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Abstract

Neural network architectures that can handle complex inputs, such as backpropagation
networks, perceptrons or generalized Hopfield networks, require alarge amount of time
and resources for the training process. This thesis adapts the time-efficient corner
classification approach to train feedforward neural networks to handle complex inputs
using prescriptive learning, where the network weights are assigned simply upon
examining theinputs. At first a straightforward generalization of the CC4 corner
classification algorithm is presented to highlight issues in training complex neural
networks. This algorithm performs poorly in a pattern classification experiment and for it
to perform well some inputs have to be restricted. Thisleads to the development of the
3C agorithm, which is the main contribution of the thesis. Thisalgorithm istested using
the pattern classification experiment and the results are found to be quite good. The
performance of the two algorithmsin time series prediction isillustrated using the
Mackey-Glass time series. Quaternary input encoding is used for the pattern
classification and the time series prediction experiments since it reduces the network size

significantly by cutting down on the number of neurons required at the input layer.



Chapter 1

| ntroduction

Neural network architectures based on the biological neuron model have been devel oped
for various applications over the years. Though research in such architectures has
wavered from time to time, their usefulness in many applications has ensured them a
secure nichein Al research. Neural networks are used in speech recognition, electronics
and telecommunications, aerospace, medicine, banking and financial analysis, pattern
recognition and other analytical aress.

Many neural network architectures operate only on real data. But there are
applications where consideration of complex inputsis quite desirable. For example,
complex numbers in the frequency domain define the amplitude and phase of a process as
afunction of frequency. Prior complex neural network models[11, 16, 18] have
generalized the Hopfield model, backpropagation and the perceptron learning rule to
handle complex inputs. Noest [15, 16, 17] formulated the Hopfield model for inputs and
outputs falling on the unit circle in the complex plane. Georgiou [3] described the
complex perceptron learning rule. Also, Georgiou and others[2, 12, 14] described the
complex domain backpropagation algorithm. More recently, work presented by Li, Liao
and Yu [13] uses digital filter theory to perform fast training of complex-valued recurrent
neural networks.

The training processes used by the different architectures mentioned above are

iterative, requiring alarge amount of computer resources and time for the training. This



may not be desirable in some applications. The corner classification approach [5, 6, 7, 8,
9] (algorithms CC1 to CC4), speeds up the training process of neural networks that
handle binary inputs, achieving instantaneous training. A generalization of this approach
that maps non-binary inputs to non-binary outputs is presented by Kak and Tang [ 10, 20].

The corner classification approach utilizes what is known as prescriptive learning,

which requires that the training samples be presented only once during training. Inthis
procedure, the network interconnection weights are assigned based entirely on the inputs
without any computation. The corner classification algorithms such as CC3 and CC4 are
based on two main ideas that enable the learning and generalization of inputs:

1. Thetraining vectors are mapped to the corners of a multidimensional cube.
Each corner isisolated and associated with a neuron in the hidden layer of the
network. The outputs of these hidden neurons are combined to produce the
target output.

2. Generalization using the radius of generalization enables the classification of
any input vector within a Hamming Distance from a stored vector as
belonging to the same class as the stored vector.

Dueto its generalization property, the CC4 agorithm can be used efficiently for certain
Al problems. Theresults of pattern recognition and time series prediction experiments
using CC4 are presented by Tang [19]. When sample points from a pattern are presented
to the network, the CC4 algorithm trains it to store these samples. The network then
classifies the other input points based on the radius of generalization, allowing for the

network to recognize the pattern with good accuracy. In time-series prediction, some of



the samples from the series are used for training, and then the network can predict future
valuesin the series.

Thisthesis generalizes the corner classification approach to handle complex
inputs and presents two modifications of the CC4 algorithm. These generalizations
require new procedures of weight assignment. Chapter 2 discusses the CC4 agorithm, its
working and performance for different types of problems. Chapter 3 describes a new
encoding scheme called the quaternary encoding, which will be used in different
experiments to analyze the new algorithms. Chapter 4 presents the first generalization of
the CC4 algorithm and describes its performance and limitations. Chapter 5 presents the
3C agorithm, which overcomes the limitations of the first algorithm. In the next chapter,
the performance of the two algorithms is tested using the time series prediction
experiment and results comparing the efficiency of the two algorithms are presented.
Finally, the last chapter provides the conclusions related to the use of complex binary

inputs in corner classification and the future of the 3C algorithm.



Chapter 2

CC4: Corner Classfication Training
Algorithm for Neural Networks

The CC4 adgorithm is similar to its predecessor the CC3 algorithm, and uses the same
feedforward network architecture and features like the prescriptive learning procedure
and radius of generalization. Both algorithms map binary inputs to binary outputs using
similar computations at each layer in the network, but the CC4 has afar better
classificatory power.

There are two main differences between the CC3 and the CC4 algorithms.
Firstly, in CC4 a hidden neuron is created for each and every training sample that is
presented. Secondly, the output layer isfully connected, i.e. all hidden neurons are
connected to all the output neurons. In the CC3 algorithm, hidden neurons are created
only for training samples that produce abinary “1” output. If there are multiple output
neurons, hidden neurons are created only if their corresponding training samples produce
at least one binary “1” in the output vector. Also ahidden neuron is connected to an
output neuron, only if the training sample that the hidden neuron corresponds to, leads to
abinary “1” at that output neuron. Thisinterconnection is assigned afixed weight of 1.
But in the CC4, since the output layer is fully connected, an appropriate weight
assignment scheme isrequired at this layer to ensure that the right output neuron fires.
Like the CC3 algorithm, the CC4 uses the binary step activation function at the hidden
layer and the output layer. The activation function determines the output of aneuronin

any layer, depending on whether or not the input to the neuron crosses a threshold of O.



The different features of the CC4 algorithm are as follows:

1. The number of input neurons is one more than the number of input elementsin a
training sample. The extraneuron is called the bias neuron and receives a
constant input (bias) of 1.

2. A hidden neuron is created for each training sample presented to the network.
The first hidden neuron corresponds to the first training sample; the second
hidden neuron corresponds to the second sample and so on.

3. Theoutput layer isfully connected. All hidden neurons are connected to each and
every output neuron.

4. The weights for interconnections between the input neurons and the hidden
neuron corresponding to the training sample presented, are assigned using the
prescriptive learning procedure.

5. For every training sample, if an input element isabinary “1”, the appropriate
input interconnection is assigned aweight of 1. Similarly, if the input element is
abinary “0”, aninhibitory weight of -1 is assigned to the interconnection.

6. The interconnection weight from the bias neuron to the hidden neurons for each
training sampleisassigned asr —s+ 1. Herer isthe radius of generalization and
sisthe number of onesin the sample being presented.

7. The output interconnection weight from each hidden neuron to an output neuron
is assigned based on the desired output at the output neuron. If the desired output
for the training sample corresponding to the hidden neuron isabinary “1”, then
theweight assigned is 1. If the desired output isabinary “0” the weight assigned

isaninhibitory -1.



8. Theactivation functions used at both the hidden and output layers, is the binary
step activation function presented below. Here x isthe input and y is the output.

1 if  x[n]>0

y [n]
0 otherwise

The algorithm can be stated using a set of smpleif - then rules. The formal algorithmis
asfollows:

for each training vector X, [Nn] do
Sn=noof 1's in Xy [1:n-1];

for index =1ton-1do Il W[ ]: input weights
if Xxm[index] = 0then
W, [index] =-1;
else
W, [Index] = 1;
end if
end for
W[N] =r-sp+1;

for indexl =1tok do /I k = no of outputsy
if ym[index1] = Othen
OWn [index1] =-1; Il own [ ]: output weights
else
OWn, [index1] =1;
end if
end for
end for

The working of the algorithm may be best understood when we taker as0. Now when a
training sample is presented, the vector combines with the input interconnection weights
as the sum of the products of each input element with its corresponding interconnection
weight element. The hidden neuron corresponding to the training sample presented
receives a+1 input from all the input neurons which are presented with abinary “1”.

There are s such input neurons, which receive a +1 input from the training sample since



there are sonesin the sample. Sincer is zero, the input to the hidden neuron from the
bias neuron is-s+ 1 and the net input received by the hidden neuroniss—s+ 1=1. The
other hidden neurons will receive a negative or O input because the positions of the +1
and -1 weights don’t match the positions of al the binary “1” inputs and the binary “0”
inputs respectively. This ensures that only the corresponding hidden neuron fires and
produces abinary “1” output since the threshold of the activation function is set as zero.
Thus the similar combination of the hidden neuron outputs and the output layer weights
produces the desired final outputs. The general network architecture for the CC4 is

shown below.

Figure 2.1: General network architecturefor CC4



The working of the agorithm can beillustrated by the following examples. The
first isthe ssimple XOR example. The second example maps inputs to multiple outputs.
Example 2.1
In this example the network is trained to perform the XOR function. Thetruthtableis
shown in Table 2.1. There are two input elementsin each input vector. Thus three input
neurons are required including the bias neuron. No generalization is desired here. Hence
the radius of generalizationr is set as zero. Here all four input vectors are required to
train the network. Thus four hidden neurons are used. These hidden neurons are
connected to a single output neuron.

Table 2.1: Inputsand outputsfor Example 2.1; XOR truth table

Inputs Output
X1 X2 Y

Fl—|lolo
Flolk|o
olr|r|o

The weights at the input layer and output layer are assigned according to the
algorithm. Theinput vectors are then presented one at a time and the combination of
each with the weights causes only one hidden neuron to fire. For the vector (0 1 1), the
number of binary ones, s, is 1, without the bias bit 1. Hence we get the weight vector to
the hidden neuron corresponding to the sasmple as (-1 1 0). Thusthe total input to the
hidden neuronis (0* -1) + (1* 1) + (1 * 0) = 1. Theinput to the other hidden neuronsis
either O or negative. Similarly the network is trained by presenting the other vectors one
after the other and then tested successfully. The network diagram is shown in Figure 2.2,

and Table 2.2 contains the network parameters obtained during the training.



Figure 2.2: The Network Architecturefor Example 2.1

Table 2.2: Network Parametersin the input/output mapping of Example 2.1

Input to Output of Input | Output
Inputs S Wel ghtS H; H, Hz | Hy |[Hi|Hx|Hs|Hs| tOY Y
O[0]1f0|-1]-1|1] 1 0 O|-1[12[]0]0]|O0 -1 0
O|1[1(f1|]-1|1(0| O 1 |(-1{0]0(12]0]0 1 1
1/0|1]1]1|-1]0] O -1 1]0|0[]0|1]0 1 1
111(1)21]1]|-1| -1 0 O] 1]0[0]|]0]|1 -1 0




Example 2.2: Two-output neuron network

In this example the CC4 algorithm is used to train a network, which has two output
neurons. The truth table below holds the inputs and the outputs.

Table 2.3: Inputsand outputsfor Example 2.2

Inputs Outputs
X 1 Xz X3 X4 XS Y 1 Y2

Y E=3I=
olr|o
=
olo|r
N=]{=)
ROk
Ok |k

Here the input vectors have five elements each. Thus six input neurons are
required including the bias. All three vectors need to be used for training, thus the
number of hidden neuronsisthree. The output vector istwo bitslong; so two output
neurons need to be used. Aseach sampleis presented, the network weights are assigned
according to the algorithm for the input and the output layer.

The network is then tested with all of the inputs and it can be seen that the
network successfully maps all the inputs to the desired outputs. The architecture of the
network required to implement the input/output mapping for this exampleis shownin
Figure 2.3, and the different parameters of the network are tabulated in Table 2.4.

These above examples show how well the network can be trained to store vectors
and then associate the vectors with their appropriate outputs when the vectors are
presented to the network again. However the generalization property cannot be observed
since in both examplesr isset to 0. This property of the CC4 agorithm can be analyzed
by a pattern classification experiment. The algorithm is used to train a network to

separate two regions of a spiral pattern.

10



X1
(O

X2 -1

[EEN

LS >
Xs i 1 \

Figure 2.3: The Network Architecturefor Example 2.2

Table 2.4: Network Parametersin the input/output mapping of Example 2.2

Input to Output of | Output

Inputs S Weights Hi | Hz |H3 | Hy | H2 | Ha |yl|y2
110|012 2/1}-1{-1j1}-1{-2{1,-3}/-2{1,0|0]1]1
oji1(12/0j0|1/|2{-2{1{1}-1{-1{-1{-3,1|-2{0|1|0]0]1
1/0j2j021|1|3]1|-1|1|-1|1|-2|-2|-2]1]0]0|1]1]|0

11




The original patternis shown in Figure 2.4 (a). The pattern consists of two
regions, dividing a 16 by 16 areainto a black spiral shaped region and another white
region. A point in the black spiral region is represented asabinary “1” and a point in the
white region is represented by abinary “0”. Any point in the region is represented by
row and column coordinates. These coordinates, ssimply row and column numbers, are
encoded using 16 - bit unary encoding and fed as inputs to the network. The
corresponding outputs are 1 or 0O, to denote the region that the point belongs to.

The unary encoding used converts numbers 1 through 16 into strings, each of
length 16 bits. Asan example the number 1 isrepresented by a string that has fifteen 0's
followed by asingle 1. The number 2 is represented by fourteen 0’ s followed by two 1's
and so on. Thus the set of numbers from 1 through 16 is represented by strings belonging

to the range 0000 0000 0000 0001 to 1111 1111 1111 1111. To represent apoint in the

pattern, the 16 - bit strings of the row and column coordinates are concatenated together.
To this, another bit that represents the bias is added and the resulting 33-element vector is
given asinput to the network.

The training samples are randomly selected points from the two regions of the
pattern. The samples used here are shown in Figure 2.4 (b). The points marked “#’ are
the points from the black region and the points marked “0” are points from the white
region. A total of 75 points are used for training. Thus the network used for this pattern
classification experiment has 33 neurons in the input layer and 75 neurons in the hidden
layer. The output layer requires only one neuron to display abinary “0” or “1”.

After the training is done the network is tested for al 256 pointsin the 16 by 16

area of the pattern asthe value of r isvaried from 1to 4. Theresultsfor the different

12



levels of generalization achieved are presented in Figure 2.4 (c), (d), (e) and (). It can be
seen that as the value of r isincreased the network tends to generalize more points as
belonging to the black region. This over generalization is because during training, the
density of the samples presented from the black region was greater than the density of

samples from the white region.

13



Original Spiral Pattern Training Samples r=1
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### 0 #o# 0 HHHHH
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#H# HHHHH 00 # o #o# HH# HHHHH
HHHHH o # # # HHHHH
B H o o # o ## HHHHHH
TR o # # # HEHHHHH
R 0 0 #o# # R
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Figure 2.4: Results of spiral pattern classification using CC4 algorithm
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Chapter 3

| nput Encoding

For the pattern classification problem using the CC4 agorithm, the unary encoding
scheme s preferred over binary encoding because it provides an ordered and linear
measure of distance, related to the number of onesin the coded sequence. The 16 row
and column coordinates of the pattern are integers represented by 16 - bit unary codes.
Therefore 1 is represented as 0000 0000 0000 0001, 2 is represented as 0000 0000 0000

0011 and so on such that 16 isrepresented as 1111 1111 1111 1111. The encoded

coordinates are then concatenated to denote a point in the pattern. This means that after
including the bias, each input vector is 33 bitsin length and the same number of neurons
arerequired at the input layer of the network. If binary encoding were used instead, the
number of input neurons required would be 9, as the row and column coordinates would
each require four bits and one bit would be required for the bias. Nevertheless since
unary encoding enhances generalization it is considered an appropriate choice for the
corner classification family of networks.

For the new algorithms, one can take advantage of the two dimensional nature of
complex numbers for the encoding problem. First the 16 row indices are represented

using unary strings of the range 0000 0000 0000 0001 through 1111 1111 1111 1111

The 16 column indices can be represented in asimilar manner, using i instead of 1. The
column index 1 can be represented as 0000 0000 0000 000i, the column index 2 can be
represented as 0000 0000 000 000ii and so on. Now the encoded row and column indices

can be added together to denote a point, resulting in a 16 - character string. For example

15



the point (5, 8) is encoded as 0000 0000 0001 1111 0000 0000 1111 1111 using the unary
code. This point can now be represented as 0000 0000 iiil+i 1+i1+i1+i1+i. Thiscuts
down the number of input neurons required from 33 to 17.

It is possible to reduce the network size even further by using a new scheme
called quaternary encoding. This scheme requiresonly 11 input neurons for the pattern
classification problem. It isasimple modification of the unary scheme and
accommodates two additional charactersi and 1+i. The row and column indices ranging
from 1 to 16 can be represented using quaternary codewords only five charactersin
length. Theintegers 1 to 6 are represented with codewords from the range 00000 through
11111. Thisfollowsfrom the unary scheme. Now the character i isintroduced and the
introduced and the integers 12 through 16 are represented with codewords from iiii1+i to
1+i1+i1+i1+i1+i. Thusfor each point, when itsrow and column codewords are
concatenated and the bias is added, we get an 11 element vector. Table 3.1 holds all the

codewords used to represent integers 1 to 16.

3.1 Length of the Codewords

An important issue is to decide the length of the codewords required to represent a
desired range of integers. Let | be the length of the codewords for arange of C integers.
Consider theintegersin Table 3.1. For thisrangeC =16 and | =5. We can how
examine how 16 codewords can be formed with | = 5. The 16 codewords can be
classified into three groups. Thefirst group representsintegers 1 to 6, where the
codewords are constructed without using charactersi or 1+i. The codewordsin the

second group represent integers 7 to 11 and don’t use 1+i, while in the third group the

16



Table 3.1: Quaternary codewordsfor integers1to 16

Integer Quaternary code
1 0 0 0 0 0
2 0 0 0 0 1
3 0 0 0 1 1
4 0 0 1 1 1
5 0 1 1 1 1
6 1 1 1 1 1
7 1 1 1 1 [
8 1 1 1 [ [
9 1 1 i [ [
10 1 i i [ [
11 i i i [ [
12 i i i [ 1+i
13 i i i 1+ 1+
14 i i 1+ 1+ 1+
15 i 1+ 1+ 1+ 1+
16 1+ 1+ 1+ 1+ 1+

codewords representing integers 12 to 16 use 1+i. We see here that the first group has 6
codewords. The other two have 5 each, corresponding to the length of the codewords.

For any C, the set of codewords would consist of three such groups where the first group
has| + 1 codewords, the second and third have | codewords each. Thisis summarized in

Equation 3.1 asfollows:

C=(+21+I+I [3.1]
C=3*1+1 [3.2]
|=(C-1)/3 [3.3]

Equation 3.3 isvalid only when (C — 1) isdivisible by 3. For cases when thisis not true,

it is safeto generalize asfollows:

| = ceil [(C—1)/ 3] [3.4]

17



When (C —1) isnot divisible by 3, the number of codewords that can be formed using the
| obtained from Equation 3.4 is more than required. In this case any C consecutive
codewords from the complete set of words of length | can be used.
Example 3.1
Suppose we require 10 codewords to represent arange of 10 integers. We can deduce |
using Equation 3.4. We have C = 10.

| = ceil [(10-1)/3]

| = ceil [9/ 3]

From Table 3.2 we see that indeed 10 codewords can be formed using | = 3. This verifies

Equation 3.4.

Table 3.2: All possible quaternary codewordswhen | =3

Integer Quaternary code

1 0 0 0
2 0 0 1
3 0 1 1
4 1 1 1
5 1 1 i
6 1 [ [
7 [ [ [
8 [ [ 1+i
9 [ 1+i 1+i
10 1+i 1+i 1+i

Similarly when C = 11, from Equation 3.4 we have| = 4. Now 13 different codewords

can be constructed in sequence. Of these any 11 consecutive codewords may be used for

the desired encoding.

18



Chapter 4

The Problem of Instantaneous Training of
Complex Neural Networks

This chapter presents some issues relating to the development of corner classification
algorithms capable of training 3-layered feedforward neural networks with complex
inputs. Theinput alphabet consists of {0, 1, i, 1+i}, wherei = G-1 and the outputs are
binary O and 1. The features of a straightforward generalization of the CC4 algorithm
and its network architecture are:

1. The number of input neurons is one more than the number of input elementsin a
training sample; the extra neuron is the bias neuron and the bias is aways set to
oneasin CC4.

2. A hidden neuron is created for all training samples; the first hidden neuron
corresponds to the first training sample, and the second neuron corresponds to the
second training sample and so on.

3. Theoutput layer is fully connected; all the hidden neurons are connected to al the
output neurons.

4. If an element in the training sample is a high 1, the interconnection between the
input neuron receiving this element and the hidden neuron corresponding to the
training sample presented is assigned aweight 1. If the input elementisalow O,
then the interconnection weight is an inhibitory -1. This follows from CCA4.

5. The complex input element i is considered to be alow complex input while 1+i is

taken as a high complex input.

19



6.

If an element in the training sampleisi, then the interconnection between the
corresponding input and hidden neuronsis given aweight of -i. If the input
element is 1+i, the weight assigned is 1-i. Thus the weights for complex inputs
are ssimply their complex conjugates.
The input weights from the bias neuron are assigned asr —s+ 1. Thevalue of sis
computed differently from the CC4. Here, sisassigned the value equal to the
sum of the number of ones, i’s, and twice the number of (1+i)s. For example, for
the following vector;
X [3] =[0i 1 1+i]
s=4

The output weights are assigned as 1 or -1 if the desired outputsare 1 or O
respectively, as donein CCA4.
This algorithm uses a binary step activation function at the output layer asin the
CC3 and CC4 algorithms. However the hidden neuron activation function is
different. Thei™- hidden neuron produces an output oh; [n] for atraining sample
n, when it receives an input ih; [n], by the following activation function:

1 if (Im[ihi [n]] =0and Re[ih; [n]] > 0)

oh; [n] =
0 otherwise

Since complex inputs have to be mapped to binary outputs, a simple binary step
activation function would not be sufficient. When the complex input vector combines
with al the interconnection weights, only the appropriate hidden neuron receives area
positive input. The other hidden neurons receive either negative real inputs or complex

inputs. The activation function presented above will filter out all the undesirable

20



complex inputs. Thus only one hidden neuron produces areal positive output when its
corresponding training vector is presented to the network.

This generalized agorithm like the members of the Corner Classification family
can be implemented by simple if-then rules. The formal algorithm is presented below:

for each training vector X, [n] do
Sn=noof 1's+ no of i’'s+ 2*(no of (1+i)s) in Xm[1:n-1];

for index =1ton-1do Il W [ ]: input weights
if Xm[index] = 0 then
W [index] =-1,

else
if Xxm[index] = 1then
W [Index] = 1;
end if
end if
if Xxm[index] =i then
W [Index] = -i;
else
if Xm[index] = 1+i then
W [Index] = 1-i;
end if
end if
end for

W[N] =r-sn+1;

for indexl =1tok do /I k = no of outputsy
if ym[index1] = Othen
OWn [index1] =-1; Il own [ ]: output weights
else
OWn, [index1] =1;
end if
end for
end for

The value of sisassigned based on the total contribution of each input element to achieve
ahigh output. Thisfollowsfrom CC4. The complex input i combines with its weight
assignment -i, to produce a contribution of 1 and the input 1+i combines with its own
weight 1-i to produce a contribution of 2. This explainswhy sis set as equal to the sum

of the number of ones, the number of i’s, and twice the number of (1+i)s. Thesvaueis
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expected to ensure that only one hidden neuron fires for each input, as was the case in
CC4. But sometimes more than one neuron fires even for alogically appropriate value of
s. It will be seen that thisis because of the inputs and the weights. Thus some inputs
have to be restricted.

Assuming r = 0, when an input vector is presented to the network, it combines
with the interconnection weights and only the corresponding hidden neuron receives a
positive input (the s value for that input vector) from the input neurons presented with
non-zero inputs. This hidden neuron also receives a-s + 1 input from the bias neuron.
Thusthe total input to the hidden neuroniss—s+ 1 =1. The working of the algorithm
may be better understood by the following two examples. The first example considers
only complex elements asinputs. The second example considers both complex and real
elements as inputs.
Example4.1
Consider the truth table given below. The agorithm will now be used to train a network
to map the inputs to the outputs in the truth table.

Table4.1: Inputsand outputsfor Example 4.1

Inputs Output
X1 X2 Y
[ [ 0
i 1+ 1
1+i i 1
1+i 1+i 0

The network architecture required for the input/output mapping is shown in Figure 4.1.
The different network parameters obtained during training are tabulated in Table 4.2.

The exampleis based on the XOR function with i asalow input and 1+i as ahigh input.
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Figure4.1: The Network Architecturefor Example 4.1

Table 4.2: Network Parametersin theinput/output mapping of Example 4.1
Input to Output of Input |Output

Inputs s| We ghtS H]_ H2 H3 H4 H]_ H2 H3 H4 toY Y

[ |12 -i|-i|-1] 1 [ i |-1+2i| 1] 0] 0|0 -1 0

i | A+ [2|3]-i|Li|-2] 20| 1|0 [ 0[1(0|0 1 1

4| 0 | 1)3]2-i|-i |-2] 2-i | O | 1 [ 0/[0|1]|0 1 1

1+ | 2+ [ 1|4|2-i|2-i|-3|2-2i[1i|2i| 1 |O]O|O]|1 -1 0
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Each input vector has two elements. Thus including a bias neuron, three input neurons
arerequired. All input vectors need to be used for training and so the number of hidden
neurons required isfour. Only one output neuron is required and all four hidden neurons
are connected to it. The value of r is set as zero as no generalization is required here.
The input and output weights are assigned according to the algorithm.

Consider the second training vector (i 1+i 1) where 1 isthe bias. Thetotal
contribution s, by thisvector is3. Sincer =0, the weight associated with the link
connecting the bias neuron to the second hidden neuron, which corresponds to this
training vector is-2. Thustheweightsare (-i 1-i -2). The training vector and the weights
combine to provide the hidden neuron an input of 1. The other hidden neurons receive a
negative or complex input and fail to fire. Similarly for each sample only one hidden
neuron fires. Thus the input/output mapping is accomplished.

Example 4.2: Two-output neuron network

The generalized algorithm can be used to map inputs to a network with multiple output
neurons. This example maps five-element vectors to two outputs. The inputs and outputs
areshown in Table 4.3.

Table 4.3: Inputsand outputsfor Example 4.2

Inputs Outputs
X 1 Xz X3 X4 X5 Y 1 Y2
0 1+i 1+i 0 [
1+i 0 1 1+i 1
1 1 i 0 1

=
ok |k

The network architecture accomplishing the mapping for this example is shown in Figure

4.2. All the network parameters obtained during the training are presented in Table 4.4.
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Figure4.2: The Network Architecturefor Example 4.2

Table 4.4: Network Parametersin theinput/output mapping of Example 4.2

Input to Output of | Output

Inputs S Weights Hy | Hzo | H3 |Hy|H2|Hs|yl|y2

0 |1+i|1+i| O 1|5/ -1|2-i|2-i|-1|-i|4] 1 |-5+Hi|-1+i|1|0|0|1|1
1+i| O | 1 |1+ 116{2-i|-2|21|1i|1|-5-54i| 1 (-2si0]1|0]0]|1
111110 1141 (21 |-|-1|1(3/-3i|-4(1,0]012|10
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Each input vector has five elements, which means that six input neurons are required
including the bias neuron. All three samples need to be used for training and so three
hidden neurons are required, which are connected to two output neurons. The input and
output interconnection weights are assigned according to the algorithm. Only one hidden

neuron fires for each input accomplishing a successful mapping.

4.1 Restrictions on the Inputs

As mentioned earlier some inputs vectors fire more than one hidden neuron. This
undesirable property is caused because the complex nature of one input vector is
neutralized by the weights corresponding to some other vector. Thus certain inputs have
to be restricted for the algorithm to work and accomplish successful mapping. There are
two restrictions and they are asfollows:

1. If an melement vector with n wholly real high and n wholly real low elementsis
given as an input, then another m element vector with n wholly complex high and

n wholly complex low elements cannot be given as an input, if these high and low

elements of both the vectors, appear in the same positions, while all other m- 2n

elements of both the vectors are identical.

Consider the two sets of vectors below. In each set only the elementsin the

vectors that are not identical are shown.

1 Input1: ...1....0...
Input2: ... 1+ ...0...
2) Input 1: ...i....1+ ...

Input2: ...0....1...
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2. If an melement vector with n complex high elementsis given as an input, n being
even, then another m element vector with n/2 real high elements and n/2 complex
low elements in the same positions as the n complex high elements of the first

vector, cannot be given as an input, if al the other m - n elements of both the

vectors are identical.

For instance, in both sets of vectors below, one vector’ s weights neutralize the

complex nature of the other.

1) Input 1: ...1 | 1 i

Input 2: ... 1+ 1+ 1+ 1+ ...

2) Input 1. ...21+ 1+ 1+ 1+ ...

Input2: ...1 i 1 i

The above two restrictions are illustrated in the following two examples. Example 4.3

handles vectors restricted by the first restriction and Example 4.4 handles vectors

restricted by the second restriction.

Example 4.3: Network with Inputs under Restriction |

The following table displays inputs and their corresponding outputs where the second or
the third input vector should be restricted. In this case the network cannot map the

second input vector to the corresponding output. The network diagram is shown in

Figure 4.3, and the network parameters arein Table 4.6.

Table 4.5: Inputsand outputsfor Example 4.3

Inputs Outputs
X1 X2 X3 Xa Xs Y
1 [ 1 0 1+i 1
i 1 1+i 0 i 1
[ 1 1 0 0 0
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Figure4.3: The Network Architecturefor Example 4.3

Table 4.6: Network Parametersin the input/output mapping of Example 4.3

Input to Output of | Output
Inputs s Weights Hy | H | Hs |Hi|H2|Hs| Y
1 |0] 1+i 5(1 (-1 |-1|2-i|-4 1 2-2i 2111700 1
1+ (O] i 5(-i|1]2-i|-1] -i |-4|-2+2i| 1 1 0O|1|1 0
110/ 0 3| -if1|1|-1}-1|-2 -3 | -1i| 1 0|01 0

28




The two vectors differ only by elements 3 and 5. The third element in both is high, but in
the second vector it iscomplex and thethird it isreal. The fifth element in both vectorsis
low, but again in the second vector it is complex and in thethird itisreal. Thusthe
complex nature of the second vector gets neutralized when multiplied by the weights of
the third vector. This causes the faulty output for the second vector. The shaded cellsin
Table 4.6 contain the undesired input to the third hidden neuron and the erroneous output
element produced by thisinput.

Example 4.4: Networ k with I nputs under Restriction |1

The table below displays inputs and their corresponding outputs for this example, where
the second or the third vector should be restricted. Here the network fails to map the
third input vector to the corresponding output.

Table4.7: Inputsand outputsfor Example 4.4

Inputs Outputs
X 1 x2 X3 X4 X5 Y
1 i 1 0 1+i 1
[ 1 [ 1 0 0
[ 1 1+i 1+i 0 1

The second and third vectors differ by the third and fourth elements. The second vector
has a complex low and areal high asthe third and fourth elements, while the third has
complex highs as both the third and fourth elements. In this case the complex nature of
the third vector gets neutralized when multiplied with the weights of the second vector.
As aresult, the vector does not get mapped to the right output. The network architecture
for the example is shown in Figure 4.4, and Table 4.8 holds all network parameters. The

elements causing the erroneous output are shaded in the table.
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Figure4.4: The Network Architecturefor Example 4.4

Table 4.8: Network Parametersin the input/output mapping of Example 4.4

Input to Output of | Output
Inputs S Weights Hy | Hx | Hs |Hi|H2|H3| Y
1|0 |1+ 2|52 |-i|1|-1|2i|-4 1 |-4-2i|-52|1]0]|0 1
i | 1] 0 |2{4]-i|2)|-i|1] -1-3]-5+H] 1 -1 ]0]1]0 0
1+i |1+ | O [1(6| -i|1|1-i|1-i|-1|-5| -4 1 1 |01 1 0
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These above restrictions influence the generalization of the output class. Thiscan
be illustrated by repeating the spiral pattern classification experiment of Chapter 2. The
row and column coordinates of the pointsin the 16 by 16 pattern area are encoded using
the two schemes discussed in Chapter 3 suitable for this algorithm’s alphabet. The first
scheme represents row coordinates using 0's and 1’ s and column coordinatesusing 0's
andi’s. These representations are added together to denote a point in the pattern. In this
case the number of input neurons required isonly 17. The same 75 training samples used
in the CC4 experiment are used here for the training, and then the network is tested with
al 256 points. Figure 4.5 (c) to (f) show the different results for the testing, with r
varying between 1 and 4.

The experiment is repeated using the quaternary encoding scheme. Here the
network size is reduced even further, asonly 11 input neurons are required. The network
isthen tested for all pointsin the pattern and the results are shown in Figure 4.6 (@) to (d).
In both cases we see that the classification is not very good. Thisis because during
testing even restricted inputs are presented to the network causing the poor classification.

The algorithm was also tested to classify a second pattern shown in Figure 4.7 (a).
The asymmetric pattern resembles a hand about to catch around object. Again atotal of
75 points were used in the training, a maority of them being from the black region. The
samples are presented in Figure 4.7 (b). Both encoding schemes were used and the
results of the testing for the different values of r are shown in Figure 4.7 (c) to (f) and
Figure 4.8 (a) to (d). Once more it can be seen that the results are not appreciable. Table
4.9 and 4.10 contain the number of pointsin the patterns that have been classified and

misclassified when both encoding schemes were used.

31



Original Spiral Training Samples r=1
O O (0]
o] o] # #

### 0 #o# 0 #oOHHHHH
HHHHBHHHH o # # # 0 HHHBHHHRH
EEEEEEEEEE # O # # EEEEEEEEX:

HUHHBHHBHBRHH #o## # # 0 HHEHBHR HHEH
HHHHH HHHHHH o # #o## HHHH HHHHH
#HHH# HHHHH # o0 o #o# HHEHBHHE  HHEHBH
HUHH# # HHHHH # # #  o# # HHEHBHBHR  HHEHH
HHHHH HHHHH o# # # o # # HHEHBHHE HEHBH
### HHHHH 00 # 0 #o# HHEHHH HHHH
HHHHH o # # HHEHHH #HH
HHHBHH o o # o ## HHHH #HH
SRR o # # # #H# #HH
HUHHHBHH 0 #o# # # HHHH
HUHHBHHHHRH o0 o# # # # #HHH
(@) (b) (©)
r=2 r=3 r=4
#
H# # HHHHHH HAHBHAHHRH
HUHHHHH EEEEEEEE HHEHBHBHBRHH
HHHHBHHHH SRR TR HHEHBHBHBRAHRH
HHHHBHHBHBHRHY HHHHHBHBHUHH HAEHBHBHBHHHRH
HHHH HHHBBBHH HHHHHBHBHBRHH EEEEEEEEEEE R
HUHHBEH  HHHHH HHHHHBHR HUHHH HAEHBHBHRHHHRH
HUHHBHHE HHHHH HHHHHBHBHBRHH HHEHBHBHBRBHBH
HUHHBH BB HHHH HHHHHBHBHBRHH HAHHHBHBHHRH
HUHHBHRY HHHH #OHHHBHBHBRHH #OHHHBHBRARRH
HUHHHH ## # HHHHHHE HHHHHH HAEHBHBHBHBHRH
HUHHHH ### HHHHHH  HHBHH ## #OHHHHRH
#oHH#H ### # # # ## # o #
## ### #o# # # #o## # #
## ### # #oH# ## #o## HHHHHHE #
HH# #HH HH#H # HHHHH HH# #o# HHHHHHE #
(d) (€) (f)

Figure 4.5: Results of spiral pattern classification using the first encoding scheme
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Figure 4.6: Results of spiral pattern classification using quater nary scheme
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Figure4.7: Results of pattern classification using the first encoding scheme
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Figure 4.8: Results of pattern classification using quater nary scheme
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Table 4.9: No. of points classified/misclassified in the spiral pattern

No. of points
r=1 r=2 r=3 r=4
First Encoding Classified 196 191 189 177
Scheme Misclassified 60 65 67 79
Quaternary Classified 191 186 191 182
Encoding Scheme  |Misclassified 65 70 65 74

Table 4.10: No. of points classified/misclassified in the second pattern

No. of points
r=1 r=2 r=3 r=4
First Encoding Classified 181 166 151 137
Scheme Misclassified 75 90 105 119
Quaternary Classified 193 179 152 133
Encoding Scheme  |Misclassified 63 77 104 123

Neither scheme has produced appreciable results. Thus we can conclude that the
algorithm itself does not bring about efficient generalization. This poor performance of
algorithm brought about the need for a better algorithm capable of handling complex

inputs and lead to the development of the 3C Algorithm.
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Chapter 5

The 3C Algorithm: Instantaneous Training
for Complex Input Neural Networks

The 3C algorithm (from Complex Corner Classification, CCC) is also a generalization of
the CC4 and is capable of training three-layered feedforward networks to map inputs
from the alphabet {0, 1, i, 1+i} to thereal binary outputs 0 and 1. The algorithm
presented in the previous chapter placed two restrictions on the inputs thus affecting its
performance. The 3C algorithm eliminates these restrictions by altering the assignment
of the input interconnection weights and the combination procedure of these weights with
the inputs. The features of the algorithm and its network are:
1. The number of input neurons is one more than the number of input elementsin a
training sample. The extraneuron isthe bias neuron; the biasis always set to one.
2. Asin CC4, ahidden neuronis created for al training samples, and the first hidden
neuron corresponds to the first training sample, the second neuron corresponds to
the second training sample and so on.
3. Theoutput layer isfully connected; each hidden neuron is connected to all the
output neurons.
4. The interconnection weights from all the input neurons excluding the bias neuron
are complex. Each input of the alphabet {0, 1, i, 1+i} istreated as complex for

the weight assignment.
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5.

If thereal part of the input element is 0, then the real part of the corresponding
input interconnection weight assigned is-1. If thereal part of theinput element is
1, then the real part of the weight isalso set as 1.

Similarly if the complex part of the input is O, then the complex part of the weight
isassigned as-1 or if the complex part of theinput is 1, then the weight is aso
assigned as 1.

The weight from the bias neuron to a hidden neuronisassigned asr —s+ 1,
wherer isthe radius of generalization. The value of sisassigned as sum of the
number of ones, i’s, and twice the number of (1+i)sin the training vector
corresponding to the hidden neuron.

If the desired output is 0, the output layer weight is set as an inhibitory -1. If the
output is 1, then the weight is set as 1.

The altered combination procedure of the inputs and the weights causes the
hidden neuron inputs to be entirely real. Thus the activation function required at
the hidden layer is ssimply the binary step activation function. The output layer

also uses abinary step activation function.

When an input vector is presented to the network, the real and imaginary parts of each
input element of the vector is multiplied to the corresponding interconnection weight’s
real and imaginary parts respectively. The two products are then added to obtain the
individual contribution by an input element in the vector. Thisis done for each element
and their individual contributions are then added together to obtain the total contribution
of the entire vector. Using this combination procedure, each hidden neuron always

receives only real inputs. Thus only abinary step activation function is required at the
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hidden layer. Asan example consider the vector (1 1+i i). The corresponding weight
vector is (1-i 1+i -1+i). The input vector now combines with this weight vector to yield a
total contribution of 4. This contribution is computed as follows:
(Re (D)*Re (1-i) + Im (2)*Im (1-))
+ (Re (1+i)*Re (1+i) + Im (1+i)*Im (1+i))
+ (Re(i))*Re (-1+) + Im (I)*Im (-1+i)) =4
The 3C algorithm can also be expressed as a set of smpleif-then rules. The formal
algorithm is asfollows:

for each training vector X, [n] do
Sn=hnoof 1's+ no of i’'s+ 2*(no of (1+i)s) in Xm[1:n-1];

for index =1ton-1do Il W [ ]: input weights
if Re (Xm[index]) = 0then
Re (wn[index]) = -1;

else
if Re (Xm[index]) = 1 then
Re (wn[index]) = 1;
end if
end if

if Im (Xm[index]) = 0then
Im (wp, [index]) = -1,

else
if Im (Xm[index]) = 1then
Im (Wn [index]) = 1;
end if
end if
end for

W[N] =r-sn+1;

for indexl =1tok do /I k = no of outputsy
if ym[index1] = Othen
OWn [index1] =-1; Il own [ ]: output weights
else
OWn, [index1] =1,
end if
end for
end for
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Let r = 0, now when an input vector is presented to the network, all input neurons
except the bias neuron provide the hidden neuron corresponding to the input vector, with
acontribution equal to the svalue of the vector. And sincer is set as zero, the input from
the bias neuron isequal to -s+ 1. Thusthe total input to the hidden neuronis 1. All
other hidden neurons receive zero or negative input. This ensures that only one hidden
neuron fires for each input and so there is no need for restricting any of the inputs.

The examples used in Chapter 4 are repeated here to illustrate the working of the
3C agorithm. Examples 5.3 and 5.4 show how the inputs restricted by the algorithm in
the previous chapter are successfully mapped using 3C.

Example5.1

The inputs and outputs are shown below in Table 5.1. The 3C agorithm can be used to
train anetwork to map these inputs to the outputs. The network architecture is shown in
Figure 5.1, and the various network parameters are tabulated in Table 5.2.

Table5.1: Inputsand outputsfor Example 5.1

Inputs Output
X1 X2 Y
[ [ 0
i 1+ 1
1+i i 1
1+i 1+i 0

As mentioned in Chapter 4, thisexampleis similar to the XOR function taking the input i
asthe low input and the input 1+i asthe high input. Each input vector has two elements
and so three input neurons are required including the one for the bias neuron.  All four

training samples are required for the training; so four hidden neurons are required. The

40



Figure5.1: The Network Architecturefor Example5.1

Table5.2: Network Parametersin theinput/output mapping of Example 5.1

Input to Output of Input | Output

Inputs S Wei ghtS Hi | H, | Hs| Hs |Hi |H | H3 | Hs | tO Yy of Yy
[ i |12 -1+ | -1+ |-1{1 (0|0 |-1/1]0]0|0]| -1 0
i |1+ (13| -1+i| 1+ |-2/ 0| 1|20 |0|21|0]|O0 1 1
1+ i (1/3] 1+ | -1+ |-2/ 0 |-1|2 |0 |0|]0|1]0 1 1
1+ | 1+i(1{4| 1+ | 1+ |-3|-1 | 0|01 0|0 |O0]|1]| -1 0
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inputs need to be mapped to just one output in each case and thus only one output neuron
isused here. Since no generalization isrequired we haver = 0. The weights are assigned
according to the algorithm and the network is then tested with al inputs. It is seen that

al inputs have been successfully mapped to their outputs.

Example 5.2: Networ k with two output neurons

The 3C algorithm can also be used to train a network with more than one output neuron.
The inputs and outputs are shown in Table 5.3. The input vectors have five elements and
the corresponding output vectors have two elements.

Table5.3: Inputsand outputsfor Example 5.2

Inputs Outputs
X 1 Xz X3 X4 X5 Y 1 Y2
0 1+i 1+i 0 [
1+i 0 1 1+i 1
1 1 i 0 1

=l
ok |k

A total of six input neurons are required including the bias neuron. All three
samples need to be used for training and hence three hidden neurons are required. The
output layer consists of two neurons. The input and output weights are assigned
according to the algorithm as each training sampleis presented. No generalization is
required sor = 0. After the training, the network is tested for all inputs and outputs.
Again it can be seen that the mapping is accomplished successfully. The network
architecture is shown in Figure 5.2, and the various network parameters obtained during

the training are tabulated in Table 5.4.
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Figure5.2: The Network Architecturefor Example 5.2

Table5.4: Network Parametersin theinput/output mapping of Example 5.2

Inputto | Output of | Output

Inputs S Weights Hi|H2|Hs|Hy|Hz | Hg|yl|y2

O [1+i|1+i| O |i|1|5|-1-i|21+i| 1+ | -1-i| -1+i|-4/ 1 |-8|-4|1|0|0|1]|1
1+i| O | 1 |21+i|1|2|6| 1+ |-1-i| 1 |1+i| 2-i |-5|-8|1|-5/0|1|0]|0]|1
111 )i |0 21]4]2-i|2-i |-2+i|-2+i| 1-i |-3]-4|-5/1]0|0|1|1|0
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Example 5.3

The Table 5.5 displays the inputs and their corresponding outputs used in Example 4.3.
The 3C algorithm accomplishes the mapping of the second input vector to its output,
where the previous algorithm failed. Since the combination of the inputs and their
weights results in real inputs to the hidden neurons, the weights of the third vector does
not affect the second vector.

Table5.5: Inputsand outputsfor Example 5.3

Inputs Outputs
X1 X2 X3 Xa Xs Y
1 [ 1 0 1+i 1
i 1 1+i 0 i 1
[ 1 1 0 0 0

Figure 5.3 shows the network architecture for the example, and the different network
parameters are tabulated in Table 5.6. In this table the cell holding the output of the
second vector is shaded to denote the successful classification.
Example 5.4

This exampl e uses the same table of inputs and outputs as Example 4.4. Table 5.7
holds the inputs and their corresponding outputs. The third input vector in the tableis
successfully mapped to its output because the weights of the second input vector do not
affect it. The network architecture is shown in Figure 5.4, and the different network
parameters are tabulated in Table 5.8. The output of the third vector is shaded to denote
the successful classification.

From these examples we see that the 3C algorithm has eliminated the need for

either of the restrictions mentioned in Chapter 4.



Figure 5.3: The Network Architecturefor Example 5.3

- Y

Table 5.6: Network Parametersin the input/output mapping of Example 5.3

Inputto | Output of | Output
Inputs S Weights Hi|Hz2|H3|Hy|H2 [H3| Y
1 0(1+i| 1 |5| 2-i |-1+i|2-i|-1-i| 2+ (-4/2|-5|-5]/1|0]|O0 1
1+ (0] i | 1 |5 -1+ | 2+ |2+i| -21-i| -1+i|-4{-5|1|-1]0|1]|0 1
11000 |1 |3]-2+i| 2-i |2-i|-1-i| -2-i|-2/-5|/-1|/1]0]|0]|1 0

45




Table5.7: Inputsand outputsfor Example 4.4

Inputs Outputs

X 1 x2 X3 X4 X5 Y

1 i 1 0 1+i 1

i 1 i 1 0 0

[ 1 1+ 1+i 0 1
X1
X2
X3

1

X

IS

Xs

Figure 5.4: The Network Architecturefor Example 5.4
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Table5.8: Network Parametersin the input/output mapping of Example 5.4

Inputto | Output of | Output
Inputs S Weights Hi|H2|Hs|Hi|H2[Hs| Y
/il 12| 0 |2+ (15 1+ | -1+i| 2-i | -2-i|21+i|-4/12|-8/-8/1]0]|0 1
i1 i|1]0 (14| -1+i| 1-i | -1+i| 1 |-21-i|-3/-8]1|0|0|1]|O0 0
i|1|1+i|1+i| O |1|6] -1+i| 1-i | 1+i | 1+i | -1-i|-5/-8| 0| 1|0 |0 |1 1

To analyze the generalization capability of the 3C algorithm, the pattern
classification experiments explained in Chapter 4 are repeated here. The classification of
the spiral pattern isdonefirst. The pointsin the 16 by 16 pattern area are represented by
their row and column coordinates and both the encoding schemes used in the previous
chapter are used here. In each case, the same 75 training samples from each pattern used
earlier are used heretoo. Thus all networks are similar to the ones used in Chapter 4,
with the same number of neuronsin each of the layers. Figures 5.5 (c) to (f) and 5.6 (@)
to (d), show the results of the spira pattern classification using the two encoding schemes
when the value of r isvaried from 1to 4. Itisinteresting to note that Figure 5.5is
identical to Figure 2.4. However thisis expected as the same samples are presented for
learning. The results of the classification of the second pattern are presented in Figures
5.7 (c) to (f) and 5.8 (a) to (b). In all cases we see that the classification isvery good. As
expected for higher values of r the black region increases in size since the density of
samples from the black region is greater than the density of samples from the white
region. Thus the 3C agorithm accomplishes good classification while being capable of
handling complex valued inputs without any restrictions. A summary of the experiments
ispresented in Tables 5.9 and 5.10. These tables contain the number of points classified

and misclassified in the two experiments when the different encoding schemes are used.
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Figure 5.5: Results of spiral pattern classification using the first encoding scheme
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Figure 5.6: Results of spiral pattern classification using the quater nary encoding
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Figure5.7: Results of pattern classification using thefirst encoding scheme
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Figure 5.8: Results of pattern classification using the quater nary encoding

51




Table5.9: No. of points classified/misclassified in the spiral pattern

No. of points
r=1 r=2 r=3 =4
First Encoding Classified 236 234 227 207
Scheme Misclassified 20 22 29 49
Quaternary Classified 230 232 233 220
Encoding Scheme  |Misclassified 26 24 23 36

Table5.10: No. of points classified/misclassified in the second pattern

No. of points
r=1 r=2 r=3 r=4
First Encoding Classified 229 225 207 185
Scheme Misclassified 27 31 49 71
Quaternary Classified 229 223 212 200
Encoding Scheme  |Misclassified 27 33 44 56

When we compare the above tables with Table 4.9 and 4.10 we see that the 3C
algorithm has classified many more points accurately regardless of the encoding scheme.
Also on an average the quaternary scheme classifies afew more points accurately than

the first encoding scheme.
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Chapter 6

Time Series Prediction

The Mackey-Glass time series, originally developed to model white blood cell production
as presented by Azoff[1], is commonly used to test the performance of neural networks.
The series is a chaotic time series making it an ideal representation of the nonlinear
oscillations of many physiological processes. The discrete time representation of the
series was used by Tang [19] to test the performance of the CC4 algorithm. The same
can be used here to test the performances of the two algorithms of chapters 4 and 5. The
discrete time representation of the Mackey-Glass equation is given below: -
xk+D)—x(k)=ax(k—1)/ {1 +x" (k—1)} — Bx (k)
The values of the different parameters in the equation are assigned as follows: -
o=3,=1.0005y=6,7=3
Since 7 = 3, four samples are required to obtain a new point. Thus the series is started
with four arbitrary samples:
x()=15x(2)=0.65 x3)=-0.5 x(4)=-0.7

Using these samples a series of 200 points is generated and it oscillates within the
range -2 to +2. Of these 200 points, about nine tenths are fed to the networks designed by
the two algorithms for training. Then the networks are tested using the remaining points.
In the training and the testing, four consecutive points in the series are given as input and
the next point is used as the output. Thus a sliding window of size four is used at each

and every step. So if nine tenths of the points are to be used for training, the total number
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of sliding windows available is 175, where the first window consists of points 1 to 4 with
the 5™ as the output, and the last window consists of points 175 to 178 with the 179"
point as the output.

The range of the series is divided into 16 equal regions and a point in each region
can be represented by the index of the region. These indices ranging from 1 to 16 can be
represented using the quaternary encoding scheme discussed in Chapter 3. Since four
points are required in each training or testing, the 5 character codewords for each of the
four inputs are concatenated together. Thus each input vector has 21 elements, where the
last element in the vector represents the bias. Unlike the inputs, output points are binary
encoded using four bits. This is done to avoid the possibility of generating invalid output
vectors that would not belong to the class of expected vectors of the quaternary encoding
scheme. Hence 21 neurons are required in the input layer, 175 in the hidden layer (one
for each sliding window), and 4 in the output layer.

After the training, the two networks are tested using the same 175 windows to
check their learning ability. Then the rest of the windows are presented to the networks
to predict future values. The inputs are always points from the original series calculated
by the Mackey-Glass equation to avoid an error buildup. The outputs of the network are
compared against the expected values in the series. The performance of the first
algorithm for » varying as 4, 5, 6 and 7 is shown in Figures 6.1, 6.2, 6.3 and 6.4
respectively. Similarly the performance of the 3C algorithm for different values of 7 is
presented in the Figures 6.5, 6.6, 6.7 and 6.8. The values of r are again varied as 4, 5, 6
and 7 respectively.

In each of the figures only points 160 to 200 are shown for readability. The solid
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line represents the original series and the lighter line represents the outputs of the
networks designed by the two algorithms. The lighter line from point 160 to 179 shows
how well both the networks have learnt the samples for different values of ». The points
that are predicted by the networks are represented by a “x” on the lighter line. The actual
points generated by the Mackey-Glass equation are represented by a “0” on the solid line.
The first point that is predicted is the point number 180 using the original series points
176, 177, 178 and 179. The next point that is predicted is 181 using the points 177, 178,
179 and 180. The point number 180, which is used as input here is the original point in
the series generated by the Mackey-Glass equation and not the point predicted by the
network. Similarly the last point to be predicted is the point number 200 using the actual
points 196 to 199 from the series. The networks always predict one point ahead of time
and both the networks predict the turning points in the series efficiently. Thus both the
networks are capable of learning the quasi-periodic property of the series. This ability is
of great importance in financial applications, where predicting the turning point of the
price movement is more important than predicting the day to day values.

If we compare the performance of the two networks, we see that though the first
algorithm’s network predicts the turn of the series almost as accurately as the 3C
network, it fails to predict many individual points successfully. Again the restrictions on
the first algorithm’s inputs affect the prediction. The 3C network, on the other hand,
predicts most of the points with high accuracy.

Stability of the networks is another important feature in deciding the network
performance and is governed by the consistency of the outputs when network parameters

are changed. The value of 7 is repeatedly changed in both the algorithms and from the
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figures its is clear that the networks perform appreciably well. Further if the value of 7 is
increased to 10 the network performance is still quite good. The results for both the
algorithms when » =10, are presented in Figures 6.9 and 6.10. Thus we see that the
stability of the networks designed by either of the algorithm is not sensitive to the value
of the radius of generalization .

The normalized mean square error of the points predicted by both algorithms for
each value of » is shown in Table 6.1. It is clear that the 3C algorithm has predicted the
points with much greater accuracy than the first algorithm.

Table 6.1: Normalized mean square error for both algorithms

Normalized Mean Square Error of predicted points
for varying r

r=4 r=>5 r==6 r=7 r=10
The first Algorithm 0.0904 0.04 0.0365 | 0.0331 | 0.0307
The 3C Algorithm 0.0238 | 0.0112 | 0.0193 | 0.0221 | 0.0275
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Chapter 7

Conclusion

Previoudly, training of complex input neural networks was done using techniques like the
backpropagation and perceptron learning rules. These techniques require lot of time and
resources to complete the training. This thesis presents two agorithms for
instantaneously trained complex neural networks based on the corner classification
approach. The first algorithm, a straightforward generalization of the CC4, performs well
only when certain inputs are restricted. The performance of this algorithm was tested
using two pattern classification experiments and the results were not satisfactory. Our
second algorithm, the 3C algorithm, does not place any restrictions on the inputs. Its
performance was tested using the same pattern classification experiments and its
generalization capability was found to be quite satisfactory.

Encoding techniques for the input data were discussed and a new encoding
technique called quaternary encoding was introduced. This technique makes some
maodifications to unary encoding so as to accommodate all four characters of the input
alphabet. Using this technique, the 3C algorithm performs very well in the pattern
classification and time series experiments. An added benefit of this encoding is that the
number of input neurons required is greatly reduced when compared to the networks
designed using CC4 for the same problems.

Like the CC4, the two algorithms have their limitations. The first algorithm

places restrictions on the inputs making it unsuitable for practical purposes. The 3C

67



algorithm while being very efficient can handle only four inputs. Also, aswith the CC4,
anetwork of the size required by the 3C algorithm poses a problem with respect to
hardware implementation. However its high suitability of software implementation due
to low requirement of computational power and its instantaneous training makes up for
the limitations.

In the future the 3C algorithm should be modified and adapted to handle non-
binary complex inputs. Thiswould remove the need for encoding the inputs in many
cases and greatly increase the number of areas of application. The 3C agorithm can be
applied in the following scenarios:

Financial Analysis—In most financial applicationsit is not enough to predict the future
price of an equity or commodity; it is more useful to predict exactly when the
directionality of price values will change. One could define two modes of behavior,
namely the up and down trends and represent them by the imaginary 0 and 1. Withina
trend, the peak and trough could be represented by thereal 0 and 1. This gives usfour
states O, 1, i and 1+i, which can be presented as inputs to the 3C agorithm.
Communications and Signal Processing — Since the inputs handled by the 3C are
complex, the inputs of many passband modulation schemes could be directly applied to

the 3C feedforward network.
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