct features [8).
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Figure 1. Representanon of synchronous Hopfield model.
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Figure 2. Schematic representation of bipolar coding of vowel
spectra.
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Figure 3. Human listener vowel classificaton results. Data from
Peterson and Barney {6).
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Figure 4. Vowel dassification result for synchronous Hopfield
model.
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Figure 5. Vowel cdassification resul for onhogonal projection
mbdel.
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Figure 6. Vowel classification result for matched filter classifier
(comntrol).
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Figure 7. Vowel classification result for lateral inhibition model.





