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ABSTRACT
This report proposes a new feedforward neural network which can recognize a set of given datla quite
correctly. The network has a new training algorithm consisting of a self-organized mechanism and a
supervised learning method. The structure of this network consists of a self-organized layer and a su-
pervised layer. The training in the self-organized layer is not only based on the self-organized scheme
for input data but also observing the results to the supervised data. The excellent properties of this
network are a higher speed training, a better parallel computing and a higher recognition accuracy than
any conventional ones. As new application, this network is applied to the nonlinear power spectrum

estimation.
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1. INTRODUCTION

When the properties of neural networks are con-
sidered, some of them, e.g., a multi-layered per-
ceptron [3], [4], [9], can realize good generality
and some others, e.g., a sell-organized clustering
network [1], [2], [9]-[13], have realized high speed
learning. The generality of a system means the
wide ability for an unknown input data. In order
to improve the generality, a function used for data
recognition should represent an actual distribution
of a given data set, and improve its representa-
tion ability in a characteristic space [5],[6],{9],[12].
" The perceptron has been recognized to realize such
ability and used in many applications. However,
the training algorithm, i.e., a back-propagation al-
gorithm, requires a quite large calculation cost,
and the network requires both a large size and
full-connections to get the above performance.

In order that a network learns within a quite
short training time, some self-organized networks
have been introduced. If good training rules are
implemented in the network, the training time be-
comes minimum [10]-[13]. However, if the given
training rules are not suitable for the observed
data set, the recognition ability and its generality
cannot be expected high enough [10}-[12]. If such
high performance for generality would be kept,
all relation among the observed data set should
be clearly implemented in this network. Since
the self-organization only obtains the characteris-
tics of observed data in the network, the network
can hardly know the exact relation among them.
Ounly a supervised training is regarded as a suit-
able scheme for such learning.

This report introduces a new network in which
both high speed training and high recognition ac-
curacy are realized. The network consists of a
self-organized module and a supervised module.
The self-organized module is trained in part by
supervised learning. Compared with the conven-
tional neural networks, i.e., a self-organized neu-

ral network and a multi-layered neural network (a
perceptron network), the learning ability is higher
than them and its convergence speed is greatly
improved. The introduced neiwork has two new
properties.i.e., the high speed training ability be-
cause of a sophisticated self-organization and the
high recognition accuracy because of a backward
supervised learning. These comparisons are also
explored in some experiments in this report.

2. A SELF-ORGANIZED NETWORK
WITH A SUPERVISOR

In this section, a self-organized network which is
controlled in part by‘ a supervised mechanism for
higher generality is introduced. First, the total
network is explained and then a training algorithm
is described.

A. Two-layer network

The proposed network can be shown in a block
diagram of Fig.l. The network consists of two
layer network modules. These network modules
are called a self-organized module and a supervised
module in this report. ,

A self-organizing module can evaluate stochas-
tic characteristics from input data. The input vec-
tors are fed into every node in parallel. In each
node, a similarity value is calculated after the eval-
uation of distance between a cluster vector, i.e.,
the center of the node, and an input characteristic
vector. The similarity value is calculated by using
Maharanobis distance.

The input pattern is defined as a vector which
represents the characteristics of an observed data
sel:

Ye(k) = [Ye1(k), gea (), -+, Yes (k)T (1)

where k denotes a sample index, s is the dimension
of vector; ¢ (¢ = 1,2,...,m) is the index of a ¢-th
node, m denotes the total number of nodes and 7"
denotes a transpose. The above vector is assumed




to be the number of the c-th node. If the total
number of members in the c-th node is K., & in
(1) is limited from 1 to K, and the total number

m
of input vectors is given by Z K.
n=1
In each cluster node, the following three infor-
mations are memorized:

e Total number of members (Weighted node
counter)
te(k)
e Node patter(a center of node)
Xe(te(k))
e Erorr Variance Matrix

Ve(te(k))

where they are the memorized data in the c-th
node.

The node counter indicates the total number of
input vectors which belong to this node. The node
pattern is calculated as a center of the node mem-
bers and its variance is given as the error variance
matrix. The error variance matrix is calculated
form the following error:

ec(k) =y (k) — xc(k) (2)

From (2), the error variance matrix is calcu-
lated from

Ve(k) = diaglo?,(k)---02(k) ]

(3)
1 & .
Z > (Ye,i(n) = @ j(k))

n=1

o2;(k) =

where y. ;j(n) indicates the j-th elements of a vec-
tor y.(n) which belongs to the c-th node. When
an input vector is fed into the above node, the
following similarity value is calculated:

) = exp (- 3%) )
© De = aec(k)TVI (k)ec(k) (5)

where « is a rectification factor to the calcula-
tion of error variance matrix. This factor is in-
troduced for the adjustment of the evaluation of
error variances. In other words, since any exact
variances of errors cannol be calculated during
the sell-organization, all variances are estimated
as larger values than actual results.

The Maharanobis distance as distance measure
can independently represent the variance of each
element, and thus provides better evaluation than
Euclid distance. Since the similarity value of each
node outputs for a given input vector in parallel,
the maximum similarity is then selected among
them and its corresponding node is recognized as
a cluster node to which the given input vector be-
longs. In addition, once a cluster node is selected
for the input vector, all informations of the node
is updated according to the input vector. The up-
dating mechanism is shown in the next subsection.

Each node can represent a closed distribution
for a certain cluster. Thus, comparing with a
multi-layered perceptron using linear hyper plains
for clustering, only independent several nodes can
describe a specific cluster distribution.

In order to obtain the final recognition result
from the proposed network, a supervised module
is used. The structure of the module is the same
as the output layer in a multi-layered perceptron
neural network. The node of the module is called
a decision node in this report. The output of this
decision node is calculated by

s;(k) = sigmoid (Z w; j(k)d;(k) - Gj(k)) (6)

=1

1
TFe @

where m is the total number of cluster nodes, w; ;(k)

sigmoid(l) =

denotes the weight between each cluster nodes and
a decision node and 8;(k) is introduced as a thresh-
old. The evaluation algorithm of w; j(k) and 8;(k)
are shown in the next subsection.



B. Forward self-organization and backward train-
ing

In this network, two different training algo-
rithms are applied. When the training speed in
conventional networks is considered, an algorithm
which uses many nonlinear functions and a multi-
layer structure requires quite large amount of cal-
culation cost. The main reason is understood that
the optimum result is buried in a complicated space
of solutions including many local minimums. This
happens on a multi-layered structure. .If one or two
layer structure is used, the evaluation cost of the
optimum solution may be greatly reduced. How-
ever, it has also been known that such one or two
layer structure can hardly obtain the optimum so-
lution from nonlinearly divided cluster sets, i.e.,
this structure can only analyze a linearly divided
cluster set. As mentioned in the previous subsec-
tion, the introduced network is built of two layered
structure, and is easily shown that this network
can obtain the optimum solutions even from any
nonlinearly divided cluster sets. Accordingly, in
addition to the suitable ability for analyzing com-
plicated cluster sets, this network holds high speed
training property.

The updating mechanism for a cluster node is
given by the simple time averaging as follows:

xe(k+1) = To(te(k +1))xc(k)
~ Dtk +D)yelk) (8

Rk +1) = n O
Nlk+) = 00

oli(k+1) = To(tc(k+1))o?;(k)
+L1(te(k + 1)) ((ye,5 (k) — @ j (K + 1))2
—a2;(k)) (11)

te(k+1) = Xtc(k) +1 (12)

where (8)-(12) is applied only when an input vec-
tor is recognized as a member of the c-th node.
The value X is introduced for a forgetting factor of
the past data.

In addition, the following initial conditions are
applied for the control of a network structure: The
total number of node, i.e., m, should be given as
a prior information. In addition, the information
of node patterns and error variances are given as
random values. The value (.(k) is set to be 1 at
the first time.

The self-organization is only applied to the first
layer module. Since this network assumes all su-
pervised training data have been prepared, the su-
pervised module does not need the mechanism of

self-organization. This module learns the super-

vised data and the self-organized module is also
trained by the same supervised data. Although
the self-organized module has been already up-
dated by using an input data, this module is trained
again in order to output a better result. Com-
pared with conventional self-organization, all in-
formation of a cluster node are controlled twise by
using input dala and reference output data. Thus,
it is considered that the exact information can be
realized in every cluster node.

Let us consider the supervised learning algo-
rithm. The algorithm is based on a stochastic ap-
proximation method. Since the network consists
of two layers and the structure of nodes in each
layer are different from that in the other layer,
different learning algorithms are applied to them.
In the supervised module, the following adaptive
algorithm is used:

Define the reference output be

2(k) = [21(k) 2(0) za(R)]  (13)

where n denotes the total number of nodes in the
supervised module. The input data of this layer
consists of the similarities given from the super-




vised module:
d(k) = [di(k) da(k)--- dm(k)]  (11)

If all connection weights have been initially
given as random values, the supervised module
outputs the results for the input d(k) as

2(k) = [ 21(k) 22(k)--- 2.(k)]  (15)
All weights are adjusted by minimizing the follow-
ing criterion:
V(k) = (2(k) - 2(k))T(2(k) - 2(k)) ~ (16)
If each connection weight is independent of oth-
ers, the criterion is the same as that in a percep-
tron neural network. Thus the algorithm in the
supervised module is also the same as the back-
propagation for the output layer:
Awij(k) = néidj(k) + eAw;j(k—1) 1
&i(k) 2(2i(k) — zi(k))2:(k)(1 - Z(k))
(18)

where 7 and € are arbitrary positive values and
Aw;; stands for the updating value of the con-
nection weight between the i-th node in the su-
pervised module and the j-the node in the self-
organized module at time k.

Once all weights are calculated in the super-
vised module, the information of nodes in the self-
organized layer are also updated by using the ref-
erence outputs. The main purpose in the training
for this layer is the design of higher recognition
accuracy than no training case. Thus, the infor-
mation of node patterns, i.e., x;(k), are adjusted
in this training. The same criterion is applied in
this training. Then we get

m

A:Z}Jt(k'l'l) = é/A:Ejt(k)‘l"nl(ZESwsj

s=1
x dj(k)e(zji(k) - w(k))/(sol,(k))) (19)

The value Azjy(k) is defined as an updating value
of a t-th element of the node pattern in the j-th
node of the self-organized module.

3. COMPARISONS ON NETWORK
SIZES AND TRAINING ABILITY

In this section, two different kinds of results are in-
troduced, i.e., data clustering and spectrum anal-
ysis of speech waves.

A. Ezperiments of Clustering

In this section, some results in comparisons
with conventional networks are shown. As conven-
tional nelworks, a multi-layered perceptron net-
work [3], [4] and a self-organized clustering net-
work based on Maharanobis distance [10]-[13] are
used. The perceptron network is trained by using
a back-propagétion.

‘The first experiment is the design of an exclusive-
OR [lunction. Two kinds of data are yielded. The
label /a/ is located in both upper left and lower
right, and the label /b/ is in both upper right and
Jower left. When the 3 layer perceptron with 4
nodes in the input layer, 4 nodes in the hidden
layer and 2 nodes in the output layer is applied, the
total power of output errors is shown in Fig.2(a).
The 3000 sampled data is used for training. On
the other hand, when the proposed network is ap-
plied with 4 nodes in the self-organized module
and 2 ndoes in the supervised module, the total
power of output errors is shown in Fig.2(b). From
Fig.2, it turns out that the designed network real-
izes higher convergence speed than the 3 layered
perceptron. In addition, the network can correctly
recognize the given data even in a nonlinearly di-
vided cluster set.

In the second experiment, more complicated
4 cluster data are used where the input dimen-
sion is 3. The convergence speeds are explored to
the 3 layer perceptron with 20 nodes in the input
layer, 10 nodes in the hidden layer and 4 nodes in
the output layer, the self-organized network with a
single perceptron, and the proposed network. The
self~organized with a single perceptron is designed
with a self-organized module without any super-



vised training and a single perceptron as the out-
put layer. The results are shown in Fig.3. Ac-
cording to them, the proposed network can show
the highest convergence speed. In addition, Fig.4
shows the error properties for unknown data set.
In this figure, the horizontal axis indicates the to-
tal number of training times. The vertical axis
indicates the 1st and 2nd error counts for 3000
unknown data where the 1st error counts show
that the maximum output of the network is not
correct to the reference, and the 2nd error counts
show that both the maximum output and the next
maximum output are not correct. As to the recog-
nition accuracy, the proposed network shows the
excellent performance among them.

B. Ezperiments of Nonlinear Spectrum Estimation

In this subsection, some results on nonlinear
spectrum estimation using our network are ex-
plained. As spectrum estimation methods, the
parametric methods of AR modeling [14] and ARMA
modeling [16] have been quite known. If ARMA
modeling is used for the estimation of speech spec-
tra, some nonlinear processing techniques are re-
quired. Even if a cepstrum analysis [15] as non-
parametric method is also applied to that applica-
tion, they require complicated processing in order
to obtain good accuracy.

This report applies the designed network to the
nonlinear spectrum estimation in order to explore
the possibility of new parallel processing on spec-
trum analysis using a neural network. In this sub-
section, 5 Japanese vowels are examined. Those
are sampled at 10 kHz frequency by using 12 bit
A/D converter. Fig.5 shows the results on spec-
trum analyses. In these figures, 128 point FFT
spectra, 64 point ARMA spectra using Model Iden-
tification System [16] and 64 point spectra ob-
tained using the proposed network are presented.
The network has been trained with the network
structure of 30 input nodes and 64 output nodes

by using 25 supervised data. i.e., 5 supervised

data for each vowel. Other initial values except
the numbers of nodes are the same as the previ-
ous. All figures in Fig.5 are given for the training
data. Accordingly, this result only shows that the
network can memorize the given data sel of esti-
mated spectra.

In order to explore the ability of spectrum es-
timation, the estimates of spectrum envelopes on
vowel /o/ are considered in the next experiment.
The input dimension of the network is 256 dimen-
sional vector which is given from FFT and the
output dimension is set as 64. The other initial
conditions are the same as the previous. First 25
training data are used for data learning in the net-
work. Then some FFT spectra which are different
from the training spectra are fed into the network
as input data. Fig.6(a) and (b) show the train-
ing results on vowel /o/. In addition, fig.6(c) and
(d) show the estimated results for unknown data.
From the results, it is shown that the spectrum en-
velops can be estimated by using the proposed net-
work although some small parts of the estimates
are influenced by the original FFTs.

4. CONCLUSIONS

This report has introduced a new network with
a self-organized mechanism and a supervied mech-
anism for data clustering and recognition. The
network consists of a self-organized module and a
supervised module. The self-organized module has
been mainly controlled by the information of input
data. However, this module has been also trained
by a supervisor. Compared with the conventional
neural networks, i.e., a sell-organized neural net-
work and a multi-layer perceptron network, the
learning ability of the designed network is quite
higher than them and ils convergence speed is
greatly improved. This results are recognized as
new properties that the proposed network can re-
alize the high speed training ability because of a
sophisticated self-organization and the high accu-




racy because of a backward supervised learning.
These comparisons are also explored in the design
experiment of exclusive-OR function and the esti-
mation of speech envelops.
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Fig.2 Error curves on Training
Training property of (a) a multi-layered perceptron and
(b) the proposed network.
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Fig.3 Error curves on Training

Training property of (a) a multi-layered perceptron, (b)
a network consisting of a self-organized network and a
simple perceptron, and (b) the proposed network.
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Fig.4 Comparisons of Recognition Ability.

{a) Total number of misrecognition using a multi-layered
perceptron where the 1st stands for the case when the

first candidate is only recognized as the final result and

the second stands for the case when the first and the

second candidates are recognized as the final result.

The total number of misrecognition using (b) a self-

organized model and a simple perceptron network and

(c) the proposed network.

Fig.5 Examples of nonlincar spectrum learning for Japanese

5 vowels using the
Each fig.

proposcd network.

shows (m)MIS analysis spectrum, (p) the

proposed network and (f) FFT spectrum of Japancse

vowels (a) /a/, (b) /i/, (c) /u/, (d) /e/ and (c) /o/.
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Fig.6 Examples of nonlincar spectrum estimation for
Japanese /o/ using the proposed network.
Figs.(a) and (b) show (m)MIS analysis spectrum, (p)
the proposed network and (f) FFT spectrum of Japanese
vowels /o/ which are given as training data. Figs.(c)
and (d) show (p) The proposed network and (f) FFT
spectrum of Japanese vowels /o/ wlnch are unknown

data.
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