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ABSTRACT

We present a possible model for speaker normalization in
terms of adaptation. Vowel identification is considered to be
based on the integration of a number of decisions. Each
decision is of the same simple form: decide whenever the
accumulated evidence exceeds a certain threshold (bias).
Changing the bias can influence a decision and consequently
the identification. This process just as well describes human
vowel perception as neural net simulation.
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1. INTRODUCTION

There are substantial differences between linguistically the
same utterances from various speaker categories (men,
women, and children). For listeners these differences in
general cause no problems. In this paper we will focus on
this theme, however, limited to vowel identification.

From various listening experiments with isolated vowels or
vowel segments it becomes clear that there are significant
differences in identification errors between blocked and mixed
speaker conditions. When subjects listen to several
subsequent stimuli from the same speaker (blocked
condition), they make fewer identification errors {1, 4, 6, 12].
Along another line of experiments [2, 3, 7] it is shown that,
by manipulating the context, exactly the same stimulus can
evoke different responses. (This phenomenon, by the way,
occurs in many aspects of human perception.) The generally
accepted explanation for these type of listening experiments is
that context enables the user to construct a frame of reference
for a particular speaker and this frame of reference makes it
easier to identify the stimulus. In [10] it is shown that the
outcome of a number of listening experiments with
manipulated vowel stimuli could best be explained with a
distance model in which the reference vowels depend on the
experimental context. However, as is pointed out in [7], no
one has yet given a procedure how to construct such a frame
of reference.

The outcome of both lines of experiments described above can
be generalized. In all these experiments we are confronted
with the fact that a different context can evoke a different
response to the same stimulus. We must therefore conclude
that, in many cases, the identity of a stimulus can only be
defined in relation to its context. In our view the context
provides a means for the listener to adapt to a speaker. Instead
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of normalization we would prefer the term adapration. In order
to describe and model this adaptation process we have to
specify how we view the identification process of a vowel.
Traditionally the identification process of a stimulus has
always been modelled in terms of some distance metric. In a
multi-dimensional space each different vowel of a certain
language is supposed to occupy some area. Consider for
example the two-dimensional formant plane in which the
‘ideal’ vowels of a language are positioned. Normalization in
this model must be incorporated by means of some
transformation on (F,,F,) that gives a new pair (F{,F;). The
identity of the unknown (F;,F;) pair is then determined by
searching for the minimum distance according to the metric of
this space. We do not know this transformation since it
necessarily must involve other knowledge besides formant
frequencies. We leave the distance model for what it is worth
anﬂr%opose another model that can easily be simulated with a
nel net.

2. THE MODEL

In our model extrinsic and intrinsic aspects of normalization
are interwoven. It is based on the following hypotheses
concerning the identification/normalization process:

e Identification is the integration of a number of decisions.
Each individual decision has the same basic structure: a
decision is made if accumulated evidence exceeds a certain
threshold (bias).

e The way to accumulate evidence is fixed, the threshold
(bias) is variable. The general strategy to make a decision
is fixed, but the amount of evidence necessary to force a
decision may be variable. A change in the bias shifts an
individual decision and consequently can alter the outcome
of the identification process.

e Adaptation can be modelled as a variation of bias. The
listener may use context to adjust the bias(es) if necessary.

This model of adaptation leads almost automatically to an
implementation with neural nets. The decisions made by a
neural net can be interpreted in terms of the first rule of the
model. The summing of the multiplications of the inputs to a
node with the appropriate weights can be viewed as the
gathering of evidence [10, 11]. With a nonlinearity of the
Heaviside form a decision for a 1 is made whenever the
evidence (the sum of the products) exceeds a certain threshold
(the bias). When the sum is less than the bias a decision 0 is
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made. With a continuous function as the nonlinearity, e.g.
the sigmoid function, the decisions need not be binary but can
attain any value between O and 1. The neural net can be
viewed as the integration of all these decisions.

3. GEOMETRICAL INTERPRETATION

The second and third rule of the model have a nice geometrical
interpretation. The linear combination of the N inputs of a
node, when equated to a constant, form the equation of a
hyperplane in N-dimensional space [11]. This hyperplane
separates the input space into two regions, one on either side
of the hyperplane. Through the nonlinearity, the output
attains two different values on either side of the hyperplane.
The hyperplane thus forms a decision boundary. When the
bias changes, the orientation of this hyperplane remains fixed.
Howeyver, bias changes correspond to parallel translations of
this plane. This can most easily be visnalised in two
dimensions. The decision boundary in this case is a line.

Output
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Fig. 1. An example of bias change in a node with two
inputs. In the left figure the topology of the net is
shown. The right figure shows the decision boundary
for three different values of the bias © and fixed
weights w1 and wp. The line through the origin
corresponds to 6=0.

In fig. 1 the decision boundaries of a node with two inputs are
shown for three values of the bias © with fixed weights w1
and w2. The line through the origin corresponds to 6=0. As
can be verified, by only varying the bias, the position of the
line changes parallel to the line through the origin. This
results in a change of the class membership for those input
pairs that are underlined. In this way, varying the bias, we
have a means to change the decision boundaries between
classes.

Of course, there are more ways to change the decision
boundaries between the classes. The most drastic one is to
change all weights instead of only the biases. In this way not
only parallel movements of the boundaries are possible but
rotations too. However, we have to keep in mind that here we
want to describe adaptation and not the whole process of
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learning. In the leamning process all weights and biases are
changed to values that minimize a particular cost function.
Adaptation is not the process of learning anew. The problem
is of how to leamn ‘new’ things without forgetting knowledge
acquired previously. With adaptation we mean here that we
can make certain small changes to our perceptual strategy to
be able to cope better with some stimuli that lie near decision
boundaries given a certain context.

4. THE NEURAL NET

The type of network used for the testing is a supervised feed
forward neural net. A blocked update scheme for the weights
and biases is used, i.e. weights and biases are only updated
after each complete iteration over the training set. Blocked
updating has better convergence properties. This is because
the cumulative gradient, which is a mean gradient over the
training set, converges to zero for the optimal parameter
values.

In the minimization of the minimum squared error (MSE)
cost function we use gradient information in a special way.
The standard minimization method is the steepest descent
method. In this method weight changes are always in the
direction of the gradient. This method leads to a not very
good algorithm of minimization. The problem with the
steepest descent method is that it will perform many small
steps in going down a long, narrow valley, even if the valley
has a perfect quadratic form. Because the new gradient at the
minimum point of any line minimization is perpendicular to
the direction just traversed, one always must make a right
angle turn, which does not, in general, takes one to the
minimum. Instead we want a way of proceeding not down the
new gradient, but rather in a direction that is somehow
constructed to be conjugate to the old gradient and previous
directions. Conjugate gradient methods accomplish this and
therefore are, under many circumstances, superior to steepest
descent methods. We used Powell’s conjugate gradient
method [8].

The topology of the neural nets used in the following tests
are: 3 input units, either 3 or 7 hidden units and 9 output
units.

5. TESTS OF THE MODEL

As independent training sets we used the formant frequency
data of Pols et al. [5] and van Nierop et al. [9]. The Pols et
al. set consists of the first three formant frequencies of the 12
Dutch vowels. The vowels were read in /hVt/-context by 50
young male adults with a pronunciation representative of
correct Dutch. In this paper we only consider a grouping of
these 12 vowels into 9 categories. The 9 categories consist of
9 single vowel categories with /u/, /a/, fa/, /y/, fi/, [e/, and 3
categories with the long-short vowel pairs /o, o/, /v, ¢/, and,
/1, ¢/, This set will be indicated as MG50.

Similarly, the van Nierop et al. data set consists of the first
three formant frequencies of 12 Dutch vowels spoken by 25
female speakers. This set, with the same vowel groupings as
above, will be indicated as WG25.

Apart from these two sets used for training, we used 3 sets for
testing. Each test set consists of formant frequency data of 10
speakers, either 10 men, 10 women or 10 children, respec-
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tively and is independent from the training set. These sets,

indicated as MG10, WG10 and CG10, are described in [12].

Testmg the model consists of the following phases.
Pre-processmg of the formant frequency values. Formant
frequencies in Hz are logarithmically transformed and
subsequently linearly scaled to the range (0,1). This linear
scaling is, strictly speaking, not necessary but it makes
logarithmic scaling independent of the base of the
logarithm.

¢ Training. All weights and biases of the neural network are
adjusted according to the MSE cost function. The total
number of weights and biases of a two layer network with
N inputs, H hidden units, and M outputs is the sum of the
number of weights and biases from the inputs to the
hidden layer, H(N+1) and the number of weights and
biases from the hidden layer to the output layer, M(H+1)
which amounts to H(N+M+1)+M. This last number is
equal to the dimensionality of the search space. For a two-
layer neural net we can see that the number of parameters
that have to be modelled increases linearly both with the
dimension of the input space (N) as well as with the
number of hidden units (/). This implies that the size of
the training set needed only has to increase linearly when
the input dimension increases. This still remains true for
neural nets with more than one hidden layer.

e Adaptation to the test set. Here we perform a
subminimization; all weights and biases of the trained
network keep their value and only the M biases of the
output layer or the H biases in the hidden layer are varied
in the minimization process. The search space thus is
reduced to either M-dimensional or H-dimensional.

¢ (Classification of the test sets. The percentage correct
classification of the test sets are collected. Correct
classification occurs when the output of the ‘correct’
output unit is bigger than the output of any other output
unit, whatever the maximal output level is (there is no
minimum level that the output should attain).

In table 1 we have collected the results on the test of our
adaptation model with neural nets that were trained with the
logarithmically transformed formant frequency values of the
50 male speakers-of [5]. The grouped data with 9 output
categories were used. With 9 output categories, 3 inputs, and
7 hidden nodes the number of weights and biases is
approximately equal to the number of parameters needed for
the maximum likelihood classification in [5] and [9].

Table 2 shows the adaptation performance of neural nets that
were trained with the logarithmically transformed formant
frequency values of the 25 female speakers of [9], using again
the grouped data with nine output categories.

6. DISCUSSION

The general tendency for the various test sets in table 1 is that
classification performance gets worse when the speaker
category goes from men to women to children, irrespective of
the number of hidden nodes.

‘When the number of hidden nodes increases we expect better
classification performance when the training set is identical to
the test.

This is indeed the case for test set MG50, which shows 89.3%
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Table 1. Classification and adaptation performance of a
neural net, with 3 inputs, H hidden units and 9 outputs,
trained with the grouped male formant frequency data set
of Pols et al. [5]. In the first column the number of
hidden nodes is given. The column labelled ‘Test set’
shows the data set used for testing the net: MG10,
WG10 and CG10 denote the set of 10 Men, 10 Women
and 10 Children, respectively, MG50 the Pols et al. set
of 50 Men and WG25 the van Nierop et al. [9] set of 25
Women. The column labelled ‘Test’ denotes the percent
correct classification for these test sets. Columns ‘Hyj)’
and ‘Og)1’ contain the percentages correct of the
adaptation of the biases of the hidden units and the
output units, respectively, for all speakers in the test
set together. In the columns ‘Hj,g’ and ‘Ojpq’ the
adaptation was performed for each speaker in the test set
individually. The comparable percentage correct
classification on data set MG50 in [5] was 89.3%.

H  Test set Test (%) Hall (%) Hind (%) Oalt (%) Oind (%)

3 MG10 91.7 92.5 100.0 95.8 98.3

3 WG10 74.2 91.6 96.7 73.3 76.7

3 CG10 26.7 90.8 98.3 39.1 36.7
Mean 642 916 983 694 705

3 MG50 89.3 89.3 96.7 89.3 94.7

3 WG25 78.3 88.0 97.3 833 86.7

7 MG10 93.3 94.1 99.2 950 96.7

7 WG10 71.7 82.5 85.8 77.5 81.7

7 CG10 51.7 63.3 70.8 58.3 62.5

Mean 722 800 853 769 803
MG50 93.2 93.2 98.0 93.2 945

7 WG25 75.6 84.6 92.0 85.0 83.7

Table 2. Classification and adaptation performance of a
neural net with topology (3, H 9) trained with the
grouped female formant frequency data set of van Nierop
et al. (1973). The percentage correct classification on data
set MG50 in [9] was 93.0%. For further details see table
1 and the text.

H___ Test set Test (%) Hall (%) Hind (%) Ol (%) Oingd (%)
3 MGI10 73.3 908 958 90.8 85.8
3 WG10 88.3 88.3 933 88.3 90.8
3 CG10 55.8 90.8 95.0 75.0 70.0
Mean 725 900 947 847 822
3 MGS50 68.8 79.0 89.2 78.6 80.8
3 WG25  95.0 95.0 963 95.0 96.0
7 MGI10 75.8 86.6 90.0 77.5 78.3
7 WG10 84.2 90.8 94.2 85.0 87.5
7 CG10 40.8 55.0 758 46.6 41.7
Mean 669 775 867 697 692
7 MG50 62.5 76.5 82.3 65.6 70.3

7 WG25 98.0 98.0 983 98.0 98.0
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and 93.2% correct classification with 3 and 7 hidden nodes,
respectively. Furthermore, the classification performance for
test set MG10 also increases from 91.7% to 93.3% correct
when the number of hidden nodes increases. This is also the
case for test set CG10 where the increase in classification
performance almost doubles from 26.7 to 51.7% correct. The
test sets of the women speakers, WG10 and WG25, show the
opposite effect. Here the classification performance decreases
somewhat when the number of hidden nodes increases.

The next column labelled ‘Haj1’ shows the classification
performance of the net when the (3 or 7) biases of the hidden
nodes were allowed to adapt themselves to the respective
complete test sets. We note a significant increase in
percentage correct classification. Especially the results for the
topology with 3 hidden nodes are noticeable: with a change in
only three parameters, the percentage correct of the women
speakers WG10 goes up with almost 20% from 74.2% to
91.6% and WG25 goes up 10%. For the children we even
note an increase from 26.7% to 90.8% correct.

These results get even better when we go to the next column,
labelled ‘Hjpd’. These results were obtained by adapting the
biases to each individual speaker. The results obtained for the
individual speakers were then averaged. The recognition scores
for this case almost reach 100% for all speaker categories,
which is quite remarkable if we realize that the training was
performed with data from male speakers.

The last two columns in the table show the performance
when the 9 biases of the ourput layer were allowed to adapt.
As before, the adaptation was either on the whole test set
(Oalp) or on the individual speakers of the test set (Ojnd).
Both columns show some increase in recognition performance
as compared to the third column labelled ‘Test’. This increase
is substantial when the speaker category of the test set equals
the speaker category of the train set (men). The effect is only
small when the speaker categories differ.

When we compare for all speaker categories the adaptation
effect for the biases of the hidden and the output nodes, we
note from the table that best results are obtained with the
biases of the hidden nodes. This means that indeed, on the
input side, a simple translation of the hyperplanes is
sufficient to guarantee proper adaptation and, at the same
time, is powerful enough even for the adaptation of the
vowels spoken by children to the vowels as spoken by men.
On the output side a translation helps but is not powerful
enough to adapt the children's vowels to the male vowels.
Apart from a translation, apparently rotations are required
which involve many more parameters and therefore is less
attractive.

When we compare the effect of the number of hidden nodes
on the classification performance we can note the following:
As can be expected, the classification performance, for the
case when training and test set are equal, increases when the
number of hidden nodes increases. The net has more freedom
to model the training set when it has more hidden nodes at its
disposal, hence a better classification. This does not
necessarily mean that the generalization properties increase
with the number of hidden nodes, generalization depends more
on the relation between the number of training patterns and
the number of parameters that we want to train. In general
one can say that if more training patterns are present in
relation to the number of parameters the generalization
properties tend to increase. From table 1 we note that the
generalization properties are somewhat better for the network
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with 7 hidden nodes. However, the adaptation performance of
the net with the lower number of hidden nodes is better. A
possible explanation could be that the net with 3 hidden
nodes necessarily is more general and therefore more easily
adaptable. Another explanation could be that, although the
fraction of the total number of parameters in the net that has
to be trained anew is the same in the nets with 3 and 7 hidden
nodes, the number of parameters that is not changed grows
linearly and equals H(N+M).

The general results in table 2 are in line with the data in table
1: very good adaptation properties, better adaptation when the
biases of the hidden layer are changed as compared to a change
in the biases of the output layer, and better adaptation
performance for the net with the lower number of hidden
nodes. Some small differences, however, do exist. The
women data set is more homogeneous which leads to higher
classification results when training and test set are equal
(WG25). This results in a somewhat less succesful
generalization performance, the results for WG10 in column
"Test' show 88.3% and 84.2% correct for a net with 3 and 7
hidden nodes. This is probably caused by the fact that we do
not have enough training data.

We may conclude from both table 1 and 2 that the adaptation
capabilities of a trained neural net, by only varying the bias
of the hidden units, are very powerful. However, in order to
get good generalizing capabilities the amount of training
patterns has to increase., With the model we hopefully can
describe, in the near future, the confusions that occured in a
number of listening experiments. The model is presented here
with formant frequency data as input but it happens to work
just as well for other frequency representations like bandfilter

spectra.
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