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ABSTRACT 

A Cornparison of Training Techniques: 

ADALINE, Back Propagation and 

Genetic Algorithms 

Wei Yang 

This study is in the area of neural network architectures and training algorithms. The 

emphasis is placed on the cornparisons of ADALINE, Back Propagation and Genetic 

Algorithms in training neural networks. Concrete exarnples are developed to illustrate 

and reveal the fundamental theones of neural networks, and demonstrate the strengths 

and weaknesses of ADALJNE, Back Propagation and Genetic Algorithms. An object- 

oriented approach is appiied in the overall analysis and design of the neural network 

architectures. The Object-riented programming with C++ is used to facilitate the 

development and implementation of the neural network architectures and training 

algorithms. 
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1 .Introduction 

My project focuses on: 

Object oriented design and implementation of Neural Networks; 

Neural Networks with and without hidden layen (ADALINE vs. Backpropagation 

Algorithms); 

Neural Networks wit!? and without feedback (recurrent vs. non-recumnt Neural 

Network); 

Applying Genetic Algorithm in solving Neural Network problems; 

Cornparisons between ADALINE and Backpropagation, and between 

Backpropagation and Genetic Algorithm. 

1.1 Scope 

The purpose of this project is to study the cornmon neural network architectures, find out 

their strength and weakness with implementation of praçtical examples, using Object 

Oriented methodology in C++. Neural networks can be formalized, realized as objects, 

and used in countless applications. In this project, we are mainly interested in the study 

of the foundations from which any neural network architecture can be constructed, and 

relatively detailed studies of several neural network architecture such as ADAWNE, 

Back propagation (BP), and recurrent neural networks and their cornparisons as well. 

We are going to develop several concrete examples to illustrate and reveal the 

fundamental theory, major difference and possible incorporations among these neural 

network architectures and algorithms. 



2. Neural Networks Paradigm 

2.1 Biological Basis for Neural Networks 

Studies over the past few decades have shed some Iight on the construction and operation 

of Our brains and nervous systems. AI1 living organisms are made up of cells. The basic 

building blocks of the nervous system are nerve cells, called neurons. The major 

components of a neuron indude a central ce11 body, dendrites, and an axon. Figure 2.1 

shows a conceptual diagram of a neuron; it is a sketch of only one representation of a 

neuron. The signal flow goes from left to nght, from the dendrites, through the ceIl body, 

and out through the axon. The signal from one neuron is passed on to another by means 

of a connection between the axon of the first and a dendrite of the second. This 

connection is called a synapse. Axons often synapse onto the tmnk of a dendrite, but they 

can also synapse directly ont0 the ceIl body. 

- Information f low 

bcndrites 

Figure 2-1 Conceptual diagram of a neuron 



2.2 Neural Nefwork 
A Neural network is an information processing system that has certain performance 

characteristics in common with biological neural networks. The neural networks have 

been developed as generalizations based on the assumptions that: 

Information processing occurs at many simple elements cailed neurons (or nodes); 

Signals are passed between neurons over connection links; 

Each connection link has an associated weight, which, in a typicai neural network, 

multiplies the signal transmitted; 

Each neuron applies an activation function (usuaily nonlinear) to its network inputs to 

determine its output signal; 

A neural network is characterized by: 

Its pattern of connections between the neurons (called its architecture); 

Its method of determining the weights on the connections (called its training, or 

learning, algonthm); 

Its activation function. 

Neural networks can be applied to a wide variety of problems, such as stonng and 

recailing data or pattems, classifying pattems, performing general mappings from input 

pattems to output pattems, grouping similar pattems. or finding solutions to constrained 

optimization problems. 

2.2.1 Abstraction of Neural Networks 

Ili general, a neural network is a collection of simple, analog signal processors, connected 

through links. Schematically. a neural network is represented in the form of a directed 



graph, where the nodes represent the processing elements, the arcs represent the 

modulating connections, and arrowheads on the arcs indicate the normal direction of 

signal flow. Processing elements are larger structures known as layers where each layer 

performs an analog integration of i ts inputs to  determine i ts activation value. 

Figure 2.2 illustrates the typical mode1 of a neural network processing unit (also called 

neuron or  node). In this figure, it shows the structure of an abstract neuron with n inputs. 

Each input channel i c m  transmit a real value Xi. The primifivefinction f computed in 

the body of the abstract neuron can be selected according to purpose for the specific 

network architectures. Usually the input channels have an associated weight, which 

means that the incorning information Xi is multiplied by the corresponding weight Wi . 

The transmitted information is integrated at the neuron (usually just by adding the 

different signals) and the primitive function is then evaluated- 

f (WIXI + W2X2+ 0.. +Xn Wn) 

Figure 2.2 An abstract neuron 

If we conceive of each node in a neural network as a primitive function capable of 

transforming its input into a precisely defined output, then neural networks are nothing 

but networks of primitive functions. Different models of neural networks differ mainly in 



the assumptions about the primitive functions used, the interconnection pattern, and the 

timing of the transmission of information. 

Typical neural networks have the structure shown in Figure 2.3. The network can be 

thought of as a function Q, which is evduated at the point (x, y, 2). The node implements 

the primitive functions fl, fZ, j3, f4 which are combined to produce a. The function @ 

implemented by a neural network will be called the networkfunction. Different selections 

of the weights al, aî, . . . ,a5 produce different network functions. Therefore, three 

elements are particularly important in any model of neural networks: 

The structure of the nodes; 

The topology of the network; 

The leaming algorithm used to find the weights of the network. 

Figure 2.3 Funcrional model of a neural network 

2.2.2 Types of Neural networks 

There are many types of neural network architectures and associated algonthrns such as 

ADALINE, Backpropagation (BP), Self-Organizing, BAM (Bi-directional Associative 

Memory), and so on. They can also be classified as either feed-forward or recurrent 



networks (Le. nets without and with feedkacks). These algorithms are also called network 

architectures as every algorithm has its  associated nehvork topology and links. in this 

project, we mainly concentrate on ADALINE, Backpropagation and recumnt neural 

networks. and exploit the differences in the networks with or without back propagation, 

and with or without feedback. Figure 2.4 illustrates the ADAUNE and Backpropagation 

neural network schematics. 

/nput Layer Output Layer 

ADALINE Schernatic 

Input Layer (O) Middle b y e r  (1) Output Layer (2) 

Mu1 ti-layered schernatic 



Figure 2.4 MALINE and Backpropagation neural network schematics. 

Figure 2.5 illustrates the recurrent network with two hidden-layer neurons whose outputs 

feed back to each neuron in the hidden layer (not just feeding fonvard to the output-layer 

neurons). Problems with continuous input data require neural networks with feedback 

loops between neuron layers. 

input Layer (O) Middle Layer (1) Output Layer (2) 

1 
Figure 2.5 A Recurrent network with two hidden-layer neurons 



3. Object Oriented Design & lmplementation of Neural Networks 

Observing that dthough different neural network may have different functionaiity of the 

nodes (murons) and the links, the structure or topology of each neural network is based 

on a common network model. This comrnonality makes neural networks ideal for object- 

oriented implementations. 

In this project, we use objected-oriented design with object-oriented programming 

implementation in C++. To create a set of base classes capable of implernenting several 

kind of neural network architectures, characteristics common to each architecture must be 

recognized. The common attributes can be generalized as the fact that every neural 

network architecture is cornposed of a set of interconnected nodes that accept input, 

processes this information in some way, and produce an output which may be passed to 

ot her nodes. 

3.1 Mathematical Abstraction of Neural Network 

A neural-network formalization is simply a mathematical representation of a neural 

network model . We appl y the generic neural-network forrndizations which were 

introduced by Fiesler (1 992) and extended by Rogers and Satyadas (1994) to formalize 

the ADALINE and Backpropagation neural networks. 



3.1 .1 Neural Network Formalization 

A neural network can be defined with the following 3-tuple: 

Neural Network NN = (S. P. T)  

w here 

S is the pattern set, used for training, testing or operating the network; 

P is the network parameters; 

T is the Network's topology. 

3.1.2 Pattern Set Formalization 

The formalized pattern set c m  be expressed as: 

Pattern Set S = {I ,  O} 

where I is a set of input patterns, O is a set of comsponding desired output patterns. 

The input and output pattem sets can also be further decomposed as: 

r = l ~ 4 i j  

where k is input number and j is the input pattem cornponent(a group of inputs in an 

input pattem). 

0 = [ o k j )  

where k is the desired output pattem and j is the desired output pattem component. 

3.1.3 Network Parameter Formalization 

The parameter set (P) in NN= (S. P. 7) contains various parameters used in the neural 

network's training. testing and mnning. The parameter set would include learning rate, 



rnomentum tenn (a factor, which c m  take values between O to 1, used for upchting 

weights), maximum number of training iterations, tolerance etc. 

3.1.4 Network Topology Forrnalization 

The last element in neural network NN = (S. P, T) is its topology T. It defines the 

frarnework (F) and interconnecting link (L) between the network nodes. 

Topology T = (F. L) 

Where the frarnework (F) is the set of layers in the network. 

Framework F = {CI, C2. ..., Cnj 

Where the layer Ci is a set of nodes (n), each identified by its layer (13 and its position 

within its layer. 

Layer Ci = {n ij) 

3.2 Design and Implemenfation of Neural Network with Classes in C++ 

Design of the fonnalized neural network is generalized with two base classes. One base 

class represents the node (or neuron), and one presents link (or connection) of the general 

neural network. We name them as Base-Node class and Base-Link class. The Class 

d ia -ms  are shown in Figure 3.1. These two classes are interdependent and al1 other 

classes which implement di fferent algorithms are derived directly or indirectly from 

them. 



BP Output dl 
BP Middle 

Class diagram for neural network nodes 

Base Link u 
Link 

Class diagram for neural network links 

Network 

-- - - - -  

Figure 3.1 Class diagram for neural network nodes and links 

In these class diagrams, we omit some common neural network architectures. such as. 

SON (Self-Organizing Network) and BAM (Bi-directionai Associative Memory), which 

are not of interest for this project. 



3.2.1 Class Interface and Responsibilities 

1) Class Base-Nde 

Class Base-Node is the neural network node which manages the receiving of input 

values and distribution of the processed information to other nodes in network. One of 

the primary responsibiiities of the Base-Node class is to maintain connectivity between 

the network nodes. This task is impiemented by using doubly linked list LList objects 

through their two-way pointers. As the Base-Node class is a higher abstraction of 

neural network node, it defines several virtual functions which can be ovemdden by its 

child classes. 

class Base-Node { 
private: 

static int ticket; 
protected: 

int id; // Identification Number 
double 'value; // Value (s) stored by this node 
int value-sire; // Nurnber of Values stored by this node 
double 'error; // Error value (s) stored by this node 
int error-size; Il Number of Error values stored by this node 
LList in-links; // List for input links 
CList out-links; // List for output links 

public: 
Base-Node ( int v-size=l , int egize=l) ; // Constnictor 
-Base-Node ( void) ; // Destructor 
LList 'In-Links ( void) ; 
LList 'Out-Links ( void) ; 
virtual void Run ( int mode=O) ; 
virtual void Learn ( int mode=O) ; 
virtual void Load ( ifstream &infile) ; 
virtual void Save ( ofstream Boutf ile) ; 
inline virtual double Get-Value ( int id=NODE-VALUE) ; 
inline virtual void Set-Value ( double new-val, int id=NODE-VALUE) ; 
inline virtual double Get-Error ( int id=NODE-ERROR) ; 
inline virtual void Set-Error ( double new-val, int id=NODE-ERROR) ; 



inline int Get-ID ( void) ; 
inline virtual char *Get-Name ( void) ; 
voici Create-Lin k-To ( Base-Node &to-ncde, Base-Lin k 'lin k) ; 
virtual void Pnnt ( ofstream &out) ; 

friend void Connect ( Base-Node &from-node, Base-Node &to-node, 
Base-Link 'link) ; 

friend void Connect ( Base-Node &from-node, Base-Node &to-node, 
Base-Lin k &lin k) ; 

friend void Connect ( Base-Node 'from-node, Base-Node 'to-node, 
Base-Link 'link) ; 

friend int Disconnect ( Base-Noâe *from-node. Base-Node 'to-node) ; 

friend double Random ( double fower-bound, double upper-bound) ; 
1; 

2) CIass Base-Link 

Each link object helps to maintain connectivity in the network by storing pointer to a 

source node object and to a destination node object. The pointer to Base-N~de object is 

of the type of "pointer to Base-Node". The Base-Link class also provides a value set so 

that values can be maintained in the link objects. This ability is necessary for most Neural 

network models since the values or weights associated with the links are significant to the 

network state. 

Ckàss Interface: 
class Base-Link { 

private: 
static int ticket; 

protected: 
int id; // ID number for link 
double 'value; // Value ( s) for Link 
Base-Node 'innode; // Node instance Iink is cornrning from 
Base-Node 'out-node; // Node instance link is going to 
int value-sire; 

public: 
Base-Link ( int size=l) ; // Constructor 



-Base-Link ( void) ; // Destructor for Base Links 
virtual void Save ( ofstream &outfile) ; 
virtual void Load ( ifstream Binfile) ; 
inline virtual double Get-Value ( int id=W EIGHT) ; 
inline virtual void Set-Value ( double new-val, int id=WEIGHT) ; 
inline virtual void Set-ln-Node ( Base-Node 'node, int id) ; 
inline virtual void Set-Out-Node ( Base-Node 'node, int id) ; 
inline virtual Base-Node 'In-Node ( void) ; 
inline virtual Base-Node 'Out-Nde ( void) ; 
inline virtual char 'Get-Name ( void) ; 
inline virtual void Update-Weight ( double new-val) ; 
inline int Get-ID ( void) ; 
inline virtual double In-Value ( int mode=NODE-VALUE) ; 
inline virtual double Out-Value ( int mode=NODE-VALUE) ; 
inline virtual double In-Error ( int mode=NODE-ERROR) ; 
inline virtual double Out-Error ( int mode=NODE-ERROR) ; 
inline virtual double Weighted-ln-Value ( int mode-NODE-VALUE) ; 
inline virtual double Weighted-Out-Value ( int mode=NODE-VALUE) ; 
inline virtual double Weighted-ln-Error ( int mode=NODE-VALUE) ; 
inline virtual double Weighted-Out-Error ( int mode=NODE-VALUE) ; 
inline virtual int Get-Set-Size ( void) ; 

1; 



4. lmplementing ADAUNE Neural Network 

The ADALINE typicaily uses bipolar (1 or -1) activation for its input signals and its 

target output (although it is not restricted to such values). The weights on the connections 

from the input units to the ADALDE are adjustable. The ADALiNE also has a bias, 

which acts like an adjustable weight on a connection from a unit whose activation is 

always 1. In generai, an ADALINE can be trained using the delta mle. This learning mle 

minimizes the mean squared error between the activation and the target value. This 

allows the net to  continue learning on al1 training patterns, even after the correct output 

value is  generated (if a threshold function is applied) for some patterns. After training, if 

the net is k i n g  used for  pattern classification in which the desired output is either a +1 or 

a -1, a threshold function is applied to the net input to obtain the activation. If the net 

input to the ADALDE is m a t e r  than or q u a 1  t o  0, its activation is set to 1; othenvise it 

is set to -1. Any problem for which the input patterns comsponding to the output value 

+1 are linearly separable from input pattern corresponding to the output value -1 cari be 

modeled soccessfully by an ADALINE unit. 

4.1 Object Orienfed lmplementation of ADALINE Network 

4.1 -1 ADALINE Network Node Class 

In ADALINE neural network, there are three basic types of nodes, Le. Input-Node, 

Bias-Node. ADUNE-Node (note we only narne output node as ADALINE-Node). 

Recall the class hierarchy shown in Figure 3.1. The Input-Node of ADALINE network 



can be denved from Base-Node. and furthemore the Bias-Node of ADALINE 

network can be denved from Input-Node as i t  is a special kind of input node whose 

value is always a constant. This class hierarchy is  shown again in the Figure 4.1. 

Base-Node 

Figure 4. f Class hierarchy for Base- Node, InputJVode and Bas- NOde 

The Input-Node and Bias-Node can be applied in many other neural network 

architectures. They are not the unique features of  ADALINE network, so we generalize 

them as cornmon nodes for neural network and define them in head file "common.h". It 

can be used for a general purpose for neural network architectures. The next stage is  to 

design the output node class, which is a unique feature of ADALNE neural network. W e  

name it ADALINE-Node, and put its class declaration in a separate header file. 

The class definitions and interfaces are as following. 

class Input-Node : public Base-Node // The lnput Node class is a generic 
{ // Input Node. It can be used with 

// most networks. 
public: 



Input-Node ( int size=l) : Base-Node ( size,size) 
{ 

for (int id; i<size; i++) 

1; 
virtual char %et-Name ( void) 
{ 

static char narneO="I NPUT-NODEm; 
return name; 

1; 
1; 

// The Bias Node Class is a node that always produces the same output. 
// The Bias Node's default output is 1 .O 
class Bias-Node : public Input-Node 
{ 

public: 
Bias-Node ( double bias=l .O) : Input-Node ( 1) // Constructor 

{ value[O]=bias; ); 
virtual void Set-Value ( double value, int id=O) 0; Il Disable Set-Value 
virtual double Get-Value ( int id*) { return value[O]; }; 
virtual char 'Get-Name ( void) 

static char nameO='BIAS-NODE'; 
return name; 

However the ADALINE_-Node has its unique feature, and shouId be defined according to 

the ADALINE network architecture. As the ADALJNE-Node is a kind of  feedforward 

node, we can derive it from Feed-Forward-Node. This class hierarchy is shown in Figure 

4.2. 



Figure 4.2 Class hierarchy for Base-Node, Feed-FonvardJVode and ABAIINE-Node 

As we know, in addition to ADALINE network, Backpropagation network is also a kind 

of feed forward neural network. They share the common features in this aspect. That is 

why we need to develop a Feed-Forward-Node class. The definition and interface of 

Feed-Forward-Node class is in file "base.hW and is shown as following: 

// This derived class provides a generic feed-forward neural-network node which 
// can be used by the ADALfNEs and Backprop networks. 
class Feed-Forward-Node : public Base-Node 

protected: 
virtual double Transfer-Function ( double value) ; 

public: 
Feed-Forward-Node ( int v-size=l, int e-size=l) ; // Constmctor 
virtual void Run ( int mode=û) ; 
virtual char 'Get-Name ( void) ; 

1; 

The ADALINE-Node class can be derived from Feed-Forward-Node class. The 

definition and interface of ADALINE-Node class is in file "ada1ine.h" and is shown as 



// ADALINE processing Node 
class ADALINE-Node : public Feed-Forward-Node 

protected: 
{ 

virtual double Transfer-Function ( double value) ; 

public: 
ADALINE-Node ( void) ; 
ADALINE-Node ( double Ir) ; 
virtual void Learn ( int mode) ; 
virtual char 'Get-Name ( void) ; 

1; 

For ADALfNE-Node ciass, we need to ovemde the Transfer-Function as A D A M  

uses a thresholdfùnction flx). 

We will do a similar ovemde of this function by a Sigmoid function for 

Backpropagation Neural network later. 

Now we summarize our design and implementation issues of the ADALINE networ 

nodes. In design, we denve Input-Node class directly from BaseJiIode class, and 

derive Bias-Node from Input-Node. However, we derive ADALINE-Node from 

Feed-Forward-Node (which is derived from Base-Nade). In implementation, we put 

the declarations of Input-Node class and Bias-Node in one header file b'comrnon. h ,  

which can also be used for other kind of neural network architectures, and put the 

declaration of ADALINE-Node in "adaline.hW, which serves only for ADALINE 

network. 



4.1.2 ADALINE Link Class 

ADALïNE Link Class can be derived from Base-Link class. in the consüuctor, the 

weight value is initialized by a random number ranging from -1 .O to 1.0. The class 

interface is as following. 

class ADALINE-Link : public Base-Link // Link for ADALINE Node 

public: 
ADALINE-Link ( void) ; 
virtual void Save ( ofstream &outfile) ; 
virtual void Load ( ifstream &infile) ; 
virtual char 'Get-Name ( void) ; 
1; 

4.2 Training ADAUNE Network wlfh Example of Open-TO-Buy 

4.2.1 Open-To-Buy Example Description 

To demonstrate the ADALINE network's capability of leaming, we suppose that there is 

a Supply Chain store. The purchasing department maintains the budget available for 

annuai or monthly purchasing, which we cd1 "Open-To-Buy". The three major elements 

influencing the Open-To-Buy are Company's net income or loss (hem cal1 it Company 

Income), funds from the financing institutions or  the loan k i n g  paid back (hem cal1 it 

Banking Amount), and a certain amount money to be reserved as the company's 

contingency (here cal1 it Contingency). The Contingency is a constant value. The 

Company Income and Banking Amount has different factors affecting the Open-To-Buy, 

we assume that the factors are as followings: 

413 *Cornphcorne, i/2 * BankingAmount, 1 *Con tingency 



For easy processing, we assume that any input values for CompIncome and 

BankingAmount are k i n g  divided by a certain constant and thus be restricted to the 

range of (- 1 .O - +1 .O), and the Contingency is just a constant 1/3. So: 

CompIncome = (- 3/2 * BankingAmount + 1) 14 

We Say the "Open-To-Buy" can only be opened when the Company has a total net income 

which is greater or equal to (- 312 * BankingAmount + 1) /4, otherwise it will be closed. 

CompIncome >= (- 3/2 * BankingAmount + 1) /4 Open 

CompIncome < (- 3/2 * BankingAmount + 1) /4 Closed. 

We are going to train the ADALINE network with a limited number of data points of 

inputs to solve this problem. Training the ADALINE network involves presenting the 

input patterns in the training set to the network, running the network to get an output, and 

adjusting the link values, that is the weights, if the network produces a value other than 

the desired output, Training is completed when the number of training set patterns the 

network gets wrong is below a predetermined tolerance. In Open-To-Buy problem, the 

tolerance is O. R e d 1  that we chose only the input values with absolute value less than 1. 

This equation can be shown as in figure 4.3. 

Figure 4.3 Input pattems for "Open-To-Buy ", which is in the Rectangle region 



4.2.2 Selecting ADALINE Training Set for Open-To-Buy Example 

We use a random number generator to get values of the two inputs x and y, further we 
restrict these values to be in the range of from -1.0 to +1.0. 

Inputs: InputX=randomly chosen value fiom -1 .O to + 1 .O 
(represents BankingAmount) ) 

Input Y=randomly chosen value from -1.0 to +1 .O 
(represents CompIncome) 

Threshold Value: THValue = ( - 3nh1putX +1) /4 

Desired Outputs: - 1 .O if Input Y < THValue 
(represents Open-Tu-Buy should be closed) 

1 .O if InputY > = THValue 
(represents Open- To-Buy is open) 

Toletance: O 

4.2.3 Creating ADALINE training Set for Open-To-Buy Example 

We write a C++ program to generate the training set by using the random number 
generator. 

CODES FOR GENERATING TRAINlNG SET: 

void main () { 

double Input)<. InputY, THValue, Desiredoutput; 
ofstream fout ( " LinearTrnSet 1 .Mn) ; 

/* foutcd c m  Input X Valuen<< ' U. l 

fout <<Input Y Value 1. 
* 

fout<cnDesired Outputs"<<endl; 
f out -----O- -- "<<end; 

/ /Khis part just shows the output format, and will not be included 
//in the real training set file, so it is cornmented out. 

for ( int i=O; k250: ite) { 

//RANDMAX=32767 which is the max integer value 
Input)<= ( (double) rand () / ( double) RAND-MAX) '2.0-1 .O; 
InputY= ( (double) rand () / (double) RAND-MAX) '2.0-1 .O; 
THValue= ( (-3.012.0) *InputX+1) /4; 



if ( InputY<THValue) 
DesiredOutput=1; 

else 
Desiredoutput=-1 ; 

foutc<setiosflags ( ios::right) <<setw ( 3) c<i<cN "; 
foutccsetw ( 1 8) <<lnputX c~setw ( 20) <clnputY; 
foutccsetw ( 1 O) c<DesiredOutput<<endl; 

1 
fout.close () ; 

1 

we select 250 pairs of x, y inputs as training patterns for Our exarnple. The 

stored in the file "OTBTmSet.txt", the partial output is as following: 

GENERA TED TRAINING SET: 

. -. . . . Inputs from 10 to 239 are omitted . . . . .. 

training set is 

Figure 4.4 Training set for Open-To-Buy example file "OTBTrnSer 



4.2.4 Constnicting ADALINE network 

To solve this Open-To-Buy problem, we should constnict an ADALNE network. In this 

example we chose 4 nodes, i.e. two input nodes, one bias node and one output node. 

Recall that these ADALINE Nodes are subclass of Base Nodes. The structure constructed 

for this example is as in Figure 4.5. 

Input-Node object Node[O] 

Input-Node object Node[l] 

ADALINE-Node O bject 
B ias-Node object Node[2 J (Processing Nude) 

Figure 4.5 Structure of constructed ADAUNE network to solve Open-Tu-Buy example 

4.2.5 Training the ADALINE Network to Solve the Open-To-Buy Problem 

Training AD- network involves several steps: 

1) Presenting the training set input patterns to the network 

2) Running the network to get an output. and adjusting the Iink values if the network 

produce a value which is not as desired 

3) Training is complete when the number of the training set patterns the network gets 

wrong is below the tolerance 



// Train ADALLNE 
int iteration=O; 
int good=O; 

// Train until al1 patterns are good 
while (goodQ50) { 

gooda; 
for (int i d ;  i d 5 0 ;  i++) { 

Nde[O]->Set,Value ( data[i]->In ( 0) ) ; 1/ Set Input Node Values 
Node[l]->Set-Value ( data[i]->In ( 1) ) ; 

Node[3]->Run () ; // Run ADALINE Node 

if (data[i]->Out ( 0 )  !=Node[3]->Get-Value 0) 
{ // If ADALINE produced an error, then perform leaming function 

Node[3]->kani () ; 
Break 

1 
else good++; 

1 
cout << iteration ". " <c good << "1250" << endl; 
i teration* 

1 
After the network is successfully trained, it can solve the proposed problem with desired 



Partial outputs for the training set presented to ADAIJNE network: 

. . . . . . Inputs 11 to 229 are omitted .. . .. . 

Figure 4.6 Partial outputs for the training set presented to ADALINE network (file 
OTB. ouf) 



. . . . . . Inputs 1 I to 139 are ornitted . . . . . . 

Figure 4.7 Number of iterations the training set has been presented to the 
ADAUNE network @le OT6.0ut) 

Figure 4.7 is the partial output generated by the ADALINE network. The first integer is 

the number of iterations the training set has k e n  presented to the ADALINE network 

during the training. From the above output result, we can find the total nurnber of 

iterations is 151, i.e. the leaming of the network stops at 151st iterations. The second 

number contains the number of patterns the ADALiNE network has correctly leamed 



after an iteration of the pattern set. We  can see from the output, once this number 

becomes 250, the training stage finishes. W e  c m  also see that this number is not simply 

approaching 250 throughout iterations, this is due to the delta rule applied to the 

ADAUNE network training. The delta nile uses the error produced by the AD- to 

correct link values so the correct answer will be produced next time the input pattern is 

presented. Unfortunately, when the link value is adjusted to give the correct output for the 

current input pattern, it may cause other input patterns that were producing correct 

outputs to produce incorrect outputs. 

After the training, the training results containing the Nodes and Links for ADALNE 

network is saved into the disk file. In Adalineî .net file, each data is mapping to a 

specific data member of ADALNE Nodes and Links. The following file i s  created 

through training the ADALINE network, in which the information of  trained results is 

stored. This file will be further loaded into the memory again to initialize the ADALINE 

nodes and links for solving the Open-To-Buy problem. 

1) Information stored for ADALINE Nodes in file "Adalinel .net" 

Content in fiie description 

O id 
1 value-size 
-0.377728 value[i] 
1 error-si ze 
O error[i ] 

id 
value-size 
value[i] 
error-si ze 
error[i 



id 
val ue-size 
vdue[i] 
error-si ze 
emor[i] 

id 
val ue-size 
vdue[i] 
error-size 
ermfi] 

2) Information Stored for ADALïNE Links in file Adalinel .net 

t i n k  Id value[WEZGHT] In-Node Id Out-Node Id 

After the information necessary for the ADALINE network Nodes and Links is stored in 

the disk file with the contents shown above. An ADALINE network can be created in the 

memory first and subsequently be loaded by retrieving the data from the adalinel.net file. 

The next step is to run the ADALINE network. The running results are shown in the 

foilowing outputs. 



. . . . . . . . . Patterns 16 to 234 are ornitted . .. ... 

Figure 4.8 Outputs of the running result of ADALINE network file OT8.0uf) 



4.3 Analysis of ADALINE with Exampk of XOR Probkm 

The XOR problem is an interesting example because it reveals the capability of the neural 

network architectures in solving problems. The XOR logic problem has a very straight- 

forward input pattern: 

Input Pattern Desired O u t ~ u t  

Figure 4.9 Input pattern for XOR problem 

Taking the functions of the two variables as an exarnple we can gain some insight into 
this problem. The following figure shows ail 16 possible Boolean functions of two 
variablesjü tofl5. Each columnfi shows the value of the function for each combination 
of the two variables xl and x2. The functionjl), for example, is the zero function whereas 
f14 is the OR logic htnction. 

Figure 4.10 Al1 possible functions for XOR input patterns 

x1 x2 
O O 
O 1 
1 O 
I I  

From Our proceeding exarnple, we are clearer about the ADALINE network algorithm. 
The ADALINEcomputable function are those for which the points whose function value 
is O can be separated from the points whose function value is 1 using a line. Figure 4.11 
shows two possible separations to computer the OR and AND functions. 

P f4 fs fi P f8 P /10 f11 f l 2  /13 f14 fis 
0 I 0 1 0 I 0 I  O I O I 0  I O I  
0 0 1 I 0 0 I 1 0 0 1 1 0  0 1 1  
0 0 0 0 I 1 I 1 0 0 0 0 I  I I I  
0 0 0 0 0 0 0 0  1 1  I l  I l  1 1  



Figure 4.1 1 Separations of inpur space corresponding tu OR and AND 

It is clear that two of the functions in Figure 4-10 can not be computed in this way. They 

are the function XOR and Identity (f5 undj9). It is intuitively evident that no line can 

produce the necessary separation of the input space. This c m  also be shown analytically. 

Let w l  and w2 be the weights of a ADALNE with two inputs, T is its threshold. If the 

A D W  compute the XOR functions, the following 4 inequalities must be fulfilled: 

x 1  = O  x2 = O  w l x i  + w2x2 = O  + 04- 
x l  = 1 x 2 = 0  w l x l  + w2x2 = w l  i w b = T  
x1 = O  x 2  = 1 w l x l  + w2x2 = w2 + w2>=T 
x l  = 1 x2 = 1 w l x l  + w2x2 = wl+W2 i wl+wS(T 

Since T is positive, according to the first inequaiity, w l  and w2 are positive t w ,  

according to the second and the third inequaiities. If we combine the second and the third 

inequalities, we CU get wl+w2>=T. This is a contradiction with the last inequality 

wl+w2cir . This contradiction irnplies that no ADALINE capable of computing the XOR 

function exists. This kind of property is usuaily called as Linear Separatability. So XOR 

is not linear separable, thus it can not be solved by ADALINE. However, We will show 

that the Backpropagation network algorithm can easily solve the XOR problem. W e  will 

revisit the XOR problem later. 



5.lmplementing Backpropagation Neural Network 

The backpropagation neural network offen a mechanism which is based on finding the 

outputs at the last (or output layer) of the neural network and calculating the errors or  

differences between the desired outputs and the current outputs. When the output is 

different from the desired output, changes are made in the weights, in proportion to the 

error between the desired output and the actual output. In Backpropagation Neural 

Networks, the algonthm involves making the corrections to the weights from the last-but- 

one layer to the 1 s t  layer first, then using the calcuiations involved in these comctions as 

the  basis for calculating the corrections for the next layer back.. . until the input layer is 

reached. That is the unique feature of Backpropagation Neural Network with other multi- 

layer networks. The basic structure of a Backpropagation Neural Network is shown in the 

Figure 5.1. 

connection connection 

input hidden Output 
layer layer IaW 

Figure 5.1 The basic stmcture of a Backpropagation neural network 



5.1 Objecf-Oriented lmplementation of Backpropagation Networks 

5.1 .1 Backpropagation Neural Network Node Classes 

in designing our Backpropagation Neural Network class, we will make the use of  the 

existing classes. The Input-Nade used for ADALINE network c m  be used here for 

Backpropagation Neural Network without any modification. Similar to ADALINEALINENode, 

the other kinds of nodes of  Backpropagation Neural Network can also be denved frwn 

Feed-Fonivard-Node ciass. We show this class hierarchy in the following diagram. 

Figure 5.2 Class hierarchy for Backpropagation(BP) Neural Nehvork nodes 



The class definitions and interfaces are listed as following. 

Class BP-Node 
class BP-Noode : public Feed-Forward-Node 
{ 

protected: 
virtual double Transfer-Function ( double value) ; 

public: 
BP-Node ( int v-size=l , int e-size=O) ; 

II Defauit of 1 value set member (NODE-VALUE) 
virtual char 'Get-Name ( void) ; 

1; 

Class BP-Output-Node 
class BP-Output-Node : public BP-Node 

public: 
BP-Output-Nde ( double Ir. double mt, int v_size=3, int e-size=l) ; 

II default of 3 value set members (NODE-VALUE, 
//LEARNING-RATE, MOMENTUM) 
Il default of 1 error set member (NODE-ERROR) 

protected: 
virtual double Cornpute-Error ( int moded) ; 
virtual void Learn ( int mode=O) ; 
virtual char 'Get-Name ( void) ; 

1; 

Class BP-Miadle-Node 
class BP-Middle-Node : public BP-Output-Node 
{ 

public: 
BP-Middle-Node ( double Ir, double mt, int v_size=3, int e-size=l) ; 

// default of 3 value set members (NODE-VALUE, 
IILEARNING-RATE. MOMENTUM) 
II default of 1 error set member (NODE-ERROR) 

virtual char 'Get-Name ( void) ; 

protected: 
viflual double Cornpute-Error ( int rnode=O) ; 



5.1.2 Backpropagation Neural Network Link Class 

The back propagation link class can be denved from Base-Link. It should define 

enough value set rnembers in the link objects to hold the link value (weight) and the link 

value's previous change (delta). It should also ovemde the save() function. The class 

definitions and interfaces are listed as following. 

CIass BP-Link 
class BP-Link : public Base-Link 
{ 

public: 
BP-Link ( int size=2) ; 

// default of 2 link value set rnembers (WEIGHT, DELTA) 
virtual void Save ( ofstream &outfile) ; 
virtual void Load ( ifstream &infile) ; 
virtual char 'Get-Name ( void) ; 
virtual void Update-Weight ( double new-val) ; 

5.2 Application of BP with Example - XOR Problem Revisited 

We revisit the XOR problem encountered in our ADALINE network to study how the 

Backpropagation Neural Network objects can be used to solve XOR problem, whereas 

ADALJNE c m  not. 

We saw that ADALINE essentially camies al1 logical functions AND, OR, or  NOT. So, if 

some function beyond the capability of an ADALINE can be expressed as a combination 

of these basic logical functions, then it could be implemented by using more than one 

ADALINEs. For instance, we could Say that the XOR function differs from the OR 



function in that it excludes the case of both inputs k i n g  on. So we can Say that XOR is 

simpl y: 

(Xi OR X2) AND (NOT (XI AND X2)) 

So, if we get one ADALINE to do the OR (XI OR X2 ), others to do the NOT 

( X I  AND XZ), and another to do the AND of these two, then XOR can be implemented. 

This gives us an insight of developing a multi-layer neural network to solve the problem 

which can not be solved by a ADALINE network- 

As we mentioned earlier, the transfer function i s  a nonlinear function that, when applied 

to the net input of a node, determines the output of that node. Its domain must generally 

be al1 real numbers, as there is no theoretical lirnit to what the net input can be (however, 

in practice we can easily limit the input by Iimiting the weights, and often do). The range 

of the transfer function (Le. values it cm output) is usually limited. The most common 

lirnits are O to 1, while some range from -1 to 1. The A D W  network uses a simple 

threshold function. If the weighted sum of inputs is less than the threshold, the output is 

O. Othenvise the output is 1. To facilitate the BP algorithm. we shall introduce the 

Sigmoid function. In Our example we use the most commonly employed sigmoid 

function: 



5.3 Solving XOR Problem by Using Backpropagation Neural Nefwork 

5.3.1 XOR Problem training Set 

Figure 5.3 XOR Problem training Set 

5.3.2 Creating training Set for XOR Problem 

Output 
O 

X 
O 

The following code segment is for creating the training set to be presented to BP network 

Y 
O 

for training 

// Create Training Set - XOR problem 

Pattern *data[4]; 
// sizes id input output 
//- - -- 

data[O]=new Pattern ( 2,1, 1, 0.0,0.0, 0.0) ; 
data[l]=new Pattern ( 2,1, 2, 0.0,1 a. 1 -0) ; 
data[2]=new Pattern ( 2.1, 3, 1 .O.O.O. 1 *O) ; 
data[3]=new Pattern ( 2.1, 4, 1 -0, 1 .O, 0.0) ; 

5.3.3 Constructing BP Network for XOR Problem 

To solve XOR problem with BP algonthm, we need to consmict a Backpropagation 

neural network with one input layer, one output layer and one hidden layer (rniddle 

Iayer). The topology of Our BP neural network is shown as Figure 5.4. 



Input 

Input 

Input f Hidden Output 
Layer Layer La yer 

output 
111) 

Figure 5.4 Backpropagation neural network for XOR problem 

To realize this topology, the CU implementation is: 

// Create BP Network 
Base-Node 'Node[6]; 
Base-Link *Link[9]; 

/ /1) create nodes 

// Input layer 
Node[O]=new Input-Node; 
Node[l]=new Input-Node; 

// Middle layer nodes 
// Learning rate 0.4, Momentum 0.9 
Node[2]=new BP-Middle-Noâe ( 0.4, 0.9) ; 
Node(3]=new BP-Middle-Node ( 0.4, 0.9) ; 
Node[4]=new BP-Middle-Node ( 0.4, 0.9) ; 
// Output layer node 
Node[S]=new BP-Output-Node ( 0.4, 0.9) ; 

112) Create Links-connecting 

// Create Links for Network 
for (int i=O; i<9; i++) 

Link[i]=new BCLink () ; 



// Connect Network with links 
int curr=O; for (i=2; i<=4; i++) 

for (int j=û; j<=t ; j++) 
Connect ( Node[iJ, Node[i],Link[curr++]) ; 

for (int j=2; j<=4; j++) 
Connect ( Node(jJ, Node[5],Linl<Icurr++J) ; 

5.3.4 Training the BP network to Solve the XOR Problem 

5.3.4. I Training Stage 

The BP network should be trained until al1 patterns in the training set produce an error 

less than 50%. Since the XOR problem has a binary output, an error tolerance of less than 

50% is adequate to determine a correct output. We c m  see it clearer from the plot of 

sigmoid function, the desire outputs could take values of 0.0 or 1.0, the sigmoid function 

can generate two categones of outputs: one has the values ranging from 0.0 to 0.5 and 

the another has the values ranging from 0.5 to 1.0. These two categories can map the 

desired output of 1.0 and 0.0. For example, if the network generates an output of 0.34567 

for input pattern (0.0. 0.0), the error i s  (0.345674.0 = 0.34567) < 0.5 , this output is 

fallen into the first category, can be mapped to the desired output 0.0, thus should be 

acceptable. 

- -- - . - . . - . - - - 

Figure 5.5 Signioid Function and the ouput rnupping 



Training a BP network involves several steps: 

1) Set input values 

2) The fonvard pass then is performed by executing the Run () operation on each node 

in the middle and output layers. 

3) When the forward pass is complete, the desired output for the output node is loaded 

with the Set-error ( ..) operation 

4) The backward pass is performed by excuûng !he Lem () operation on the nodes in 

the output and rniddle layers. 

The detailed implementation of training is shown as following. 

// Train Backprop Network 
long iteration=O; 
int good=O; 
double tolerance=O.S; 
double totalerror; 

while (g00d<4) // Train until al1 patterns are correct 
{ 

for (int id ;  i<4; i++) 
{ 
Node[O]->Set-Value ( datari]-An ( O) ) ; // Set Input Node values 
Node[l]-Set-Value ( data[i]-An ( 1) ) ; 

for (int j=2; j<=5; j++) 
Nodeül-zRun () ; 

// Forward Pass 

Node[S]-Set-Error ( data[i]->Out ( 0) ) ; II Set Error Values 

for (j=5; j>=2; j-) 
Node(j]->Leam () ; 

// Bachard Pass 

if (fabs ( Node[S]->GeLValue () -data[i]->Out ( O) ) 4olerance) 
good++; 



totalerror+=fabs ( Node(53-Set-Error () j ; 
1 

// Print status every 1000 iterations 
if (iteration%1000=0) cout CC iteration '. ' & good "/4" 

<< " Error: " setprecision ( 15) -CC total-error <C endl; 
iteration++; 
1 

5.3.4.2 Save Training Results Stkage: 

After the training the BP network, the training result should be stored in a disk file. 

// Save Backprop 
ofstream outfile ( 'XOR-BP.netm) ; 
for (i=O; i46; i++) // Save Nodes 

Node[i]-Save ( outf ile) ; 

for (i=O; i49; i++) // Save Links 
Link[i]-Save ( outfile) ; 

The content of the saved disk file "XOR-6P.net" contains the &ta for the BP network 
Nodes and Links: 

Figure 5.6 Stored Data for Nodes 

42 



Figure 5.7 Sfored Data for Links 

5.3.4.3 L o d  and Run Stage 

Before loaàing and ninning the BP network for the XOR problem, the Nodes and Links 
objects should be created first. 

// Create Backprop 
Node[O]=new Input-Node; 
Node[l]=new Input-Node; 
Node[2]=new BP-Node; // Only BP-Nodes are required 
Node[3]=new BP-Node; // since there will be no learning 
Node[4]=new BP-Node; 
Node[5]=new BP-Node; 

for (i=O; ic9; i++) // Create Links for Network 
Link[i]=new BP-Link () ; 

curr=O; // Connect Network 
for (i-2; k=4; i t t )  

for (int j=O; j<=l; j++) 
Connect ( Nodeü], Node[i],Lin k[curr++]) ; 

for (j=2; jc=4; j++) 
Connect ( Node[j J,Node[S],Link[curr++]) ; 

Then the BP network data is loaded from the disk file XOR-Bpnet, and the mnning BP 

network is performed. 



// Load Backprop 
ifstream infile ( 'XOR-BP.netm) ; 
for (i4; k6; i++) 

Node[+Load ( infile) ; 

for ( i d ;  ic9; i++) 
Link(+>Load ( infile) ; 

11 Run Backprop Network 
for (id; ic4; i++) 

{ 
Node[O]-Set-Value ( data[+>ln ( 0) ) ; // Set Input Node Values 
Node[l]-Set-Value ( data[U->ln ( 1) ) ; 

for (int j=2; j<=5; j++) Il Forward Pass 
NodeljJ->Run () ; 

double out=Node[5]-Set-Value () ; // Get output layer's output 

cout ce 'Pattern: ' << setw ( 3) <c i cc ' Input: (' 
<c data[U->ln ( 0) << ',' 
<< data[i]->ln ( 1 ) 
<c ') Backprop: (' c< out 
<< ') Actual: (' data[+Out ( 0) << ') ' << endl; 

1 

The output training and running of BP network to solve the XOR problem is in file 

"XOR-BP.OU~". It contains the output reflecting the training process and the final 

running result. In figure 5.8, the output is displayed every 1OOO iterations, so we did not 

get the output of the iteration which the training is stopped. We modify the condition of 

displaying outputs and get the outputs of the last two iterations: (25743. 3/4 Error: 

0.1 îSS83623778577) and ( 25744. 4/4 Error: O.1255835W7 19234). We find both the 

training and the running results are satisfactory. 



Figure 5.8 Training output for XOR problem 



Figure 5.9 Running results output for XOR problem 



6. Summary of Comparison Between ADALINE and BP 

Generally speaking, we can say Backpropagation Neural Network is an extension of 

ADALiNE network. The major differences of the architectures between them lie in the 

hidden layer. A BP network can have one or  more hidden layers . There are several 

major differences between ADALINE and BP network. 

Linear separabili ty 

From XOR problem, we can see that the layered structure of BP network allows it to 

escape the ADALïNE's linear separability limitation making it a much more powerful 

tool. 

Output 

From Our XOR problem and Open-to-Buy example, we can see that AD- can only 

give a binary output either -1 o r  1 (rnay be O, 1) as shown in Figure 4.8. However, a BP 

network does not have this limitation. It can have any number of outputs whose values 

fa11 within a continuous range. So a BP network is ideal for solving the problems 

involving classification, projection, interpretation and generalization. 

Inputs mappings 

A single layer ADALINE network is severely limited in the mappings it can learn; a 

multi-layer BP network can learn any continuous mapping to an arbitrary accuracy. So of 

BP networks can be applied to solve problems in many areas. Applications using such 

networks generally involve mapping a given set of inputs to a specified set of target 

outputs. 



7. Genetic Algorithms 

7.1 Basics of Genetic Algorithms 

Genetic algorithms (GAs) are search dgorithms that reflect in a primitive way some of 

the processes of naturd evolution. As such, they are analogous to neural networks' status 

as prirni ti ve approximations to biologicd neural processing. 

Genetic algorithms are inspired by the study of genetics; they borrow terms from genetics 

and simulate the adaptive behavior of biological systems. The smallest data item that 

encodes information is the gene. Problern information is encoded by a sequence of genes; 

this ordered collection is the chromosome. The position of a specific gene in a 

chromosome is the locus. We allow the infornation in genes to mutate, that is, the 

information cm mcasionally change randomly. Mutations usually involve small changes. 

Another type of variation is the crossover, in which a random locus is chosen where two 

genes are split; the two genes then exchange the portion occurring after the locus. The 

formula specifying how well a given chromosome solves the fomulated problem is 

calIed the fitness. Fitness is represented by a function of one argument (a chromosome) 

that returns a fitness value. The population is a set of chromosomes with initial random 

values that are used to solve a problem. The number of generations is the number of 

times the population is varied and the fitness values calculated in solving a problem. A 

complete description with directions for mutations. crossovers. and the number of 

generations is called an expriment. 



The series of operations cmied out when implementing a GA paradigm is: 

1. Initialize the population, 

2. Calculate fitness for each individual in the population, 

3. Reproduce selected individuals to form a new population, 

4. Perform crossover and mutation on the population, and 

5. h o p  to step 2 until some condition is met. 

7.2 00 Analysis for GenetIc Algorithms 

To mode1 the Genetic Algorithms, we set up four basic class, bit-vector, gene-sequence, 

chromosome and genetic-experiment. The relationships among these classes are in the 

forms of aggregation and "is-a". Chromosome is a subclass of gene-sequence, and 

gene-sequence is a subclass of bit-vector class. Geneticexperiment consists of 

chromosome. The class diagram is shown in Figure 7.1. 

bit-vccta 
openta+= 0 
-ta-= O 

geae-supence 

Virtuai float fimess O 

mufate ( floai mtc) 
crossova ( float probability) 
copy ( chromosomc&) 
float fimess O 
nrini f indcr valiic\ 

Figure 7.1 Class diagram for genetic algorithm architecture 



7.3 Design and lmplement Genetic Algorithm Classes in C++ 

The class responsibilities and interface definitions are as followings. 

Chss gene-sequence: 

In Genetic Algorithms. individual gene in a chromosome is usually represented by a 

single bit. Since bit-vector objects are useful for other applications besides genetic 

algorithms, we design a separate class that supports setting and testing individual bits in a 

compact vector of bits. 

class gene-sequence 
{ 
public: 

: public bit-vector 

gene-sequence ( int size = 1) ; 
-gene-sequence () ; 
virtual float fitness () = 0; // abstract base class 

1; 

Class chromosome: 

Class chromosome is derived from class gene-sequence, adding behavior for mutation 

and genetic crossovers. 

class chromosome : public gene-sequence ( 
public: 

chromosome ( int size = 1) ; 
chromosome ( chromosome & chromosome~t~~copy) ; 
-chromosome () ; 
void mutate ( float mutation-rate) ; 
void copy ( chromosome & chromosome~to~copy) ; 
/i perform "in place" without creating a new chromosome: 
void crossover ( chromosome & other~chromosome) ; 
// Define the following member function in your application: 
float fitness () ; 
void print ( int index = O, float fitness = -999.9) ; 

private: 
RandomSequence random-seq; 

1; 



The class genetic-experiment controls a set of chromosomes dunng an experiment, 

including finding a single chromosome with the largest fitness value. 

class genetic-experiment { 

public: 
genetic-experiment ( int chrom-size = -1, 

int population-size = -1, 
float mutation-rate = 25.0, // 25 % 
float crossoverqrobability = 0.3) ; 

wgenetic-experiment () ; 
int chromosome~size () { return size~of~chromosome; } 
int number~of~chromosomes () ; 
virtuaf void initializejopulation () ; 
void solve () ; 
float current-best-fitness () ; 
chromosome ' const current,best~chromosome () ; 

private: 
chromosome **chromosomes; 
in t size-ofpopulation ; 
int size~of~chromosome; 
int current~best~chrornosome~index; 
f loat mut-rate; 
float cross-prob; 
float 'fitnesses; 
void sort-by-fitness () ; 
RandomSequence randoms; 

1; 

Class biî-vector 
class bit-vector { 
public: 

bit-vector( int num-bits = 1) ; 
bbitvector () ; 
unsigned int operatoa ( int bit-index) ; 
int number-of-onbits () ; 
void operator+= ( int bit-to-turnon) ; 
void operator-= ( int bit-to-turn-off) ; 
int operator= ( bit-vector &other) ; 
void setfo-zero () ; 
void set-to-one () ; 
int size () 
{ 
return number-of-bits; 



1 
protected: 

unsigned int ' data; 
int nurnber-of-bits; 
int number-of-ints; 

1; 

The detailed irnplementation of Bit-vector class is included in source listings in the 

Appendix. Bit-vector class will be used later for Our recumnt network class (Figure 

2.5), whereas, in this project, we will concentrate on the paradigm of how genetic 

algonthm can be applied for training recurrent neural network. We will then mode1 the 

neural network in genetic algorithm architecture. In this project, we only study the 

genetic algorithm applied to recurrent neural network, rather than studying the general 

genetic algorithm and thus the detailed impiementation for Genetic-experiment, 

Chromosome and Gene-sequence classes are omitted. The classes needed for 

training recurrent neural networks will be developed in later chapter, 



8. Training Recurrent Neural Networks with Genetic Algorithms 

Problems with continuous input data require neural networks with feedback loops 

between neuron layers, which are called recurrent neural networks. We will study how to 

search for a set of weights for a recurrent neural network by treating the set of weights as 

a chromosome, and use a genetic algorithm to find a fit chromosome that minimizes the 

error for a given set of neural network training data. A typical recurrent neural network is 

shown as figure 2-5. 

8.7 Object Oriented Analysis of Recurrent Neural Network with GA 

We mode1 the neural network by applying the GA algorithm along with the feed back 

feature. This is a totaily different architecture from that seen till now, so we need to 

define the classes based on this architecture rather than simply using the Base classes for 

feed forward ADALINE. There are three class that should be defined, they are 

genetic-recurrent-network class, RandomSequence class and bitvector class. They 

are derivations (however we do not implement the inheritance here) of the more general 

Genetic Algorithm classes defined in chapter 7 (Figure 7.1). For instance, in Figure 7.1, 

the member function fitness() for gene class is a virtual function, and should be 

ovemdden by chromosome's fitness() member function, where the fitness() member 

function for the  class genetic-recurrent-netw~rk is not an ovemde function, but it is a 

application dependent one. The class diagram is shown in Figure 8.2. 



float fitness 0 
float train ( int Nurn-generations) 
void copy-bit-weight-float ( popul- index) 
float solve O 

Figure 8.2 The class diagram for recurrent neural network 

int randint ( ubound. Ibound) 
double randFioat ( ubound, lbound) 

Figure 8.1 shows the class diagram for class genetic-recurrent-network. An instance 

I 

bit-vector 

operator+= () 
operator-= () 
operator[] 
void set () 
int Size () 

h 

of this class contains static allocation of two-dimensional weight arrays and a set of 

single large bit vectors (chromosomes). The population is a set of these large single bit 

vectors. The public member function copy-bit-weights-to-floats() anpacks the bit 

vector for a specified member of the chromosome population into the two dimensional 

floating point bit mays. The genetic leaming is implemented by genetic crossover and 

mutation on these bit vectors. The fitness member function evaluates each chromosome 

by using the two dimensional weight arrays as temporary storage to implement a neural 

network for each member of the chromosome population. We reuse a single set of two 

dimensional floating point weight arrays to evaluate al1 chromosomes in the population. 



9. Using GA to Train Recurrent Neural Network for XOR Problem 

To support genetic leaming for XOR problem, we need to map a single-bit vector into the 

set of two-dimensional floating-point weight arrays. The size of the neural network is set 

by the following constant definitions: 

const int NUM-INPUTS = 2; // number of input nodes is two 
const int NUM-HIDDEN = 6; //number of nodes in hidden layer is six 
const int NUM-OUTPUTS = 1; //number of output node is one. 

The topology of the neural network is set up by defining: 

#define USE-1-TO-O //input to output nodes 
#define USE-H-TO-H //hidden to hidden nodes 
#define USE-O-TO-H //output to hidden nodes 

The recurrent neural network with above macro definition is shown in the following 
Figure. 

- 

Input Layer ( O) Middle Layer ( 1) Output Layer ( 2) 

Figure 9.1 Recurrent neural network for XOR problem 



If we just want implement the topology as in Figure 8.1, i.e. without the connection from 

input node to output node directly. We can define the second two macros without the first 

one: 

#define USE-HTO-H //hidden to hidden nodes 

#define USE-O-TO-H //output to hidden nodes 

(no connection from input to output directly) 

9.7 Execution Output for the XOR Problem wlth Genetic Algorithm 

The followings are partial output of the XOR problem. 

This output shows the start of an XOR genetic training experiment. 

Figure 9.2 Output of starr of an XOR genetic training q e r i m e n t  

After 5 generations, the e m r  is still large, and the best set of neural network weights in 

the chromosome population c m  not solve the XOR problem. 

Figure 9.3 Output for generation 5 for XOR genetic training experiment 



In this part of output, after 75 genetation the emor is smaller, but the best set of weights in 

the chromosome population still has not learnt to map (1, 1) to (O). The last pattern of 

inputs are 0.2 and 0.2, the output is 0.0 1607 13. 

Figure 9.4 Output for generation 75 for XOR genetic training experimenr 

Figure 9.5 Output for generafion 1000 for XOR genetic training experhenf 

In above figures of output, it shows that the best set of weights after 1000 generations has 

improved very little. We can see that although Genetic Algorithm is a tool to solve neural 

network problems. it is not efficient to solve the XOR problem. This resuit shows that the 

network required to solve the XOR problem is a simple, non-recurrent, three-layer 

network, i.e. the Backpropagation Algorithm we used in the proceeding XOR exarnple. 

So in practice, we would not recommend using GA to solve the XOR problem. 



1O.Summary of Cornparison between BP and GA 

Genetic algorithm forms a good basis for solving some learning, optimization, and 

search, problems. Genetic algorithms are paiticularl y appropriate for quickl y finding 

good solutions to problems, but not necessarily the best solution for a given problem 

specification. 

The advantage in using genetic algorithms lies in the ability to design arbitrarily 

connected neural networks, and train hem, without requinng a formal scheme for 

adapting the connection weight values for a set of training data. 

Clearly, the sample XOR program with GA do a poor job at training simple (non- 

recumnt) neural networks compared with the backward error propagation algorithm. 

However, using Genetic Aigorithms to train highly recurrent neural networks looks 

promising. 

In this project, the exarnple we deveioped does not challenge the abilities of the genetic 

algorithm in training recumnt neural network. It just demonstrates that genetic 

algonthms c m  be appiied to train reçument neural network. 

Genetic Algorithms are a kind of evolutionary computing, Backpropagation is a comrnon 

algorithm for neural network computing. They can be combined together to make a more 

efficient way to solve neural network problems in the following ways. 



Using genetic algorithms to evolve optimal values for neural network parameters 

such as the number of nodes, connectivity, weights, iearning rate, and momentum. 

Genetic algorithms can offer a mechanism to find out an optimal topology through 

neural network evolution. 

Using neural networks to obtain good quality initial populations for genetic 

algorithms- 

Using Backpropagation with genetic leaming to decrease training times 

Using genetic algonthms and neural networks in paralle1 to solve the sarne problem, 

in order to increase the confidence in the correctness of the solutions obtained 

independently by each method. 
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Appendix Source Listings and Output Files 



//**************************************************************************** 
// OTB-trn-set-cpp 
// program to generate training set for Open-To-Buy example 
//**************************************************************************** 

void main() { 

double InpulX, InputY, VTValuc. DcsircdOutput; 
ofstrearn fout("0TBTrnSettxt"); 

/* fout«" '*«" Input X Valuew<< " Input Y Valuen«" Desired Outputs"<<endl; 
fout«" "«<endl; 

*/ 

//RAND-MAX=32767 which is the max integer value 



//**************************************************************************** 
// File baseh 
// 
// This header file contains the base classes for the neural network nodes 
11 and links. It as10 contains the cornmonly used doubly Iinked list class 
//**************************************************************************** 
#include<stdio.b 
#include<stdlib.h> 
#include<math.h> 
#include<iostream.h> 
#incIudeciomanip.h> 
#include<fstream.b 
// - - - -  --- 
#ifndef BASE 
#define BASE 

#define NODE-VALUE O 
#define LEARNING-RATE 1 
#define NODE-ERROR O 
#define WEIGHT O 

class Base-Node; 11 Forward declmation so links can use the base node type 
class Base-Link // Base Neural-Network Link class 

I 
private: 

static int ticket; 

protected: 
int id; 11 ID number for link 
double *value; Il Value(s) for Link 
Base-Node *in-node; 11 Node instance link is cornming from 
Base-Node *out-node; // Node instance link is going to 
int value-size; 

public: 
Base-Link(intsize=l); //Conscnictor 
-Base-Li&( void ); // Destructor for Base Links 
virtual void Save( ofsueam &outfile ); 
virtual void Load( ifstream &infile ); 
inline virtual double Get-Value( int id=WEIGHT ); 
in1 ine virtual void Set-Value( double new-val, int id=WEIGHT); 
inline virtual void Set&-Node( Base-Node *node. int id ); 
inline virtual void Set-Out-Node( Base_Node *node, int id ); 
inline virtual Base-Node *In-Node( void ); 
inline virtual Base-Node *Out-Node( void ); 
inline virtual char %et-Name( void ); 
inline vinual void Update-Weight( double new-val ); 
inline int Get-ID( void ); 
inline virtual double In-Value( int mode=NODE,VALUE ); 
inline virtual double Out-Value( int mode=NODE-VALUE ); 
inline virtual double In-Enor( int rnodc=NODE-ERROR ); 
inline virtual double Out-Enor( int mode=NODE,ERROR ); 
inline virtual double Weighted-In-Value( int mode=NODE,VALUE ); 
inline virtual double Weighted-Out-Value( int mode=NODE-VALUE ); 
inline virtual double Weighted-In-Error( int mode=NODE,VALUE ); 



inline virtual double Weighted-Out-Enor( int mode=NODE-VALUE ); 
inline virtual int Get-Set-Si@ void ); 
inline virtual void Epoch( int mode=O ); 

1; 
//- -- ---- - 

// Linked-List Support Clriss 

private: 

suuct NODE 
{ 
NODE *next, *prev; 
Base-Link *element; 
1; 

NODE *head,*tail,*curr; 
int count; 

public: 
LList( void ); 
-LList( void ); 
int Add-To-Tail( Base-Link *dement ); 
int Add-Node( Base-Link *element ); 
int Del-Node( void ); 
int Del( Base-Link *dement ); 
int Find( Base-Link *element ); 
inline void Clear( void ); 
inline int Count( void ); 
inline void Reset-To-Head( void ) ; 
inline void Reset-To-Tail( void ); 
inline Base-Link *Cm( void ); 
inline void Next( void ); 
inline void Prev( void ); 

1; 
//---- ----- 
Base-Link::Get-Set-Size( void ) 

{ 
return value-size; 
1 

//------- 
BaseLink::Base-Li&( int size ) // Constructor 

{ 
id=++ticket; 
value-size=size; 
if (value-size<=O) value=NULL; 
else v a l u e n e w  double[value-size]; 
for (int i d ;  i<value_size; i u )  // initiaiire value set to zero 

value[i]=O.O; 
i n-node=out-node=NULL; 
1; 

Base-Link::-Base-Link( void ) // Destnictor for Base Links 
{ 
if (value-sizes) delete[] value; 
1; 

//------------*----- 



void Base-Link::Save( ofstream &outfile ) 
{ 
outfile ce id « end); 
outfile ce value-size; // Store value set 
if (value) delete []value; 
value=new double[value-size]; 
for (int i=O; kvalue-size; i++) 

outfile « " " setprecision( t 8) cc value[il ; 
outfile cc endl; 
1; 

// 
void BaseLink::Load( ifstream &infile ) 

{ 
infile >> id; 
infile » value-size; 
if (value) delete []value; 
value=new double[value-size]; 11 Load value set 
for (int i d ;  icvalue-size; i++) 

infile >> value[i]; 
1; 

// 
double Base-Link-:Ger-Value( int id ) ( retuni valudidl; }; 
// 
void Base_Link::Set-Value( double new-val. int id) { value(id]=new-val; ); 

void Base-Link::Set-Out-Node( Base-Node *node. int id ) ( out-de=node; 

Base-Node *Base,Link-:In-Node( void ) { return in_&; 1 ; 

Base-Node *Base-Link::Out-Node( void ) ( return out-node; ] ; 
//- 
char *Base-Link::Get-Name( void ) 

{ 
static char name[]="BASE,LINK"; 
return name; 
1; 

//-- 
void Base-Link::Update-Weight( double new-val ) 

( val ue[WEIGHT]+=new-val; ) ; 
// -------- -- 
int Base-Link::Get-iD( void ) ( r e m  id; ) ; 
// --------- 
void Base-Link::Epoch( int code ) { ) ; 
// --------- --- - 
int BaseLink::ticket=-1; // This static variable is shared by al1 

11 links derived fiom the base Iink class. Its 
Il purpose is to give each Iink created from 
// the base-link ciass a unique identification 
// number. 

//------------------ - 
class Base-Node // Base Neural-Network Node 

( 
pnvate: 

static int ticket; 



protected: 
int id; // Identification Number 
double *value; // Valu&) s t ~ r e d  by this node 
int value-size; // Number of Values stored by this node 
double *enor; // Enor value(s) stored by this node 
int enor-size; // Number of Enor  values stored by this node 

U i s t  in-1in.b; // List for input links 
U i s t  out-links; // List for output links 

public: 
Base-Node(intv-size=l.inte-size=l); //Constructor 
-Base-Node( void ); // Destructor 
LList *Ln-Links( void ); 
LList *Out-Links( void ); 
virtual void Run( int m o d d  ); 
virtual void Leam( int mode4 ); 
virtual void Epoch( int code=O ); 
virtual void Load( ifstrcam &infile ); 
virtual void Save( ofstream &outfile); 
inline virtual double Get-VaIue( int id=NODE-VALUE ); 
in1 ine vinual void Sct,Valuc( double new-val, int id=NODE-VALUE ) ; 
inline vinual double Get-Enor( int id=NODE ,ERROR ); 
inline virtiiiil void SetError( double new-val, int id=NODE-ERROR ); 
inline int Get-ID( void ); 
inline virtual char *Get-Name( void ); 
void Create-Link-Tot Base-Noàe &to-node, BascLink *link ); 
virtual void Prim( ofstream &out ); 

friend void Connet(  BaseseNode &fiom,ncxie, Basc_Node &to-node, 
Base-Link *link ); 

friend void Connect( Base-Node &fiom,node, Base-Node &to-node, 
Base-Link Minit ); 

friend void Connect( B ase-Node *from,de. Base-Node *to-node. 
Base-Link *Iink ); 

friend int Disconnect( Base-Node *from-node, Base-Node *to-node); 

friend double Random( double lower-bund, double upper-bound ); 

1: 

B ase-Node::Base-Nde( in t v-size, int e-size ) 11 Constructor 
I 
id=++ticket; 
if (v-size<=û) ( value-sizd;  vatue=NULL; ) 11 Create value storage 
else 

{ 
value-size=v-size; 
value=new double[v-size 1; 
1 

for (int i=O; icv-size; i++) 
value[i]=O.O; 

if (e-sizec=O) { error-size=O; error=NULL; ) 11 Create error storage 
else 



for ( i d ;  ice-size; i++) // Set al1 enors IO zero 
error[i]=O.O; 

1; 

B ase-Node::-Base-Node( void ) 11 Destnictor 
{ 
if (value-size>O) delete[] value; 
if (enor-size>O) delete[] error; 
1: 

// 
LList *Base-Node::In-Links( void ) ( r e m  &in,links; }; 

U i s t  *Base-Node::Out-Links( void ) { return &out-links; }; 
// 
void Base-Node::Run( int mode ) ( 1; 
// 
void Base-Node::Leani( int mode ) { ) ; 
//- 
void Base-Node::Epoch( int code ) { ) ; 

void Base-Node::Load( ifsucam &infile ) 
( 
infile >:, id; 
infile » value-size; 
if (value) detete []value; 
value=new double[value-size]; 11 Load value set 
for (int i=O; icvalue-size; i*) 

infile » value[i]; 
infile >> enorsize; 
if (error) delete [lerror; // Load error set 
error=new doubIe[enor-size]; 
for (i=O; i~errors ize ;  i u )  

infile » error[i]; 
1; 

//----- - 
void B ase-Node::Save( ofstream &outfile) 

( 
outfile cc setw(4) c< id <c endl; 
outfile « value-size; Il store value set 
for (int i d ;  icvalue-size; i++) 

outfile « " " <c setprecision(l8) cc vaIue[i]; 
outfile cc endl; 
outfile cc error-size; // store error set 
for (i=O; kerror-size; i++) 

outfile cc " " cc setprecision(l8) « error[i]; 
outfile << endl; 
1; 

// ------- - - - -  
double Base-Node::Get-Value( int id ) { return value[id]; 1; 
//--- - - -- 
void Base-Node::Set-Value( double new-val. int id ) ( value[id]=new-val; ); 



double Base,Node::Get-Enor( int id ) { retum enor[id]; ); 
//---- 
void Base-Nde::Set-Error double new-val. int id ) { error[id]=new-val; ) ; 

int Base-Node::GetJD( void ) ( r e t m  id; ) ; 

char *B ase,Node::Get-Name( void ) 
t 
static char name[]="BASE-NODE" 
return name; 
1; 

//----- 
void Base-Node::Create-Link-To( Base-Node &(O-node. Base-Link *link ) 

{ 
out-1inks.Add-To-Tait(link); 
to-node.In-Links()->Add-To-TaiNlink); 
Iink->Set-In-Node(ihis, id); 
link->Set-OutNode(&to-node. to-de-Get-ID()); 
1; 

Il------ 
void Connect( Base-Node &fiom-node. BascNode  &to,node. Base-Link *link ) 

from-node-Crea te-Link-To(to-node,link); 
1; 

//-------- 
void Connect( Base-Node &from,node, Base-Node & t o - d e .  Base-Link & h i c  ) 

{ 
from-node.Create-Link_To(t~~nde,&link); 
1; 

void Connect( Base-Node *fiom-node, Base-Nde *to-node. Base-Link *link ) 
I 
from-node->Create-LinkTo(*to-nde.link); 
1; 

//--- ----A-- - 
int Disconnect( Base-Node *from,node. Base-Node *to-node ) // Remove link 

{ 
LList *out-] inkfrom-node->Out-Li-; 
int flag=O; 
out-links->Reset,To-Head(); 
for (int i=û; icout-links->Count(); i++) // for each output link 

{ 
if (out-links-Km()->Out-Node()-CO-node) 

{ 
flag= 1 ; 
break; 
1 

out-links->Next(); 
1 

if (flag=l) // Iink exists. delete it from both nodes 
{ 
out-1 inks->Curr()->Out-Node()->In-Links()->Del(out-links->Curr()); 
out-links->Del,Node(); 
return 1; 



1 
else 

return O; // Iink not found 
1; 

double Random( double lower-bound. double upper-bound ) // Generate Random Number 
( 
return ((double)((rand()%RAND-MAX))/(double)RAM)-MAX)* 

(upper-bound-lower-bound)+lower-bound; 
1; 

//--- 
void B ase-Node::Print( ofsueam &out ) 

out cc "Node D: " << id cc " Node Name: " << Get-Name() << endl; 
out cc "Value Set: "; 
for (int i d ) ;  i<value-size; iu) 

out cc value[i] << " "; 
out cc endl; 
out « "Error Set: "; 
for ( i d ;  icerror-size; i*) 

out cc error[i] cc " "; 
out cc endl; 

in-l inks.Rese tTo-Head(); 
for (i=O; kin-links.Count(); i u )  

{ 
out cc " In Link ID : " in-links.Curr()--t-ID() 

cc " Lin k Name: " cc in-links.Curr()->GetName() 
cc " Source Node: " ce in-Iinks.CM)->In-Node()->Ge(-ID() 
cc " Value Set: "; 

for (int j=û; jein-links.Curr()->Get-Set-SizeO; j u )  
out « in-links.Cun()->Get-ValueCi) <c " "; 

out cc endl; 
in-links.Next(); 
1 

out-1 inks.Reset-To-Head(); 
for ( i d ;  icout-links.Count(); i++) 

( 
out << " Out Link ID: " cc out-links.Cun()->Get-ID() 
cc " Link N m :  " cc out-links.Cun()->Ge[-Name() 
cc " Dest Node : " cc out-links.Cm()->Out-Nde()->Get-ID() 
cc " Value Set: "; 

for (int j 4 ;  jcoutJinks.Curr()->Ge(-Set-Six(); j++) 
out cc out-1 inks.Cun()->Get-Valueu) << " " ; 

out cc endl; 
out-links.Next(); 
1 

out cc endl; 
1 

//- - - --- ---------- 
int Base-Node::ticket=-1; // This static variable is shared by al1 

// links derived from the base Iink class. Its 
// purpose is to give each link created fiom 
/f the base-link class a unique identification 
// numbcr. 



//----- - 
double Base-Link::In-Value( int mode ) / /  These Base-Li& members 

{ retum in-node->Ge[-Value(mode);); / I  must be defined after the 
double Base-Link::Out-Value( int mode ) // Base-Node class because 

{ return out-nde-Set-Value(mode);) $1 they reference specific 
double Base-Link::In-Enor( int mode ) 11 Base_Node Members. 

{ return in-node->et-Emor(mode);); 
double Base-Link::Out-Enor( int mude ) 

{ retum outnode->Get-Enor(mode); ) ; 
double Base-Link:: Weighted-In-Value( int mode ) 

{ retum in-node->Get-Value(mode)*value[WEIGHT];); 
double Base-Link::Weighted-Out-Value( int mode ) 

{ return out-node->Ge~Value(mode)*vdue~IGHT] ; ) ; 
double Base-Link::Weighted-Out-Enor( int mode ) 

( return out-de->Ger-Error(mode)*value~IGHT]; ) ; 
double Base-Link::Weighted-In-Enor( int d e  ) 

{ return in-node->Get-Error(mode)*value[WEIGHT] ; } ; 

II 
class Feed-Forward-Node : public Base-Node // This derived class provides 

{ // a generic feed-fonvard 
// neural-network node which 
// can be used by the ADALINES 
// and Backprop networks. 

protected: 
virtual double Transfer-Function( double value ); 

public: 
Fe&-Forward_Node( int v-size= 1, int e-sizc= 1 ) ; I l  Constructor 
virtual void Run( int m o d e 4  ); 
virtual char *Get-Name( void ); 

1; 
//---- 
double Fd-Fonvard-Node::Transfer-Function( double value ) ( return value;); 
// 
Feed-Fonvrud-Node::Feed_FofwarddNude( int v-six. int e-size ):Base-Node(v-si2e.e-size) { ) ; 
//--- 
void Feed-Forward-Node::Run( int mode ) 

{ 
in-li nks.Reset-To-Head(); 
double total=û.O; 
int cnt=in-Iinks.Count(); 
for (int i d ;  iecnt; i++) // For each nodeS input link 

I 
total+=in-links.Curr()->Weighted-In-Value(); 
injinks.Next(); 
1 

vaIue[mode]=Tnnsfer~Function(total); 
1; 

// ---- -- - - ---- ---------------- --- 
char *Feed-Forward-Node: :Get_Name( void ) 

{ 
static char name[]="FEED-FORWARD-NODE"; 
return name; 
1: 



//---- -- 
class Base-Network : public Base-Node // Base Network Node 

protected: 
in t num-nodes; // Number of  nodes in Network 
int num-links; 11 Number of  links in Network 
B ase-Node **node; // A m y  of base nodes 
Base-Link **link; // Array of base links 

virtual void Create-Network( void ); 
vinual void Load-Inputs( void ); 
virtual void Save-Nodes,Links( ofstream &outfile ); 
virtual void Load-Nodes,Links( ifstrearn &infile ); 

public: 
Base-Network( void ); // Constnictor 
-Base-Network( void ); // Desuuctor 
virtual void Epoch( int cod@ ); 
virtual void Print( ofstrcam &outfile ); 
virtuaI char *Get-Name( void ); 
1; 

//----- 
void Base-Network::Create-Nctwork( void ) { ) ; 
//-- 
void Base-Network::Load,Inputs( void ) { ) ; 
// ----- -- 
void Base-Network::Save-Nodes-Links( ofstream &outfile ) 

{ 
outfile cc num-nodes e x  endl; 
outfile cc num-links <e endl; 
for (int i d ;  icnum-nodes; it+) // Store al1 nodes 

node[i]->Save(outfiIe); 
for (i=O; icnum-links; i u )  // Store al1 links 

link[i]->Save(outfile); 
1; 

// ------ ------- - 
void Base-Network::Load-Nodes-Links( ifstream Brinfile ) 

infile >> num-nodes; 
infile » num-links; 
Create-NetworkO; 
for (int i=O; i c n u m - d e s ;  i++) 11 Load al1 nodes 

node[i]->load(infile); 
for (i=O; icnum-links; i++) // Load al1 links 

linklil->Load(infile); 
1 

// ---------- --- 
Base-Network: :Base-Network( void ) : Base-Node(O.0) // Constnictor 

{ 
num-nodes=O; 
num-linw; 
node=NUU; 
link=NULL; 
1; 

// ----- --- ------- 
Base-Network::-Base_Network( void ) // Destructor 



( 
if (node!=NULL) 

I 
for (int i=O; icnum-nodes; it+) // Free al1 nodes 

delete node[i]; 
for (i=û; ienum-links; i u )  II Free al1 links 

dejete link[i]; 
delete [ Inode; 
delete [Jlink; 
1 

1; 

void Base-Network::Print( ofstream &outfile ) 
{ 
for (int i=û; i<num-des ;  i++) f i  Print each node in nctwork 

nc~ie[if->Pnnt(outfile); 
1; 

//--- 
char *Base-Network::Get-Name( void ) 

{ 
static char name[]="BASE-NETWORK"; 
return name; 
1; 

//--- 
void Base-Network::Epoçh( int code ) 

{ 
for (int i=û; icnum-nodes; i++) II Run Epoch for each d e  in network 

node[i]->Epoch( code ); 

for ( i 4 ;  i<num_links; i+t) // Run Epoch for each link in network 
link[i]->Epxh( code ); 

1 
//--- 
// Linked-List Constructor 

Uist::LList( void ) 

cun=head=tail=NULL; 
count=O; 
1 

, . - - -  . . -. 

// Linked-List Destructor 

LList::-LList( void ) ( Clear(); } 
--a--- ---- 

int LList::Count( void ) ( return count; ) 
// -------------- --- --- 
// Clear out the contents of a k t  

void LList::Clear( void ) 
( 
NODE *i=head. *temp; 

while (i !=NULL) 
( 
temp=i; 



i=i -2next; 
delete temp; 
1 

curr=head=taiI=NULL; 
count=O; 
1 

/ / -  ------ 
Il Add an element to the tail of a tist 

int LList::Add-To-Tail( Base-Link *element ) 
{ 
curr=NLTLL; 
return Add-Node( element ); 
1 

// 
/ /  This function add a node before the node curr points to. If curr is 
II NULL then the node is added to the tail of the list. 

int LList::Add-Node( Base-Link *element ) 

NODE *temp=new NODE; 
if (temp=NUU) 

( 
tout « "Unable to allocate Node ..." endl; 
1 

if (curr==NULL) // Add to tail of Iist 
( 
ternp->prev=tail; 
temp->next=NULL; 
if (tail=NULL) II Empty list 

head=temp; 
tail=temp; 
1 

else 
{ // Non-Empty list 
tail->next=temp; 
triil=temp; 
} 

1 
else if ( c u m h e a d )  11 Add as head of list 

( 
temp->prev=NüLL; 
temp->next=head; 
if (head=NULL) // Empty List 

( 
head=temp; 
tâif=temp; 
1 

eIse 
I 



head->prev=temp; Il Non-Empty List 
head=temp; 
1 

1 
else 

{ 11 Add to  Middle of List 
temp->prev=curr->prev; 
temp->next=curr; 
curr->prev->next=temp; 
curr->prev=temp; 
1 

c o u n t u ;  
return 1; 
1 

// Function to verify existence of clernent in fist and r e t u m  position 

int LList::Find( Brise-Link *dernent ) 
I 
NODE *temp=head; 
int cnt=l; 
curr=NULL; 
while (temp!=NULL) 

if (temp->element==element) 
{ 
cm-temp; 
return cnt; 
I 

c n t u ;  
temp=ternp>next; 
1 

return O; 
1 

//---- 
11 Deletes an element anywhere in a list (first occurence) 

int LList::Del( Base-Link *element ) 
{ 
if (!Find(element)) return O; 
return Del-Node(); 

// This function deletes the current node in the list (curr) 

int LList::Del-Node( void ) 
{ 
if (curr=NULL) return 0; Il If list is empty, do nothing 

delete curr-xlement; Il Free link object 

if (cumhead) Il Delete first node in Iist 
( 
if (head-tail) tail=NULL; 
else head-xext->prev=NULL; 
head=cwr-mext; 



1 
else if ( c m t a i l )  // Delete last d e  in list 

1 
else // Delete node in rniddle of Iist 

delete cun; 
curr-NULL; 
count-; 
return 1 ; 
1 

//-- 
// Resets current node position (curr) to head of list 

void LList::ResetTo_Head( void ) { c r - h a d ;  } 
// 
// Resets cunent node position (cm)  to head of list 

void LList::Reset-To-Tail( void ) ( curr=tail; 1 
//----- 
// Returns the Current element pointed to in the Container 

Base-Link *LList::Cun( void ) 
I 
if (curr==NULL) return NULL; 
else return curr-xlement; 
1; 

11- 
// Advances current node 

void LList::Next( void ) 
{ 
if (curr->next=NWLL) curr=head; 
else CU-urr->next; 
1 

// Move the current node backwards 

void LList::Prev( void ) 
( 
if (cm->prev=NULL) curr=uil; 
eIse curr=curr->prev; 
1 

#endif BASE 



I I  

// File pattern.h - InputlOutput Pattern Class 
//**************************************************** 
#ifndef PATTERN 
#define PATTERN 

class Pattern 
{ 
private: 

double *in-set; // Pointer t o  input pattern array 
double *out,set; // Pointer t o  output pattern array 
int id; 11 Pattern Identification Number 
int in-size. out-size; 11 Input and Output pattern sizes 

public: 
Pattern( int in, int out ); 
Pattern( int in, int out. int da t a jd ) ;  
Pattern( int in, int out. int data-id, 

double *in-array, double *out-array ); 
Pattern( int in. int out. ifstream &infile ); 

-Pattern( void ); 

virtual inline double In(int id); 
virtual inline double Out(int id); 

virtual inline void Set-In( int id, double value ); 
virtual inline void Set-Ou!( int id, double value ); 

virtual inline int In-Size( void ); 
vinuaI inline int OutSize(  void ); 

virtual void Save( ofstream& outfile ); 
virtual void Luad( ifstream &infile ); 

virtud void Print( void ); 
virtual inline int Get,iD( void ); 

virtual void Copy( Pattern &in ); 
1; 

// ------ --- - - - - -  - --- 
// Consuuctor 
Pattern::Pattem( int in, int out ) 

{ 
in-size=in; 
out-size=out; 
in-set=new double[in-size]; 
out-set=new double[out-size]; 
1; 

//--- -- --- - -------- // 



Pattern::Pattem( int in. int out, int data-id, .., ) 
( 
in-size=in; 
out-sizeout; 
in-set=new double[in-size] ; 
out-set=new double[out-size]; 

id=data-id; 
va-list vl; 

va-start(vl, data-id 1; 
for (int i=O; icin-size; i++) 

in-set[i]=va_arg(vl,double); 

for (i=û; ieout-size; i u )  
out~set[i~=va~arg(vl,doubIe); 

Pattern::Pattern( int in, int cut. int data-id, 
double *in-array. double *out-array ) 

I 
in-size=in; 
o u t s i z w u t ;  
id=data-id; 

i n-set=new double[in-size] ; 
for (int i d ;  i4n-size; i++) 

in-set[ij=in-array [i]; 

out-set=new double[out-size]; 
for ( i d ;  i<out-size; i ~ )  

out-set[i]=out-may[i] ; 

1; 
, . - - -  - 

Pattem::Pattern( int in. int out, ifstream &infile ) 
{ 
in-size=in; 
ou t - s izwut ;  
infile P> id; 

// Destnictor - Release i d o u t  arrays 

Pattern::-Pattern( void ) 
{ 
if (in-set) delete []in-set; 
if (out-set) delete []out-set; 
1: 



Il--------- -- 
/ /  Function to get Input Pattern array values 

doüble Panern::In(int id) { tcrurn in-setlidl; 1; 

//--*---- 
Il Function to get Output Pattern array values 

double Pattem::Out(int id) [ teturn out-setlid); ); 

Il------ 
// Function to set input pattern value 

Il-- - 
II Function to set output pattern value 

void Pattcrn::Set-Out( int id, double value )( out-set[id]=value; ); 

Il--- 
/ /  Function to return input pattern size 

int Pattern::In-Si=( void ) { return in-size;); 

//---- 
Il Function to retum output pattern size 

int Pattem::Out-Size( void ) { return out-size;) 

II- - 

Il Function to return pattern identification numbcr 

int PatternxGet-iD( void ) ( return id; ) ; 

/ /  -------- 
// Function to Save pattern to disk 

void Pattern::Save( ofstream& outfile ) 
( 
outfile << id « "kW; 
for (int id; icin-size; i++) 
outfile << in-set[i] cc "\tu; 

for ( i d ;  icout-size; i++) 
I 
outfile cc out-set[i]; 
if (i !=out_size-1) outfile cc It'; 
1 

outfile « end; 
1; 

// ---------- 
Il Function to Load a pattern from disk 

void Pattern::Load( ifstrearn &infile ) 



{ 
for (int i=O; i4n-size; i++) 

infile >> in-set[i]; 

for ( i d ;  icout-size; i u )  
infile >> out-set[i]; 

char ch; 
ch=infile.peek(); 
while (ch-h' II ch=EOF) 

( 
ch=infile.get(); 
if (c h-€OF) break; 
ch=infiIe.peek(); 
1 

1; 
. r 

// Function to pnnt pattern 

void Pattem::Print( void ) 
( 
tout "ID: " << id cc " In: "; 
for (int i=0; ;<in-size; i++) 

cout cc in-setri] « " "; 
cout cc " Out: "; 
for (i=0; icout-size; i++) 

cout cc outset[i] << " "; 
cout cc endi; 
1 

// -------- --- 
// Function to copy pattern 

void Pattern::Copy( Pattern &ong ) 
( 
int i; 

if (0rig.h-Size()=in-size) 
for (;=O; itin-size; ii+) 

in-set[i]=ong.In(i); 

if (orig.Out-Size()=out-size) 
for f i d ;  icout-size; i++) 

out-set[i]=ofig.Out(i); 
1 



//*************************************************** 
// File cornmon-h 
// 
// This header file contains some cornmonly used node types 
// 
//*************************************************** 

#ifndef COMMON 
#define COMMON 

claçs Input-Nde : public Base-Nde // The Input N d e  class is a generic 
( // Input Node. It can be used with 

11 most networks. 
public: 

Input-Node( int size= 1 ) : Base,Node(size,size) If Default of one value 
( // set member (NODE-VALUE) 
for (int i=O; iesize; i u )  // and one enor set 

{ // rnember (NODE--OR) 
error [i]=0.0; 
value[i]=O.O; 
1; 

1; 

virtual char *Ge(-Name( void ) 

static char name[]="INPUT-NODE"; 
return name; 
1: 

1; 

class Biris-Node : public Input-Nde // The Bias Node Class is a node that 
( // always produces the same output. 

11 The Bias Node's default output is 1 .O 
public: 

B ias-Node( double bias= 1 .O ) : Input-Nde(1) // Constnictor 
( vaIue[O]=bias; ); 

virturrl void Set-Value( double value. int id=O ) ( }; // Disable Set-Value 
virtual double Get-Value( int id* ) { return value[O]; } ; 

virtual char *Ge(-Name( void ) 
{ 
static char nrime[J="BIAS-NODE"; 
re:ür.: name; 
1; 

1: 



11- 
class ADALINE-Node : public Feed-Forward-Node 11 ADA.L.DE processing Node 

{ 
protected: 

virtual double Transfer-Function( double value ); 

public: 
AD ALINE-Node( void ); 
AD ALINE-Node( double Ir ); 
virtual void Leam( int mode ); 
virtual char *Get-Name( void ); 

1; 
/ /  ----------- 
double AD ALINE-Node::Transfer-Funçtion( double value ) // Threshold 

// Transfer Function 
if (valuec0) retum - 1 .O; 
else return 1.0; 
1; 

I l - - -  - 
ADALINE_Node::ADALM-Node( void ): Feed-Forward-Node(2.1) { ) ; Il Constmc tor 
//------- 
ADALINE-Node::ADALINE-Node( double Ir ):Feed_Forward-Node(2.1) 11 Consuuctor with 

11 Leaming Rate 
value[LEARNING-RATE]=lr; // specified 
1; 

Il-- 
void AD AUNE-Node::Leam( int mode ) // ADALINE learning function 

( 
error[NODE-ERROR]=value[NODE-VALUE] *-2.0; 
Base-Link *link; 
in-1 i n ks.Reset-To-Head(); 
int cnt=in-links.Count(); 
double delta; 
for (int i d ;  iccnt; i++) // for each input link 

{ 
; ; ~ k ~ ~ z - ! i ~ ~ . c u I T ( ) ;  
delm=value[LEARNING-RATE] *link->In-Value()*error[NODE-ERROR] ; 11 Deda rule 
link->Update-Weight(delta); 
in,links.Next(); 
1 

1; 



s tatic char name[]="ADALINE-NODE"; 
retum name; 
1: 

11 
class ADALINELink : public Base-Link // Link for ADALDUE Node 

( 
public: 

ADALiNE-Link( void ); 
vinual void Save( ofstream &outfile ); 
virtuai void Load( ifstream &infile ); 
vinuaI char *et-Name( void ); 
1; 

Il-- 
PLDGLINE-Link::ADAL-ink( void ) : Base_Link() // Constructor 

{ 
value(WEIGHT]=Random(-1.0.1 .O); // Automaticdly initialized 
1 // weight value to random number 

Il--- 
void ADALINE-Link::Save( ofsrream &outfite ) 

I 
outfile cc setw(4) cc id " " << setprecision( 18) 

cc value[WEIGHT] " " cc setw(4) c< In-Node()-Set-ID() cc " " 
cc setw(4) << Out,Node()->GetJD() ce endl; 

1 
// ------ -- 
void ADALINE-Link::Load( ifstream &infile ) 

{ 
infile >> id; 
infile >> value[WEIGHT]; 
int dummy; 
infile >> dummy; I l  Skip over node IDs 
infile >> dummy; 
1 

11- - 
char *ADALINE-Link::Get-Name( void ) 

{ 
static char name[]=" ADALINE_LINKW ; 
return name; 
1; 

/ /  --------- 



//***************************************************************************** 
// File OTBTrnSet-txt contains the outputs o f  the training set to be present to ADALINE network 
// for solving the Open-TeBuy example 







void main( void ) 

I 
srand( 1 ); 
int i; 

// Load Training Set 
Pattern *data[250] ; 
ifs tram infile("OTBTrnSet.txt"); 

if (infile.fail()) 
( 
tout « "Unable t o  open pattern file ..." « endl; 
exit(0); 
1 

for ( i d ;  i 0 5 0 ;  iw) 
{ 

data[i]=new Pattern(2.l.infile); 
datari]->Print(); 

1 
infile.close(); 

// Create ADALINE 
Base-Node *Node[J] ; 
Base-Link *Link[3]; 

Node[OJ=new Input-Node; // Create Nodes for Network 
Node[ l ]=new Input-Node; 
Node[2]=new Bias-Node; 
Node[3]=new ADALINE-Node( 0.45 ); // ADALfNE node with Ieming rate of  0.45 

Link[O]=new ADALINE-Link; // Create Links for Network 
Link[l]=new ADALINE-Link; 
Link[2]=new ADAL-Link; 

Connect(Node[O].Node[3], Link[O]); l /  Connect Network 
Connect(Node[l],Node[3], Link(1)); 
Connect(Node[2],NUde[3], Link(2 1); 

// Train ADALINE 
int i teration4; 



int good=O; 
while (good4.50) // Train until al1 patterns are good 

{ 
goodd; 
for (int i=0; iQ50; i++) 

( 
Node[O]->Set-Value(data[i]->In(O)); // Set Input Node Values 
Node[ 1 1->Set-Value(data[i]->In( 1)); 

Node[3]->Run(); // Run ADALiiüE Node 

if (data[i]->Out(O)!=Node[3]-Set-Value()) // If ADALINE 
( // produced an error 
Node[3] ->Leam(); // enor. then 
break; // perform 
1 II learning funct. 

else goodu; 
1 

cout cc iteration cc ". " good << "/25On < c  endl; 
iteration*; 
1 

// Save ADALDE 
ofstream outfile("ada1ine l .netw); 

for (i=O; ic4; i++) // Save Nodes 
Nodef il->Save(outfile) ; 

for ( i 4 ;  i d ;  i u )  // Save Links 
Link[i]->Save(outfile); 

outfile.close(); 

for ( i=0; ic4; it+) II Destroy Network 
delete Node[i] ; 

for (i=O; ic3; i++) 
delete Linkf i l;  

// Create ADALINE 
Node[O]=new Input-Node; 
Node[ 1 ]=new Input-Node; 
Node[Z]=new B ias-Node; 
Node[3]=new ADAL-Node; 

// Create Nodes 

Link[O]=new ADALDIE-Link; // Create Links 
Link[l]=new ADALCNE-Link; 
Link[2]=new ADAL-Link; 

Connect(Node[O] .Node[3]. Link[O]); // Connect Network 
Connect(Node[ 1 ] ,Node[3], Linkf 11); 
Connect(Node[2],Node[3]. Link[2]); 

// Load ADALINE 
infile.open("adaIine 1 .net"); 
for (i=O; ic4; i++) // Load Nodes 



Node (i 1->Load(infile); 
for ( i d ;  ic3; i*) // Load Links 

Linkjil->Load(infile); 
infile.close(); 

// Run ADALINE 

char AsDesireci; 
for (i=û; i 0 5 0 ;  i u )  

{ 
Node[O]->Set-Value(data[i]->In(O)); // Set Input Node values 
Node[ 1 1->Set-Value(data(i1->Ml)); 

Node[3]->Run(); // Run ADALINE node 

i f(Node[3 1-Set-Value()==data[i]-Sut(0)) 
AsDesircd=Y *; 

cout«setiosflags(ios::lefi); 
coutcc "Pattern: " « setw(3) cc i c< " Input: ("«setw(lO) 

<< datacil->ln(O) « se tw(  lO)«setiosflags(ios::right) 
cc datari]->In(l) ce ") ADALiNE:"ccsetw(lO) 
cc setw(3) cc Node[3]-Set-Value() « " Actual: "«setw( 10) 
cc setw(3) cc data[i]-Sut(0) ecvDesired(?): "csetw(4)«AsDesired« endl; 

1 

// Destroy Network 
for ( i=û; ic4; iu) 

delete Node[i]; 
for (i=û; ic3; i u )  

delete Link[i]; 
1 



// File adalinel.net which contains the training resdts savtd. and to be used for loading the 
//data of nodes and links needcd for adaline network to run to soive the Open-To-Buy example 
//************************************************************************ 
O 1 -0.377728 1 O 
1 I O. 985229 1 O 
2 L 1 1 O 
3 2 1 0.45 I 2 

........................................................................... 
// File OTB-out contains the outputs of presenting training set to ADALiNE. 
11 the number of iterations the training set has been presented to the 
//ADALiNE neiwork during the training. and the running results for 
//the Open-To-Buy example 

ID:  O 
I D :  1 
I D :  2 
I D :  3 
I D :  4 
ID: 5 
ID: 6 
I D :  7 
ID: 8 
ID:  9 
I D :  10 
ID:  11 
ID:  1 2  
ID:  13 
ID:  14 
ID:  15 
ID:  16 
ID:  17 
ID:  18 
ID:  19 
ID:  20 
ID:  21 
ID:  22 
ID:  23 
ID:  24 
I D :  25 
ID:  26 
I D :  27 
I D :  28 
ID:  29 
ID:  30 
ID:  31 
ID:  32 
ID:  33 
I D :  34 
I D :  35 
ID:  36 
ID:  37 
I D :  18 
I D :  39 
13: 40 
I D :  41 
ID: 42 
ID: 43 
ID: 44 
ID:  45 
I D :  46 
I D .  47 
I D :  i â  
I D :  49 
ID:  50 
ID:  51 
ID:  52 
iD: 53 
I D :  54 
I D :  55 
I D :  56 
I D :  57 
I D :  58 
I D :  59 
I D :  60 

In: -0.997497 0.127171 O u t :  1 
In: -0.613392 0.617481 O u t :  -1 
In: 0.170019 -0.0402539 O u t :  1 
In: -0.299417 0.791925 O u t :  -1 
In: 0.64568 0.49321 O u t :  -1 
In: -0.651784 0.717887 O u t :  -1 
In: 0.421003 0.0270699 O u t :  1 
In: -0.39201 -0.970031 O u t :  1 
I n :  -0.817194 -0.271096 O u t :  1 
I n :  -0.705374 -0.668203 O u t :  1 

I n :  0.97705 -0.108615 O u t :  -1 
In:  -0.761834 -0.990661 O u t :  1 
I n :  -0.982177 -0.24424 O u t :  1 
I n :  0.0633259 0.142369 O u t :  1 
I n :  0.203528 0.214331 O u t :  -1 
In: -0.667531 0.32609 O u t :  1 
I n :  -0.0984222 -0.295755 O u t :  1 
In:  -0.885922 0.215369 O u t :  1 
I n :  0.566637 0.605213 O u t :  -1 
I n :  0.0397656 -0.3962 O u t :  1 
I n :  0.751946 0.453352 O u t :  -1 
I n :  0.911802 0.851436 O u t :  -1 
In: 0.0787072 -0-715323 O u t :  1 
I n :  -0.0758385 -0.529344 O u t :  1 
In: 0.724479 -0.580798 O u t :  1 
In: 0.559311 0.687307 O u t =  -1 
I n :  0.993591 0.99939 O u t :  -1 
In:  0.222999 -0.215125 O u t :  1 
In:  -0.467574 -0.405438 O u t :  1 
Zn: 0.b80288 -0.952513 O u t :  1 
In: -0.248268 -0.814753 O u t :  1 
In:  0.354411 -0.88757 O u t :  1 
I n :  -0.982421 0.83758 O u t :  -1 
I n :  -0.448225 -0.454207 O u t :  1 
In:  0.175817 0.382366 O u t :  -1 
In: 0.675222 0.452986 O u t :  -1 
I n :  -0.0301218 -0.589282 O u t :  1 
In: 0.487472 -0.0630818 O u t :  1 
Zn:  -0.0840785 0.898312 O u t :  -1 
In:  0.488876 -0.783442 O u t :  1 
In:  0.198096 -6.22953 O u t :  1 
I n :  0.470016 0.217933 O u t :  -1 
In: 0.14481 -0.277322 O u t :  1 
In: -0.69689 -0.549791 O u t :  1 
S n :  -0.149693 0.605762 O u t :  -1 
I n :  0.0342112 0.97998 O u t :  -1 
I n :  0.503098 -0.308878 O u t :  1 
In: -0.667018 0.3.14615 O u t :  1 -.-- 
: - -  - 2 9 2 1  O u t :  1 
In:  0.399518 0.00961333 but: 1 
In:  -0.705008 0.899167 O u t :  -1 
I n :  -0.716849 0.830236 O u t :  -1 
I n :  0.385784 -0.193902 Our: 1 
I n :  -0.146886 -0.859249 O u t :  1 
I n :  0.933226 0.366375 O u t :  -1 
Ln: -0.693533 0.754509 O u t :  -1 
In :  0.643361 0.164098 O u t :  -1 
I n :  -0.617298 -0.664215 O u t :  1 
I n :  0.634388 -0.0494705 but: 1 
I n :  -0.688894 0.00784326 O u t :  1 
I n :  0.464034 -0.188818 O u t :  1 



I D :  61 
I D :  62 
I D :  63 
I D :  64 
I D :  65 
I D :  66 
I D :  67 
I D :  68 
I D :  69 
I D :  70 
I D :  71 
I D :  72 
I D :  73 
I D :  74 
I D :  75 
ID: 76  
I D :  77 
I D :  78 
ID:  79 
I D :  80 
I D :  81 
I D :  82 
13: E3 
10: 84 
I D :  85 
I D :  86 
I D :  87 
I D :  88 
I D :  89 
I D :  90 
I D :  91 
I D :  92 
I D :  93 
I D :  94 
I D :  95 
I D :  96 
I D :  97 
I D :  98 
I D :  99 
I D :  100 
I D :  101 
I D :  102 
I D :  103 
I D :  104 
I D :  .O5 
:D: 106 
I D :  107 
I D :  108 
I D :  109 
In: 110 
I D :  111 
I D :  112 
I D :  113 
I D :  114 
I D :  115 
I D :  116 
I D :  117 
I D :  118 
I D :  119 
I D :  120 
ID:  121 
I D :  122 
I D :  123 
I D :  124 
I D :  125 
I D :  126 
I D :  127 
I D :  128 
13: 129 
I D :  130 
I D :  131 
I D :  132 
I D :  133 
ID: 134 
I D :  135 
13: 136 
I D :  137 
13: 138 
I D :  139 
I D :  140 
LD: 141 ." . .- . . - C  

I D :  143 
XD: 144 
I D :  145 
I D :  146 
I D :  147 
I D :  148 
ID:  149 
I D :  150 
I D :  151 
I D :  152 
I D :  153 
I D :  154 
I D :  155 

In: -0.44084 0.137486 O u t :  1 
11: 0.364483 0.511704 O u t :  -1 
In :  0.443831 -0.0494095 out: 1 
I n :  -0.75396 -0.264382 O u t :  1 
I n :  0.669362 -0.929807 O u t :  1 
I n :  0.0140281 0.325968 O u t :  -1 
In: -0.147557 -0.790643 kt: 1 
I n :  0.898679 0.842769 O u t :  -1 
In: 0.0990936 -0.308023 out:  1 
I n :  -0.0565508 -0.250038 Out: 1 
I n -  0.69396 -0.366253 O u t :  1 
I n :  -0.0878018 -0.456221 O u t :  1 
I n :  0.965941 -0.404401 O u t :  1 
In: 0.478378 0.134556 O u t :  -1 
In:  -O. 60802 0.522629  ut: -1 
In: 0.678884 -0.204688 O u t :  1 
I n :  0.00180059 0.780328 O u t :  -1 
I n :  -0.945067 0.989257 O u t :  -1 
I n :  0.145177 -0.898984 O u t :  1 
I n :  0.0626545 -0.611866 O u t :  1 
I n :  0.686087 0.253517 O u t :  -1 
In: 0.3i5226 -0.604291 O u t :  1 
I n :  0.680317 -0.753349 O u t :  1 
In: -0.710145 0.486251 kt: 1 
I n :  -0.371868 0.882138 O u t :  -1 
In: -0.427839 -0.327372 O u t :  1 
In :  -0.719474 0.46617 out: 1 
In: 0.66924 0.415998 O u t :  -1 
I n :  0.200476 0.49443 mt: -1 
I n :  -0.494552 -0.711051  ut: I 
I n :  -0.996765 -0.877987 0.t: 1 
I n :  0.612476 0.705252 Out: -1 
I n :  -0.578845 -0.768792 O u t :  1 
I n :  0.106418 -0.971496 O u t :  1 
In: -0.772454 -0.09097~7 but: 1 
I n :  0.50444 0.372295 O u t :  -1 
I n :  0.0868862 -0.852229 O u t :  1 
In: -0.12656 -0.596118  ut: 1 
I n :  0-392438 -0.419294 kt: I 

I n :  -0.126621 -0.535142 O u t :  1 
I n :  0.155736 0.065157  ut: 1 
I n :  0.257363 -0.679617 O u t :  1 
In: 0.00827052 0.926084 kt: -1 
I n :  0.391522 0.819605 O u t :  -1 
I n :  -0.620106 -0.328104 (kt: 1 
I n :  -0.6433 0.990356 O u t :  -1 
I n :  -0.0851161 0-996033 O u t :  -1 
In: -0.804987 0.250343 out: 1 
I n :  -0.811213 -0.124546 O u t :  1 
I n :  0.863033 -0.903134 O u t -  1 
I n :  0.789239 -0.419965 O u t :  1 
In: -0.545396 0.536133 ~ u c :  -1 
I n :  -0.178564 -0.596057 O u t :  1 
I n :  0.256142 0.208289 O u t :  -1 
In: -0.0967742 -0.0672933 o u t :  1 
I n :  0.195654 0.269448 O u t :  -1 
In: 0.709586 0.657582 O u t :  -1 
I n :  0.24955 0.441816 out: -1 
I n :  0.131504 -0.249733 O u t :  1 
I n :  -0.631458 0-475814 out: 1 
I n :  0.110263 0.810175 kt: -1 
I n :  -0.511267 -0.62211 O u t :  1 
I n :  0.209449 0.397015 out: -1 
l n :  0.169225 -0.29'1403 O u t :  1 
I n :  -0.0110782 -0.839228  ut: L 
I n :  0.481491 0.224097 O u t :  -1 
I n :  0.240761 0.312244 O u t :  -1 
I n :  0.609058 -0.701773 O u t :  1 
In:  0.152074 0.735466 o u t :  -1 
I n :  0.823115 0.229408 O u t :  -1 
I n :  0.455367 -0.913572 O u t :  1 
I n :  0.335551 0.953063 O u t :  -1 
I n :  -0.369976 0.138401 O u t :  1 
I n :  -0.388348 -0.65215 o u t :  1 
I n :  -0.782891 0.73809 O u t :  -1 
I n :  0.702445 0.488632 O u t :  -1 
In:  -0.690237 -0.346171 O u t :  1 
I n :  -0.841304 -0.846797  ut: 1 
I n :  0.281961 0.640004 O u t :  -1 
I n :  0.0901822 -0.103a88 O u t :  1 
I n :  -0.182043 -0.402509 O u t :  1 
T-. ?.^CL--  r 0.00241096 o u t :  1 
I n :  - 0 . b 4 4 0 9 3  -0.353923 O u t :  1 
I n :  0.475997 -0.372234 O u t :  1 
In: 0.653371 0.9L8149 O u t :  -1 
In: 0.746696 0.450056 ckt: -1 
I n :  -0.399884 0.887997 O u t :  -1 
In: -0.745537 -0.868526 mc: Z 
I n t  0.569933 0.0491653 out: -1 
In: 0.219275 0.912229  ut: -1 
I n :  -o.assrsr 0.751274 mt: -1 
I n :  0.307718 -0.355754 cm+: 1 
In:  -0.790399 0.0101016 out: 1 
111: -0.545824 -0.419416 O u t :  1 
I n :  0.839961 0.102329 out: -1 



I D :  156 
I D :  157 
I D :  158 
I D :  159 
I D :  160 
I D :  1 6 1  
I D :  162 
I D :  163 
I D :  164 
I D :  165 
I D :  166 
ID: 167 
I D :  168 
I D :  169 
I D :  170 
I D :  1 7 1  
I D :  172 
In: 17: 
I D :  174 
I D :  175 
I D :  176 
I D :  177 
I D :  178 
m: 179 
I D :  180 
I D :  1 8 1  
I D :  182 
I D :  183 
I D :  184 
I D :  185 
I D :  186 
I D :  187 
I D :  188 
I D :  189 
I D :  190 
I D :  191  
ID: 192 
I D :  193 
13: 194  
I D :  195  
I D :  196 
I D :  197 
I D :  198  
I D :  199 
I D :  200 
I D :  2 0 1  
I D :  202 
I D :  203 
I D :  204 
ID: 20s  
I D :  206 
I D :  207 
I D :  208 
I D :  209 
I D :  210 
I D :  2 1 1  
I D :  212 
I D :  213 
I D :  514  
I D :  215 
ID: 216 
I D :  217 
I D :  218 
I D :  219  
I D :  220  
I D :  2 2 1  
I D :  222 
I D :  223 
I D :  224 
I D :  225 
I D :  226 
I D :  227  
I D :  228 
I D :  229  
I D :  230  
I D :  2 3 1  
I D :  232 
I D :  233 
I D :  234 
I D :  235 
I D :  236 
.- 217 
LD:  238 
:Dr 239 
I D :  240 
XD: 2 0 1  
I D :  242  
I D :  243 
I D :  244 
I D :  245  
I D :  246 
I D :  247  
I D :  248  
ID: 249 

I n :  0.325602 -0.770928 O u t :  1 
In: -0 .0149236  -0 .241737  O u t :  1 
I n :  -0.00637837 0 . 5 1 6 7 1 8  O u t :  -1 
I n :  0 .0185247  -0.235267 (kt: 1 
I n :  0 .376324  0 .0643025  O u t :  1 
I n :  0 .212561  - 0 . 2 0 9 6 3 1  O u t :  1 
In: -0 .98822  0.4'LS754 Ouf: 1 
I n :  -0 .198761  0 .246132  O u t :  1 
I n :  0 .726493  -0 .0169948  O u t :  -1 
In: 0 .494675  -0 .00619526  O u t :  1 
I n :  -0.239784 0.570727 O u c :  -1 
I n :  0 .105675  -0.285806 Out: 1 
I n :  0 .911435  0.261696 O u t :  -1 
In: -0.64684 -0.251503 O u t :  1 
I n :  -0.736747 0 - 4 8 6 5 5 7  O u t :  1 
In:  0.903439 0 .223975  O u t :  -1 
I n :  -0.944334 -0 .340322  O u r :  1 
I n :  -0 .88818  0 .27842  O u t :  1 
I n :  -0 .736747  0.694143 O u t :  -1 
I n :  0.728629 0.193762 O u t :  -1 
I n :  0 .443281  0 .707938  O u t :  -1 
In: -0 .970641  -0 .747063  O u t :  1 
In: 0.415815 0 . 2 3 4 2 9 1  O u t :  -1 
I n :  -0.564867 -0.868099 O u t :  1 
In: -0 .66216  0.248207 O u t :  1 
I n :  -0 .318033  -0 .361187  O u t :  1 
I n :  -0 .26487  0 ,322001  O u t :  1 
I n :  0-604785  0.613758 O u t :  -1 
In: 0.0530717 0 .222205  O u t :  1 
I n :  0.596362 0 .801202  O u t :  -1 
In: -0.710379 0.260353 O u t :  1 
I n :  -0.195166 -0 .491599  O u t :  1 
In: -0 .72692  0.710379 Out: -1 
I n :  -0 .867672  -0.144383 O u t r  1 
I n :  0.146702 -0 .395428  O u t :  1 
I n :  0 .0961028  -0.548875 O u t :  1 
I n :  -0.3773 -0 .778741  O u t :  1 
I n :  0.616077 -0.730583 O u t :  1 
In: -0 .431501  0 .57622  O u t :  -1 
I n :  0.79046 0 .579272  (kt: -1 
1s: 0.487594 0 .230445  O u t :  -1 
I n :  -0.277749 0 .713309  O u t :  -1 
I n :  -0 .543016  0 .727165  O u t :  -1 
I n :  -0.541124 -0 .5009  O u t :  1 
I n :  0.0848109 0 .969665  O u t :  - 1  
I n :  -0 .852392  -0.837153 O u t :  1 
I n :  0.0493484 -0 .146397  O u t :  1 
In :  -0.810663 -0 .487406  O u t :  1 
I n :  0.783074 -0 .534411  O u t :  1 
In: -0 .7069  -0.749809 Out: 1 
I n :  0.863277 -0 .839718  O u r :  1 
I n :  -0.90582 -0 .883565  O u t :  1 
I n :  -0.327189 0 .829402  O u t :  -1 
I n :  -C.202795 -0 .134434  O u t :  1 
I n :  0 .892331  0.674368 O u c :  -1 
In: 0.068453 0.684194 O u t :  -1 
In: 0.387066 -0 .204627  O u t :  1 
In: -0.481674 -0.991333 O u t :  1 
In: 0.0521795 0 .909604  O u t :  -1 
I n :  -0.202612 -0.517808 O u t :  1 
I n :  0.172117 -0 .419731  Out: 1 
I n :  0.368023 0 .890561  O u t :  -1 
In: -0.129002 0.78045 O u t :  -1 
I n :  -0 .985656  0.881954 O u t :  -1 
In: 0.203101 0.572314 O u t :  -1 
I n :  0.153356 -0.71514 Out: 1 
I n :  -0 .555345  -0.233985 O u t :  1 
Ln: -0 .991455  -0 .164159  O u t :  1 
In :  -0 .835505  0.319864 O u t :  1 
I n :  0.710196 -0.170296 O u t :  1 
In: 0.62212 0 .324137  O u t :  -1 
I n :  0.382977 0 .605396  O u t :  -1 
I n :  0 .0602141  0 .371258  O u t :  -1 
In: -0.714469 0 .379009  O u t :  1 
I n :  0.455794 0 .555467  O u t :  -1 
Ln: -0.937864 0 .737350  O u t :  -1 
I n :  0 .289011  0.413129 O u t :  -1 
In :  -0.829096 0 .103977  O u t :  1 
I n :  0 . 8 9 5 8 1  -0.882443 O u t :  1 
I n :  -0 .450056  -0 .709647  O u t :  1 
I n :  0 .963561  0 .239967  O u t :  -1 
Tm: - 5 . 4 1 5 5 1  0 .844966  Ou:: -1 
Ln: -0 .264931  0 .38908  O u t :  -1 
In: -0 .562731  -0 .688162  O u t :  1 
I n :  -0.518906 0 .0428785  O u t :  1 
In: 0.804559 -0.787164 O u t :  1 
I n :  0.805292 - 0 - 1 1 6 5 5  O u t :  1 
In: -0.839778 0 .564196  O u t :  1 
I n :  -0.656423 0.94879 O u t :  -1 
In: 0.551744 0 .740776  O u t :  -1 
I n :  -0.578722 - 0 . 0 8 5 7 6 4 1  O u t :  1 
I n :  -0.992492 0 .501267  O u t :  1 
I n :  -0.771905 -0 .190588  O u t :  1 
In: -0 .377718  0 .985229  O u t :  -1 



1 .  01250 
2 .  1 / 2 5 0  
3 .  G12S0 
4 .  2/2SO 
5 .  1 /250  
6 .  2 / 2 5 0  
7 .  6/2SO 
8 .  11250 
9 .  0 / 2 5 0  
1 0 .  1 /250  
1 1 .  101250 
1 2 .  2 / 2 5 0  
1 3 .  61250 
IL.  1 / 2 5 0  
1 5 .  0 / 2 5 0  
16 .  1 / 2 5 0  
1 7 .  101250 
1 8 .  2 / 2 5 0  
1 9 .  6 / 2 5 0  
2 0 .  191250 
2 1 .  61250 
2 2 .  1 / 2 5 0  
2 3 .  6 / ? 5 0  
2 4 .  101250 
2 5 .  6 / 2 5 0  
2 6 .  lO/250 
2 7 .  6 / 2 5 0  
2 8 .  101250 
2 9 .  61250 
30 .  1 / 2 5 0  
31 .  61250 
3 2 .  101250 
3 3 .  6 / 2 5 0  
34 .  101250 
35 .  61250 
36. 1/250  
37 .  6 / 2 5 0  
38 .  101250 
3 9 .  6 /250  
4 0 .  1 0 / 2 5 0  
4 1  6 / 2 5 0  
4 2 .  11250  
4 3 .  6 / 2 5 0  
4 4 .  101250 
4 5 .  6 /250  
4 6 .  101250 
4 7 .  6 / 2 5 0  
4 8 .  751250 
4 9 .  6/:50 
5 0 .  lOl25O 
5 1 .  6 /250  
5 2 .  101250 
5 3 .  6 / 2 5 0  
5 1 .  751250 
5 5 .  6 /250  
5 6 .  101250 
5 7 .  6 / 2 5 0  
5 8 .  101250 
5 9 .  6 / 2 5 0  
6 0 .  7 5 / 2 5 0  
6 1 .  6 /250  
6 2 .  101250 
6 3 .  6 / 2 5 0  
6 4 .  lO/tSO 
6 5 .  6 /250  
6 6 .  581250 
6 7 .  1 /250  
6 8 .  10/250  
6 9 .  6 /250  
7 0 .  10 /250  
7 1 .  6 / 2 5 0  
2  184 /250  
7  1 / 2 5 0  
7 4 .  101250 
7 5 .  6 / 2 5 0  
7 6 .  120 /250  
77 .  1 / 2 5 0  
7 8 .  120 /250  
7 9 .  11250 
8 0 .  170/?50 
8 1 .  11250 
C ? .  17C 'Le: 
8 3 .  l r r > u  
8 1 .  841250 
8 5 .  11250 
8 6 .  f 2 0 / 2 5 0  
8 7 .  1 / 2 5 0  
8 8 .  8 7 / 2 5 0  
8 9 .  1 / 2 5 0  
9 0 .  871250 
9 1 .  1 / 2 5 0  
9 2 .  6 / 2 5 0  
9 3 .  101250 
9 4 .  6 /250  
9 5 .  1 0 / 2 5 0  



P a t t e r n :  O 
Pa t t e rn :  1 
Pactern: 2 
Pa t t e rn :  3 
Patcern:  4 
Pa t t e rn :  5 
Pa t t e rn :  6 
Pa t t e rn :  7 
Pa t t e rn :  8 
Pa t t e rn :  9 
Pactern:  10 
Pactern:  11 
Pactern:  12 
Pa t t e rn :  13 
Pa t t e rn :  14 
Pa t t e rn :  15 
Pa t t e rn :  16 
Pa t t e rn :  17 
Patcern:  18 
Pa t t e rn :  19 
Pa t t e rn :  20 
Pa t t e rn :  21  
Pa t t e rn :  22 
Pa t t e rn :  23 
Pa t t e rn :  24 
---- "---Cr, 5 
Pa t t e rn :  c6  
Pa t t e rn :  27 
Pa t t e rn :  28 
Pa t t e rn :  29 
Pa t t e rn :  30 
Pa t t e rn :  31 
Pa t t e rn :  32 
Factern:  33 
Patterri:  34 
P a t t e r n :  35 
Pa t t c rn :  36 
Patcern:  37 
P a t t e r n :  38 

Input:  1 -0.997497 0.127lf: 1 
Input :  (-0.613392 0.617481 1 
Input :  (0 .l7OOl9 -0.0402539) 
Input :  (-0.299417 0.791925 1 
Input :  (0.64568 0.49321 1 
Input :  (-0.651784 0.717887 I 
Input :  10.421003 0.0270699 
Input :  (-0.39201 -0.970031 
fnpu:: (-0.817194 -0.271096 
Input :  (-0.705374 -0.668203 1 
Input :  (0.97705 -0.108615 ) 

Input :  (-0.761834 -0.990661 1 
Input:  (-0.982177 -0.24424 1 
Input:  (0.0633259 0.142369 
Input:  (0.203528 0.214331 
Input:  (-0.667531 0.32609 1 
Input :  (-0.0984222-0.295755 I 
Input :  (-0.885922 0.215369 1 
Input :  (0.566631 0.605213 
Input :  (0.0397656 -0.3961 ) 

Input :  (0.751946 0.453352 1 
Input :  (0.911802 0.851436 ) 

Input :  10 .O787072 -0.7 15323 1 
Input :  1-0.0758385-0.529344 1 
Input :  (0.724479 -0.580798 1 
Input :  (0.559313 0.687307 1 
Input :  (0.993591 0.99939 I 
Input :  (0.222999 -0.215125 1 
Input :  (-0.467574 -0.405438 1 
Input :  (0.680288 -0.952513 I 
Input :  1-0.248268 -0.814153 1 
Input :  (0.354411 -0.81757 1 
Input :  (-3.982422 0.83758 1 
Input :  (-0.448225 -0.454207 
Input :  (0.175817 0.382366 ) 

Input :  10.675222 0.452986 1 
Input :  (-0.0301218-0.589282 1 
Input :  (0.487472 -0.0630811) 
Input :  (-0.04407850.898312 1 

& t u r l : l  R s i r e d C ? )  : Y 
Actu r l :  -1 Dcsi redl  ? )  : y 
Actual :  1 Cesircd ( 7 )  : Y 
Actur1:-1 Dcs i r cd (? )  : Y 
ACtui1:-1 Desi red(? l  : Y 
k t u r l :  -1 Dcs i r ed (? )  : Y 
* c C u a l : l  Ds s i rod (? ) :  Y 
ACtur1:l  ~ s i r d ï ? l  : Y 
Actur1: l  m s i r e d ( ? ) :  Y 
k C u ~ 1 : l  Desi r&(?) :  Y 
k t u r 1 : - 1  m s i r e d ( 7 )  : Y 
A c t w 1 : l  Desireci(?):  Y 
&turl:l D c s i r d ( 7 ) :  Y 
& t u i l : l  R i i r e d [ ? l :  Y 
&tuAl:-1 û e s i r e d l ? ) :  Y 
Actua l : l  DcSired(? l :  Y 
Actu r1 : l  R s i r e d ( 7 )  : Y 
ACCurlrl  Dcsired(71 : Y 
&tual : -1  R s i t C d ( 7 1  : Y 
Actw1:l Des i r ed (? ) :  Y 
&tual : -1  D . s i r ed (? )  : Y 
A C t ~ d : - l  DCsiredI?l : Y 
Actua1:l  R s i r e d ( ? l :  Y 
Actur1:l Des i r ed (? )  : Y 
A c t u r l r l  Dmsiredc?) : Y 
&tual : -1  O u i r e d l ? ) :  Y 
Act-1:-1 Lh?sired(?) : Y 
k t u i 1 : l  bc s i r eâ (71 :  Y 
ActUr1:l  D . s i r cd (? ) :  Y 
Actu r1 : l  D m s i r d ( 7 ) :  Y 
I rc tur1: l  D . s i r d ( ? ) :  Y 
A C t u a 1 : l  Das i r&(? ) :  Y 
kt-1:-1 Desireci(?) : Y 
k t u r 1 : l  D . s i r ed (? ) :  Y 
k t u r l :  -1 0 . s i r&(7 )  : Y 
ACtuA1:-1 Das i r ad (? )  : Y 
A c t u i l  : 1 Desir rd  ( ? )  : Y 
Accual: 1 Des i r ad (? )  : Y 
Accuri:-1 Des i r ed (? )  : Y 



P a t t e r n :  39 
Pa t ce rn :  40 
P a t t e r n :  4 1  
Pac t e rn :  42 
P a t t e r n :  43 
P a t t e r n :  44 
P a t t e r n :  45  
P a t t e r n :  46  
P a t t e r n :  47 
P a t t e r n :  48 
p a t t e r n :  49 
P a t t e r n :  50 
Pac t e rn :  51  
P a t t e r n :  52 
P a t t e r n :  53  
P a t t e r n :  54  
P a t t e r n :  55  
P a t t e r n :  56  
P a t t e r n :  57 
P a t t e r n :  58 
P a t t e r n :  S9 
P a t t e r n :  60 
P a t t e r n :  6 1  
Paccern:  62  
P a t t e r n :  63 
P a t t e r n :  64 
P a t t e r n :  65 
Pa t ce rn :  66 
P a t t e r n :  67 
P a t t e r n :  68  
P a t t e r n :  69 
P a t t e r n :  70 
Pac t e rn :  7 1  
P a t t e r n ;  72 
P a t t e r n :  73 
P a t t e r n :  74 
P a t t e r n :  7 5  
P a t t e r n :  76 
P a t t e r n :  77 
P a t t e r n :  78 
p a t t e r n :  79 
P a t t e r n :  80 
P a t t e r n :  8 1  
P a t t e r n :  82 
P a t t e r n :  83  
P a t t e r n :  84 
P a t t e r n :  85 
P a t t e r n :  86 
P a t t e r n :  87 
P a t t e r n :  88 
P a t t e r n :  89 
P a t t e r n :  90 
P a t t e r n :  9 1  
P a t t e r n :  92 
Pac t e rn :  93 
P a t t e r n :  94 
P a t t e r n :  95 
P a t t e r n :  96 
P a t t e r n :  97  
P a t t e r n :  98 
P a t t e r n :  99  
p a t t e r n :  LOO 
P a t t e r n :  101  
P a t t e r n :  102 
P a t t e r n :  103 
P a t t e r n :  104 
P a t t e r n :  105 
P a t t e r n :  106 
P a t t e r n :  107 
Pac t e rn :  L O B  
P a t t e r n :  109 
Pac t e rn :  110 
P a t t e r n :  111 
Pa tce rn :  112 
P a t t e r n :  113 
P a t t e r n :  114 
P a t t e r n :  115 
P a t t e r n :  116 
P a t t e r n :  117 
P a t t e r n :  118 
P a t t e r n :  119 
Dnr+=rn: 120 
P a t t e r n :  121  
P a t t c r n :  122 
Pa t ce rn :  123 
P a t t e r n :  124 
P a t t e r n :  125 
P a t t e r n :  126 
P a t t e r n :  127 
Pa t ce rn :  128 
P a t t e r n :  129 
P a t t e r n :  130 
P a t t e r n :  131 
P a t t e r n :  132 

Input :  (0.488876 -0.783441 1 
Input :  (0.198096 -0.22953 1 
Input :  (0.470016 0.217933 1 
Input :  (0.144Cl -0.277322 1 
Input :  (-0.69689 -0.549791 1 
Input :  (-0.149693 0.605762 1 
Input :  (0.0342112 0.97998 1 
Ingut :  (0.503098 -0.308878 1 
Input :  (-0.662038 0.314615 1 
Input :  (-0-0162053-0.872921 1 
Input :  (0.399511 0.00961333) 
Input :  (-0.705008 0.099167 1 
Inpu t :  (-0.116849 0.810236 1 
Input :  (0.385784 -0.393902 1 
Input :  (-0.146886 -0.859249 1 
Input :  (0.933226 0.366375 1 
Lngur: (-0.693533 0.754509 ) 

Input :  (0.643361 0.164098 ) 

Input :  i -0.617298 -0 -644215 ) 

Inpu t :  (0.634388 -0.04947051 
Inpu t :  (-0.688894 0.00784326) 
Inpu t :  (0.464034 -0 -  188818 1 
I npu t :  (-0.44084 0.137486 1 
I npu t :  (0.364483 0.511704 ) 

Inpu t :  (0.443C31 -0.0194095) 
Input :  (-0.75396 -0.264382 1 
Inpu t :  (0.669362 -0.929807 i 
Input :  (0.0340211 0.325961 1 
Input :  (-0.147557 -0.790643 1 
Input :  (0.891679 0.842769 1 
I npu t :  (0.0990936 -0.308023 1 
I npu t :  (-0.0565501-0.250031 1 
Input :  (0.69396 -0.366253 1 
Input :  (-0.0178018-0 .a56221 1 
Input :  (0.965941 -0.401401 1 
Input :  (0.478378 0.134556 1 
Input :  (-0.60102 0.522629 1 
f npu t :  (0.678884 -0.204688 
Input :  (0 .OOl80059O.T80328 1 
Input :  (-0.945067 O .989257 1 
I n p i t :  (0.145177 -O.a?8984 1 
Inpuc: (0.0626545 -0.611866 1 
Input :  (0.686081 0.253517 1 
Input :  (0 -315226 -0.604297 ) 

Input :  (0.684317 -0.753349 1 
Inpu t :  (-0.710145 0.486251 1 
Input :  (-0.371868 0.802138 1 
Input :  (-0 -427039 -0 -327372 1 
Input :  (-0.719474 0.46617 1 
Input :  (0.66924 0.415998 1 
Input :  (0.200476 0.49443 l 
Input :  (-0.494552 -0.711051 1 
Inpuc: (-0.996765 -0.877987 1 
Input :  (0.612476 0.705252 ) 

Input :  (-0.578845 -0.168792 ) 

Inpuc: ( O .  106418 -0.971496 1 
Input :  (-0.772454 -0.0909757) 
Inpu t :  (0.50444 0.372295 ) 

Inpu t :  (0.0868862 -0.852229 i 
Inpu t :  (-0.12656 -0.596118 1 
Inpu t :  (0.392438 -0.419294 1 
Inpu t :  (-0.126621 -0.535142 1 
I npu t :  (0.155736 0.565157 1 
Input :  (0.257363 -0.679617 
Input :  (0.008170520.926084 1 
Input :  (0.391522 0.849605 1 
Input :  (-0.620106 -0.328104 1 
Inplt: (-0.6433 0.990356 1 
Input :  (-0.08511610.996033 ) 

Input :  (-0.804987 0.250343 1 
Input :  ( -O. 811213 -0.124546 1 
Input :  (0.863033 -0.903134 1 
Input :  (0.709239 -0.419965 1 
Inpu t :  (-0.545396 0.538133 1 
Input :  (-0.178564 -0 -596057 1 
Input :  (0.256142 0.208289 1 
Input :  (-0.0967742-0.06729331 
Input :  (0.195654 0.269448 1 
Input :  (0.709586 0.651582 1 
I npu t :  (0.24955 0.441816 1 
Input :  i0.131504 -0.249733 1 
Inpu t :  (-0.631458 0 .(Ti814 1 
Input :  (0.110263 0.810175 1 
Input :  (-0.514267 -0.62212 1 
Inpuc: (0.209449 0.397015 1 
Inpu t :  (0.169225 -0.297403 1 
I n p i t :  (-0 .OllO782-0.839228 1 
I npu t :  (0.481491 0-224097 ) 
Inpu t :  (0.240761 0.382244 1 
Inpur :  (F.609058 -0.701773 1 
Input :  (0.152074 0.735466 ) 

Input :  ( O .  823115 0.229408 ) 

Innuc: (0.455367 -0.913572 1 
1 n b t :  (0.335551 0.953063 1 

P a t t e r n :  133 Inpu t :  (-0.369976 0.138401 1 

A c t w 1 : l  D e s i r e d t ? ) :  Y 
Aceua1:l D I s i r s d ( 7 1 :  Y 
Accual:-1 D L s i r e d ( ? ) :  Y 
*cturl:l O e ~ i r e d ( ? )  r Y 
Actur1: l  D I s i r r d ( ? ) :  Y 
Actua1:-1 D e r i r r d ( t 1  : Y 
rctur1:-1 DIs i rmâ( i1  : Y 
Actua1:l  D e s i r d C ? )  : Y 
*cturl:l D I s i r e d ( 7 1 :  Y 
Actw1:l Dasi rœâ(71:  Y 
Actua1: l  & s i r i d ( ? ) :  Y 
Accual:-1 D a s i r e â < 7 1  : Y 
Accual:-1 D c s i r e d ( ? l  : Y 
Accua1:1 o r s i r e d : ? l :  Y 
Actua1: l  D I r i r e â ( ? )  : Y 
Actw1 : -1  D a s i r c d c ? ) :  Y 
Actu r l :  -1 b z o i r e d ( ? l :  Y 
k t u a l r - 1  D c s i r d ( t 1  : Y 
Actur1:L D c s i r e â t ? ) :  Y 
Actur1: l  R s i r e d ( l 1 :  Y 
Actua1:l  Desireâ(l1: Y 
Actur1: l  û r s i r e d i ? ) :  Y 
Actua1:l  D c s i r e d ( ? ) :  Y 
Accual:-1 & s i r a d ( ? ) :  Y 
Actua1:l  D e s i r r ô ( ? ) :  Y 
A c t w l :  1 Derired ( ? )  : Y 
Actua1:l D e s i r e d i ? ) :  Y 
Act-1:-1 & s i r e â ( t i :  Y 
Actua1:l  D e s i r e d ( ? l  : Y 
Actua l i -1  D e s i r e d ( 7 1  : Y 
Actua1:l  D c s i r e d i ? )  : Y 
Accur l : l  D l s i r e d ( 7 ) :  Y 
Accua1:l R s i r e d ( 7 ) :  Y 
AccUa1:1 D l . Y d ( ? ) :  Y 
=turt:l D . s i r e d ( ? ) :  Y 
Actw1:-1 D c s i r e d t ? )  : Y 
Act-1:-1 D e s i r a d ( ? ]  : Y 
A c t u i l r l  D l 8 i r e d ( ? l :  Y 
Actua1:-1 D e s i r c d ( ? )  : Y 
=tual:-1 R s i r e d ( 7 1  : Y 
k c u i 1 : l  D.s i rec î (?) :  Y 
Accua1:l Desi reU(71:  Y 
Actua1:-1 D c s i r a â i ? )  : Y 
A.ctual:L û e s i r e d ( ? l :  Y 
ktur1:l D c s i r c d ( ? i :  Y 
Actua1:L û e s i r r d C t 1  : Y 
Accual:-1 Des i r cd (?1  = Y 
AcCur1:l D e s i r a d ( ? ) :  Y 
Actua1:l  û e s i r e â ( t 1 :  Y 
Acrw1:-1 D c s i r e d ( ? I :  Y 
Accual:-1 Desi redC?) :  Y 
Actua1:l DesiredC71r Y 
Actwl:l R s i r e d ( ? l :  Y 
&=tual:-1 Desi redC?) :  Y 
A c t u i 1 : l  û r s i r e d ( ? l :  Y 
Acrui1: l  RsirrdC?): Y 
Actual:: D c s i r e d ( ? ) :  Y 
Accual:-1 D c s i r e d ( f 1  : Y 
A c ~ 1 : l  LIesired(71: Y 
Actur1: l  R s i r e d ( ? ) :  Y 
Actua1:l  D s s i r c d l ? I :  Y 
&=tual : l  D e s i r e â ( 7 l :  Y 
Actua1:l  & s i r a l ( ? ) :  Y 
Actua1:l  D e s i r e d i ? )  : Y 
Actua1:-1 D e s i r d < ? ) :  Y 
&=tual:-1 D e s i r e d ( 7 1  : Y 
A c t w 1 : l  D e s i r c d ( 7 ) :  Y 
Accual:-1 & s i r & ( ? ) :  Y 
Accual:-1 & s i r e â ( ? l  : Y 
Actua1: l  & % i r d ( ? l :  Y 
*cturl:l m s i r e d ( ' Z 1 :  Y 
A c t u a l : l  D I s i r e d ( 7 1 :  Y 
Actur1: l  DLsirCd( l1:  Y 
Actu.1:-1 D e s i r e d i ? )  = Y 
k t u a 1 : l  DcsirCd(Z1 : Y 
Actual :  -1 D t s i r e d ( 7 1  : Y 
l ic tur1: l  D c s i r e d ( ? ) :  Y 
Act-1:-1 D e s i r a d ( ? )  : Y 
Actual :  -1 Des i r ed (71  : Y 
Actual :  -1 Q s i r e d ( 7 1  : Y 
Actua1:L Des i r&(? )  : Y 
&=cual:l  Des i r ed (71 :  Y 
Accual: -1 Des i r ed (71 :  Y 
Accual : 1 Desired ( ? 1 : Y 
Act-1:-1 D e s i r a d ( ? ) :  Y 
Actua1:L ü e s i r e d [ ? l :  Y 
k c u a 1 : l  C&s i r ed l t1 :  Y 
Actu r l :  -1 D e s i r a d ( ? )  : Y 
Accual: -1 D h s i r d i ? )  : Y 
&=tual:L D e s i r d ( 7 1 :  Y 
k t u r 1 : - 1  D e s i r a d ( ? ) :  Y 
Acrual :  - 1 Des i r cd  ( 7  1 : Y 
Actua1: l  D e s i r r d l ? ) :  Y 
Actua1:-1 R s i r e d t ? ) :  Y 
Actua1: l  D e s i r e d ( ? l :  Y 



Pa t t e rn :  134 
Pa t t e rn :  135 
Pa t t e rn :  136 
Pa t t e rn :  137 
P a t t e r n :  138 
Pa t t e rn :  139 
Pa t t e rn :  140 
Pa t t e rn :  1 4 1  
Pa t t e rn :  142 
Pa t t e rn :  143 
Pa t t e rn :  144 
Patcern:  145 
Pa t t e rn :  146 
Pa t t e rn :  147 
P a t t e r n :  148 
P a t t e r n :  149 
Pa t t e rn :  150 
Pa t t e rn :  1 5 1  
Pa t t e rn :  152 
Pa t t e rn :  153 
Pa t t e rn :  154 
Pa t t e rn :  155 
Patcern:  156 
Pa t t e rn :  
Pa t t e rn :  
Pa t t e rn :  
p a t t e r n :  
Pa t t e rn :  
Pa t t e rn :  
Pa t t e rn :  
Pa t t e rn :  
Pa t t e rn :  
Pa t t e rn :  
p a t t e r n :  
Patcern:  168 
P a t t e r n :  169 
Pa t t e rn :  170 
Pa t t e rn :  1 7 1  
Pa t t e rn :  172 
P a t t e r n :  173 
P a t t e r n :  174 
Patcern:  175 
Pa t t e rn :  176 
Patcern:  177 
Pa t t e rn :  178 
Pa t t e rn :  179 
P a t t e r n :  180 
P a t t e r n :  181  
P a t t e r n :  182 
P a t t e r n :  183 
Pa t t e rn :  181  
Pa t t e rn :  185 
Pa t t e rn :  186 
Pa t t e rn :  187 
Pa t t e rn :  188 
Pa t t e rn :  189 
Pa t t e rn :  190 
Pa t t e rn :  191  
Pa t t e rn :  192 
Pa t t e rn :  193 
Pa t t e rn :  194 
Pa t t e rn :  195 
Pa t t e rn :  196 
Pa t t e rn :  197 
Pa t t e rn :  198 
P a t t e r a :  199 
Patce-li: 200 
Pa t t e rn :  201 
Pa t t e rn :  202 
Pa t t e rn :  203 
Patcern:  204 
Pa t t e rn :  205 
Pa t t e rn :  206 
P a t t e r n :  207 
Pa t t e rn :  208 
P a t t e r n :  209 
P a t t e r n :  210 
Pa t t e rn :  211 
Pa t t e rn :  212 
Patcern:  213 
Pa t t e rn :  214 
w a t t .  m: 215 
F d t ~ e r n :  216 
Patcern:  217 
Pa t t e rn :  218 
Pa t t e rn :  219 
Pa t t e rn :  220 
Pa t t e rn :  221 
Pa t t e rn :  222 
P a t t e r n :  223 
P a t t e r n :  224 
Pa t cc rn -  225 
Pa t t e rn :  226 
Pa t t e rn :  227 
Pa t t e rn :  228 

xnguc: ( - 0 . 3 s s u i  - 0 . 6 ~ 2 1 s  I 
I npu t :  ( -0 .782891 0.73809 ) 

Inpuc: (0.702445 0.481632 ) 

I npu t :  (-0.690237 -0.346171 ) 

~ n p u t :  1-0.841304 -0.846797 
Inpu t :  (0.211961 0.640004 1 
Inpu t :  ( 0  .O901822 -0.103488 1 
Inpu t :  (-0.182043 -0.402509 1 
Inpu t :  (-0.06888030.002410961 
Inpu t :  (-0.694693 -0.353923 1 
I npu t :  (0.475997 -0.372234 1 
Inpu t :  (0.653371 0.918149 
Inpu t :  (0.746696 0.450056 1 
Inpu t :  (-0.399884 0.887997 1 
Inpu t :  (-0.745537 -0.868516 1 
Inpu t :  (0.569933 0.0491653 1 
Inpu t :  (0.219275 0.912229 1 
I npu t :  (-0.855464 0.751274 1 
I n p u t :  (0.307714 -0.355754 1 
I n p u t =  (-0.790399 O.OlOlOl6 1 
Inpu t :  (-0.545824 -0.429416 1 
Inpu t :  (0 .839961 0.102329 1 
Inpu t :  (0.325602 -0.770978 1 
I n p u t  : 
1-t : 
I npu t  : 
I npu t  : 
I npu t  : 
I npu t  : 
I n p u t  : 
I n p u t :  
I npu t :  
I n p u t  : 
I npu t :  
I npu t :  (0.921435 0.261696 1 
I n p u t :  (-0.64684 -0.251503 
Inpuc:  (-0.736747 0.416557 1 
I npu t :  (0.903439 0.223975 1 
Inpu t :  (-0.944334 -0.340312 1 
I npu t :  (-0.88818 0.27842 1 
Inpu t :  (-0.736747 0.694143 1 
I npu t :  (0.728629 0.193762 1 
Inpuc:  (0 .443281 0.707931 
Inpu t :  ( -0 .970641 -0.747063 1 
Inpu t :  (0.415815 0.=34291 I 
Znput: (-0.564867 -0.861099 1 
I n p u t :  (-0.66216 0.241207 1 
I n p u t :  1-0.318033 -0.361187 1 
I n p u t :  (-0.26487 0.322001 1 
I npu t :  (C-604785 0.613758 1 
I npu t :  (0.0530717 0.222205 1 
I npu t :  (0.596362 0.801202 1 
Inpu t :  (-0.710379 0.260353 1 
Inpu t :  (-0.195166 -0.492599 1 
I npu t :  (-0.72692 0.710379 ) 
I npu t :  (-0 .a67672 -0.144383 1 
I npu t :  (0.146702 -0.395428 1 
In-t: (0.0961028 -0.548875 1 
I npu t :  (-0.3773 -0.778741 1 
Inpu t :  (0.616077 -0.730583 
Inpu t :  (-0.431501 0.57622 1 
I npu t :  (0.79046 0.579272 1 
Inpuc: (0.487594 0.230445 1 
Inpuc: (-0.277749 0.713309 
Inpu t :  (-0.543016 0.727165 1 
I npu t :  (-0.541121 -0.5009 1 
I npu t :  ( 0  .O848109 0.969665 1 
I npu t :  :-0.892392 -0.837153 1 
I npu t :  (0.0493484 -0. 146397 1 
I npu t :  (-0.810663 -0.482406 1 
I npu t :  (0.783074 -0.534471 1 
I a p u t :  (-0.7069 -0.749009 1 
I npu t :  (0.863277 -0.839778 1 
Inpuc:  (-0.90582 -0.882565 1 
I n p u t :  (-0.327189 0.829402 1 
I n p u t :  (-0.202795 -0.134434 1 
I n p u t :  (0.892331 0.674368 1 
I npu t :  (0.068453 0.684194 1 
Inpuc: ( 0  -387066 -0 -204627 1 
I npu t :  (-0.481674 -0.991333 1 
Inpu t :  (0.0531795 0.909604 1 
I npu t :  ( - 0  -202612 -0 .SI7808 1 
I npu t :  (0.171117 -0.489731 1 
I n p u t :  (0.368023 0.890561 ) 

Input :  (-0.129002 0.78045 1 
Inpuc: (-C.985656 0.881954 1 
Inpu t :  (0.203101 0.572314 1 
Snpvt:  (0.153356 -0.71514 1 
I npu t :  (-0.555345 -0.233985 1 
Inpu t :  (-0.991455 -0-164159 1 
Inpu t :  (-0.815505 0.319864 1 
Inpuc: (0.710196 -0.870296 1 
Inpu t :  (0.62212 0.324137 1 
Inpuc: (0.382977 0.605396 1 
Inpuc:  (0.0602741 0.371258 1 

ADALmlz: -1 
ADALfn: 1 
w m :  1 

-1 
ADALM:: 1 
wm:1 
*DAtML: -1 
ADALrn: -1 
AMLML: -1 
m m :  1 
ADALINT: -1 
ADALan:l 
ADALm: 1 
ADALQIE: 1 
ADALML:l 
ADALm: -1 
u u t x n :  r 
AnALm:  -1 
ADALflin: 1 
ADILtm: 1 
uutmr: -1 
ADALINE: 1 
AnALan: 1 
ADILtML: 1 
ADALIISt: 1 
ADALIIST: 1 
ADAL=: -1 
ADAL-: -1 
AnALut: -1 
m m :  -1 
wm:-1 
ADALXXE: 1 
AlwLINt: -1 
ADALML: 1 
ADALfWf: 1 
ADAr.m: 1 
ADALxnK:l 
ADALML: 1 
A M L f n t :  1 
-ML: 1 
ID*tI>n: -1 
ADAL1XE:l 
ADALIIYL: -1 
- L m :  -1 
ADALIIR: 1 
ADAL=: 1 
ADALINP: -1 
ADALnm:l 
ADALmE:l 
*DAtINP: -1 
ADALIIYL:-1 
ADALINE: -1 
AnALIXE : - 1 
ADALIWE: 1 
ADALINZ: 1 
ADALfNlt: 1 
ADALINC: 1 
A D A L 1 : l  
ADALIrn: -1 
ALaLIliR:: -1 
ADALIIR: -1 

Actual :  1 
Ac tu r l :  1 
Act-1: -1 
Ac tua l  : 1 
AccuI l :  -1 
A c t u r l  : 1 
A c t u r l  : 1 
Ac t ru l :  -1 
A c t r u l  : 1 
A c t w l :  1 
Ac tua l  : 1 
Accual : 1 
A c t u r l :  1 

1 
1 
1 
1 
1 
1 
) 

1 
1 
1 
1 
) 

1 
Ac tua l :  -1 D e s i r e d ( ? )  : Y 
A c c w l :  -1 R s i r e d C ? )  : Y 
Accual:  -1 R s i r e d ( ? )  : Y 
Accual:-1 D c s i r e d ( 7 )  : Y 
*ccwl:-1 D e s i r e â ( ? l :  Y 
Actu r1 : l  R s i r d ( ? l :  Y 
Actur1:-1 D e s i r e d i ? l  : Y 
AcCur1:l R s i r e d ( ? l  : Y 
Accua1:l  û e s i r e d ( ? ) :  Y 
A c t w 1 : l  Das i r ed (? J  : Y 
Actua1: l  D e s i r e d l ? ) :  Y 
Actua1: l  D e s i r e d ( ? l  : Y 
Accual: 1 D e s i r e d ( ? )  : Y 
Actu r1 : l  R s i r e d l ? ) :  Y 
Actuel : -1  D c s i r e d i ? )  : Y 
Actua l :  1 D c s i r c d ( ? l  : Y 
Accual:  -1 Desired(l1 : Y 
Act-1:-1 Dcs i r ed (P1 :  Y 
Actuel :  1 R s i r e d O l  : Y 
Actue1: l  I hz s i r cd ( l1 :  Y 
Accual:-1 Rsired(l1: Y 
Accua1:l I k s i r d ( l 1 :  Y 
ACcua1:l Rsired(t1: Y 
&=tua l : - 1  Desir&(?) : Y 
ACtual: -1 k s i r e d l ? )  : Y 
k t u a l :  -1 D e s i r e â r ? l  : Y 
A c t u i l :  -1 D c a i r c d ( ? l  : Y 
Accual:  1 D c s i r d ( ? )  : Y 
Actua1 : l  D e s i r e d i ? ) :  Y 
Actua1: l  Des i r ed (? I  : Y 
Actua1: l  i k s i r e d ( ? l  : Y 
Actual :  1 D . s i r e d ( ? l :  Y 
Accur1:-1 û e s i r e d t ? ) :  Y 
AcCur1:-1 D e a i r e â t ? l  : Y 
&=tual :  -1 Des i r ed f? )  : Y 



Pattern: 229 
Pattern: 230 
Pattern: 231 
Pattern: 232 
Pattern: 233 
Pattern: 234 
Pattern: 235 
Pattcrn: 236 
Pattern: 237 
Pattern: 238 
Pattern: 235 
Pattern: 240 
Pattern: 241 
Pattern: 242 
Pattern: 243 
Pattern: 244 
Pattern: 245 
Pattern: 246 
Pattern: 247 
Pactern: 248 
Pattern: 249 

Input: 
Input: 
Input: 
Inpu:: 
Input: 
Input: 
Input: 
Input : 
Input: 
Inpu: : 

Input : 
1 npu: : 
Inpu: : 
Input : 
rnpuc : 
Inpur: 
Input: 
1 nput : 
input: 
Input : 
IEmt: 



#include" base.hl' 
#include"common.h" 
#define DELTA 1 
#define MOMENTUM 2 
/ / - - - -  
class BP-Node : public Feed-Forward-Node 

{ 
protected: 

vinual double Tramfer-Fundon( double value ); 

public: 
BP-Nde( int v-size=l, int e-size=O ); // Default of 1 value set member (NODE-VALUE) 
virtual char *Gel-Name( void ); 

1; 
/ ------ 
class BPLink : public BascLink 

I 
public: 

BPLink( int size=2 ); 11 default of 2 Iink value set members (WEIGHT. DELTA) 
virtual void Save( ofsueam &outfile ); 
virtual void Load( ifsueam &infile ); 
virtual char *Get-Name( void ); 
virtual void Update-Weight( double new-val ); 

1; 
// ---- --- -- 
class BP-Output-Node : public BP-Node 

public: 
BP-Output-Node( double Ir, double mt. int v-size=3, int e-size=l ); 

// default of 3 value set members (NODE-VALUE. LEARNING-RATE, MOMENTUM) 
11 default of 1 error set member (NODE-ERROR) 

protected: 
virtual double ComputeError( int mode=() ); 
virtual void Lean( int mode=O ); 
virtual char *Get-Name( void ); 

1; 
//--- ------ --- -- - 
class BP-Middle-Node : public BP-Output-Node 

{ 
public: 

BP-Middle-Node( double Ir, double mt, int v_size=3. int e-size=l ); 
// default of 3 value set memkrs (NODEVALUE. LEARMNG-RATE. MOME-) 
// default of 1 error set member (NODE-ERROR) 

virtual char *Get-Name( void ); 



double BP-Node::TransferFunction( double value ) 
( 
r e m  1 .O/( 1 .O+exp(-value)); 11 Sigrnoid Function 
1; 

// 
BP-Node::BP-Node( int v-size, int e-size ): Feed_Forward-Node(v-si2e.e-size) { ) ; 
//-- 
char *BENode::Get-Name( void ) 

{ 
static char name[]="BP-NODE"; 
return name; 
1: 

//----- - 
BP-Link::BP-Link( int site ) : Base_Link(size) 

C 
value[WEIGHT]=R;indom(- 1 -0, 1 .O); Il Weight random value between -1 -0 and 1.0 
value[DELTA]=O.O; II Initidize previous change to 0.0 
1 

//--- 
void BP-Link::Save( ofstream &outfile ) 

( 
outfile cc setw(4) << id c< " " << setprecision(l8) 

cc value[WEIGHT] cc " " « setw(4) 
cc In-Node()-Set-iD() « " " 
cc setw(4) cc Out-Node()-Set-ID() « endl; 

1 
//- ------ 
void BP-Link::Load( ifstream &infile ) 

infile >> id; 
infile >> value[WEIGHT); 
int dummy; 
infile >> dummy; // Skip over connecting node IDs 
infile >> durnmy; 
1 

//-- 
char *BP-Link::Get-Name( void ) 

I 
static char namef]="BP-Lm"; 
return name; 
1; 

//--- - ------ ---A-- 

void BP-Link::Update-Weight( double new-val ) 

{ 
double rnomentum=Out-Node()-Set-Value(M0MENTUM); 
va1ue[WEIGHT]+=new~val+(momentum*value[DELTA]); Il Update weight with current change 

// and percent of last change 
value[DELTA]=new-val; // Store current change for next tirne 
1 

//------------------ --- --- 
BP-Output-Node::BP-Output-Node( double Ir, double mt, int v-size, int e-size ): 

BP-Node(v-si2e.e-size) 
( 
val ue[LEARNING-RATE]=lr; 
value[MOMENTUM]=mt; 
1; 



//-- 
double BPOutput-Node::Compute-Enor( int mode ) 

i 
return val ue[NODE-VALUE]*( 1 .O-vaIuc[NODE-VALUE])* 11 Compute output node e n o r  

(enor[NODE,ERROR]-value[NODEEVALUE]); 
1; 

//---- 
void BP-Output-Node::-( int mode ) 

I. 
double delta; 
error f NODE-ERROR]=Compute-Enor() ; 

in-links.Reset-To-Head(); 
BaseLink  *link; 
int cnt=in-links.Count(); 

for (int i d ;  iccnt; i++) I f  For each input link 
I. 
link=in-tinks.Cun(); 
delta=value[LEARNING-RATE] *error [NODE-ERROR] *link->In-Value(); // Delta Rule 
link-AJpdate-Weight(de1ta); 
in-Iinks.Next(); 
1 

1; 

char *BP-Output-Node::Get-Name( void ) 
( 
static char name[]="BP-0UTPUT_NODEw; 
r e t m  name; 
1; 

11--- 
BP-Middle-Node::BP-Middle-Node( double Ir. double mt, int v-size. int c-size ): 

BP~Output~Node(Ir,mt.v~size, e-size) ( } ; 
/ f ---------- 
char *B P-Middle-Node::Get-Name( void ) 

{ 
static char name[]="BP_MIDDLE-NODE"; 
return name; 
1; 

double BP-Middle-Node::Compute-Enor( int mode ) 
( 
double t o t a l d ;  
out-links-Reset-To-Head(); 
int cnt=out-links.Count(); 
for (int i d ;  iccnt; i t e )  //For each of the node's output links 

( 
total+=out-links-Curm->Weighted_Out-Enor(); 
out-links.Next(); 
1 

return value[NODE-VALUE]*( 1 .@value[NODE-VALUE])*total; 
1; 



// Fi le backpro 1 .cpp 
//**************************************************************************** 

void main( void ) 
( 
srand( 1); 

// Create Training Set - XOR problem 
Pattern *data[4 1; 

// sizes id input output 
Il-- -- - - 

data[O]=new Pattern(2.1. 1. 0.0.0.0, 0.0 ); 
data[l]=new Pattem(2.1, 2. 0.0.1.0. 1.0 ); 
datQ]=new Pattem(2.1, 3, L.O.O.O. 1.0 ); 
data[3]=new Pattern(2.1. 4, t -0.1.0. 0.0 ); 

// Create Backprop Network 
Base-Node *Node[6] ; 
Base-Link *Link[9]; 

Nde[O]=new Input-Node; 11 Input layer nodes 
Node[l]=new Input-Node; 
Node[2]=new BP-Middle-Node( 0.4.0.9 ); // Middle layer nodes 
Node[3]=new BP-Middle-Node( 0.4.0.9 ); // Learning rate 0.4. Momentum 0.9 
Node[4]=new BP-Middle-Node( 0.4.0-9 ); 

Node[S]=new BP-Output-Node( 0.4.0.9 ); // Output layer node 

for (int i d ;  i d ;  i++) // Create Links for Network 
Link[i]=new BP-Link(); 

int curr=O; // Connect Nerwork with links 
for (i=2; i<=4; i u )  

for (int j=O; jc=l ;  j++) 
Connectf Node~],Node[i] Link[curr++]); 

for (int j=2; j c d ;  j++) 
Connect(NodeIj],Node[5],.Link[curr++]); 

// Train Backprop Network 
long iteration=O; 



in t good=O; 
double tolerance=OS; 
double total-error; 

while (goodc4) 11 Train until al1 patterns are correct 
{ 

for (int i=O; i<4; i++) 
( 
Node[O]->Set-Value(data[i 1->In(O)); // Set Input Node values 
Node[ 1 1->SetValue(data[i]->In( 1)); 

for (int j=2; j<=5; j++) // Fonvard Pass 
Nodelil->Run(); 

Node[S]->Set-Error(datfi1->Out(O)); 11 Set Error Values 

for Q=5; j>=2; j-) // Backward Pass 
Nodeul->Leam(); 

// Print s t a t u  every 1000 iterations 
if (iterations lûW=Ci) cout cc iteration cc ". " cc good cc "14" 

cc " Error: " « setprecision(l5) cc total-error cc endl; 
i terationu; 
1 

// Save Backprop 
ofsueam outfiIe("X0R-BP.netW); 
for ( i d ;  ic6; i t + )  // Save Nodes 

Node[i]->Save(outfile); 

for ( i d ;  kg; i++) // Save Links 
Link[i]->Save(outfile); 

// Desuoy Network 
for ( i d ;  i<6; i u )  

delete Node[i]; 
for ( i d ;  i<9; i u )  

delete Link[i]; 

// Create Backprop 
Node[O]=new Input-Node; 
Node[ 1 ]=new Input-Node; 
Node[2j=new BP-Node; 
Node[3]=new BP-Node; 
Node[4]=new BP-Node; 

11 Only BP-Noâes are required 
// since there will be no leaming 



for (i=O; i<9; i++) // Create Links for Network 
Link[i]=new BP-Link(); 

c u d ;  // Connect Network 
for (i=2; ic=4; i++) 

for (int j=O; jc=l; j ~ )  
Connect(Node~],iUode[i],Link[curr++]); 

for (j=2; j c 4 ;  jt+) 
Connect(Node~],Node[S]Link[cu~~++.]); 

// Load Backprop 
ifstream infiIe("X0R-BP.netW); 
for (i=O; i<6; i++) 

Node[i ] ->Load(infile); 

for (i=O; i<9; i t t )  
Link[i]->Load(infile); 

// Run Backprop Network 
for (i=O; ic4; i u )  

{ 
Node[O]->Set-Value(data[i]->In@)); Il Set Input Node Values 
Node[ 11->Set-Value(data[i]->In( 1)); 

for (int j=2; jc=5; j++) 11 Forward Pass 
NodeG 1->Run(); 

double out=Node[S]-Setvalue(); // Get output layer's output 

cout cc "Pattern: " cc setw(3) cc i cc " Input: (" 
cc data[i]-An(0) cc "." 
cc data[i]->In(l) 
« ") Backprop: (" « out 
cc ") Actual: (" « data[i]->Out(O) << ")" cc endl; 

1 

// Desuoy Network 
for ( i=0; ic6; i u )  

delete Node[i]; 
for (i=O; ic9; i + + )  

delete Linkli]; 
1 



// File "XOR-BP.net** contains the data for the BP network Nodes and Links for solving 
// XOR problem with Backpropagation neural network 

//***************************************************************************** 
1 1  
1 O 

1 
1 1  
1 O 

2 
3 6.02710922411746e-005 O. 4 O. 9 
1 0.000137123827712989 

3 
3 O.OG01110515283293L5 0.4 0.9 
1 -6.84061739162355e-005 

4 
3 0.00011163761027813 0.4 0.9 
1 -6.8695496595081e-005 

5 
3 0.499999968422045 0.4 0.5 
1 -0.124999992105511 

//******************************************************************************** 
// File XOR-BP.out contains the training and running resulfs output for XOR problem 
//******************************************************************************** 
0. 2/4 E r r o r :  0 -463308447694839 
1000. 3/4 E r r O r :  0.170356930544738 
2000. 3/4 E r r o r :  0.138043219435865 
3000. 3/4 E r r o r :  0.132362087638176 
4000- 3/4 E r r o r :  0.130080369249295 
5000. 3/4 E r r o r :  0.128861501475946 
6000. 3/4 E r r o r :  0-128106497769808 
7000. 3/4 E r r o r :  0.127594143905471 
8000. 3/4 E r r o r :  0.127224204503693 
9000. 3/4 E r r o r :  0.126944806644006 
10000. 3/4 E r r o r :  0.126726461653785 
11000. 3/4 E r r o r :  0.126551187089369 
12000. 3/4 E r r o r :  0.126407402081706 
13000. 3/4 E r r o r :  0.12628731482148 
14000. 3/4 E r r o r :  0.126185490654964 
15000. 3/4 E r r o r :  0.126098022288945 
16000. 3/4 E r r o r :  0.126022026029402 
17000. 3/4 E r r o r :  0.125955323486466 
18000. 3/4 E r r o r :  0.125896233126942 
19000. 3/4 E r r o r :  0.125843428941118 
20000. 3 / 4  E r r o r :  0.125795840841505 
21000. 3/4 E r r o r :  0.125752580711317 
22000. 3/4 E r r o r :  0.125712882686616 
23000. 3/4 E r r o r :  0.12567604753797 
24000. 3/4 E r r o r :  0.125641378331542 
25C00. 3/4 E r r o r :  0.125608084024552 
P a t c e r n :  O Inpu t :  (0,Oi B a c k p r o p :  (0 .O1514009552592623 A c t u a l :  (01 
P a t t e r n :  1 Input :  (0.1) B a c k p r o p :  (0.9865279ï71784143 A c t u a l :  (1) 
P a t t e r n :  2 Inpu t :  (1,O) B a c k p r o p :  (0.986540531239183) A c t u a l :  (1) 
P a t t e r n :  3 Inpu t :  (1,l) B a c k p r o p :  (0.49999993086544s) A c t u a l :  (O) 



//************************************************************************ 
11 File: bit-vec-h used for training recurrent network using GA 
// 

#ifndef bit-vec-h 
#de fine bit-vec-h 

const BITS-PER-iNT = 8 * sizeof(unsigned int); 

class bit-vector ( 
pubiic: 

bit-vector(int numbits  = 1); 
-bit-vector(); 
unsigned int operator[](int bit-index); 
int number-of-on-bits(); 
void operator+=(int bit-to-tum-on); 
void operator-=(;nt bitto-turn-off); 
int operator=(bit-vector &other); 
void set-to-zero(); 
void set-topne(); 
int size() 
{ 
return number-of-bits; 

1 

protected: 
unsigned int * data; 
int number-of-bits; 
int number-of-ints; 



bit-vector::bi t-vector(int num-bits) 

number-of-ints = (num-bits + (BiTS-Pm-iNT - 1)) / BITS-PER-INT; 
number-of-bits = num-bits; 
data = new unsigned intlnumber-of-ints]; 
set-to-zero(); 

bit-vector::- bit-vector() 
( 

delete [] data; 
1 

unsigned int bit-vector::operator(](int bit-index) 
( 

retum ((datatbi t-index / BKS-PER-INT] & 
( 1 cc (bit-index % BITS-PER-m)) 

!= O); 
1 

int bit-vector::number~of~on~bits() 
I 

int ret-val = 0; 
for (int i=O; icnumber-of-bits; i u )  

if (data[i / B ITS-PER-INT] & ( 1 « (i % BiTS-PER-INT))) 
ret-valu; 

retum ret-val; 
1 

extern "C" { void exit(int); }; 

void bit-vector::operator+=(int bit-to-tuni-on) 
I 
#i fndef FAST 

if (bit-toturnon < O II bit-toturn-on >= number-of-bits) 
( 

cerr CC "enor: bit-to-turnpn=" cc bit-totumon cc "hW; 
exit( 1); 

1 
#end i f 

datalbit-totumon / BiTS-PER-iNT] (1 << (b i t - to tumon % BITS-PER-N)); 
1 

void bit-vector::operator-=(;nt bit-to-tum-off) 
I 



#i fndef FAST 
if (bitto-tum-off < O II bit-to-tunioff >= number-of-bits) 
t 

cerr cc "error: bit-to-ninininioff=" « bitto-tuni-off « "h"; 
exit(1); 

1 
#endif 

data[bit-to-turnoff 1 B ïTS-PERJNT] &= 
(4 1 c< (bit-to-tum-off 96 BïïS-PER-iNT))); 

1 

int bi t-vector::operator=(bittvector &other) 
{ 
#i fndef FAST 

int size-other = other.sizt(); 
if (number-of-bits != size-other) 
{ 

cerr "bit,vector::operator== size rnismatch\n"; 
exit(1); 

1 
#endif 

for (int i=O; icnumber-ofbits; i u )  
{ 

if ((*this)[i] != other[ij) 
{ 

retum 0; 
1 

1 
retum 1; 

} 

void bi t,vector::set-to-zero() 
i 

for (int i=O; iaurnber-of-ints; i u )  
data[i) = 0; 

1 

void bit-vector::set-topne() 
{ 

for (int i=O; iaurnber-of-ints; i u )  
data[i) = 1; 

1 



// File: randseq-h 
//************************************************************************ 

#ifndef randseq-h 
#define randseq-h 

class RandomSequence 
I 
public: 

RandomSequence( float randomSeed = 10.0); 
int mdMT(int fow, int high); 
double rndFP(doub1e iow, double high); 

private: 
void next-random-sequence(); 
double rand-util(); 
float randomseed; 
int random-counter; 
int rndcalcflag; 
double oldrand[55] ; 

1; 

//****************************#***************************************** 
// File: randseq-cpp utiIity class to generate random integers and floating point nurnbers 
......................................................................... 
#define USELIBRARY 1 

#inchde "randseq-h" 
#inchde <math.h> 

#i fdef USE-LIB RARY 
#inchde cstd1ib.b 
#endif 

static float initialseed = 0.7 133 152; 



#ifdef USE-LIBRARY 
randomize() ; 
float rr = rand(); 
t-r = rr 1 70000.0; 
initiaiseed = rr; 

#endif 

int ran-index, ii; 
double new-random. prev-random; 

oldrand(541 = randomseed; 
for (int k=O; k d 4 ;  k u )  oldrand[k] = 0.1 + (float)k * 0.016; 
new-random = 0.00000000 1 ; 
prev-randorn = randomseed; 
fodran-index = 1 ; ran-index c= 540; ran-index*) 
I 
ii = (21 *ranjndex)%54; 
oldrand[ii] = new-random; 
new-random = prev-random-new-random; 
if(new-randomc0.0) new-random = new-random + 1 .O; 
prev-random = oIdrand[ii]; 

1 

random-counter = 0; 

1 
void RandomSequence::next-random-sequenceO 
/* Create next batch of 55 random numbers */ 
( 

in t ran-i ndex; 
double new-random; 

for(ran-index = 0; ran-index c 24; nn-index++) 
I 

new-random = oldrandlran-index] - oldrand[ran,index+3 11; 
if(new-random c 0.0) new-random = new-random + 1 .O; 
oldrand[ran-index] = new-random; 

1 
for(ran-index = 24; ran-index < 55; ran-index++) 
( 

new-random = oldrand [ran-index] - oldrand [ran-index-241; 
if(new-random < 0.0) new-random = new-random + 1 .O; 
oldrand[ran-index] = new-random; 

1 



int RandomSequence::nidINT(int low, int high) 
{ 

int ret-val; 
if(1ow >= high) ( 

ret-val= low; 
1 else ( 

ret-val = (int)((rand-util() * (high - low + 1)) + low); 
if(ret-val > hi@) ret-val = high; 

1 
return(ret-val); 

1 

double RandomSequence::rndFP(double low, double high) 
( 

retum (randutil()  * (high - low)) + low; 
1 

double RandomSequence::rand-util() 
{ 
#i fndef USE-LiBRARY 

random-counter++; 
if(randomcounter >= 55) 
{ 

randomcounter = 1; 
next-random-sequenceo; 

1 
retum oldrand[random-counter] ; 

*Ise 
retum ((float)(random( 10000))) * 0.000 1 ; 

#end i f 
1 

const float MIN-VAL = -10.0; 
const float MAX-VAL = 10.0; 

const int NUM-WUTS = 2; 
const int NUM-HIDDEN = 6; 
const int NUM-OUTPUTS = 1; 
const int POPULATION = 500; 



//#define USE-ITO-O 
#define USE-HTO-H 
#define USE-O-TO-H 

float sigmoid(float x) 
( 

return ( 1 .O / ( 1 .O + exp(-x))) - 0.5; 
1 

// - - - - - -  
// gene tic-recurrent-network class 

class genetic-recurrent-network 

public: 
genetic-recurrent-networ k(int bits-per-value) ; 
-genetjc-recurrent-network() ; 
float fitness(); 11 for weights copied to float weight anays 
float train(int number-O fsenerations); // r e t m  best fitness 
void copy-bit-weights-to-floats(int population-index); 
float salve(); 

private: 
int bit-size; 
int int-range; 
in t nurn-bi ts-per-chromosome; 
bit-vector **popdation; 
// float storage for weights (a chromosome with a specified 
// population index can be copied into these arrays to make 
// writing the fitness() function easier): 
float i-to-h [NUM-INPUTS] [NUM-HIDDEN] ; 

#ifdef USE-ITO-O 
float i-to-o[NüM-INPUTS] [NUM-OUTPUTS] ; 

#endif 
#ifdei USE-HTO-H 

float h-to-h[NUM-HIDDEN] [NUM-HIDDEN ; 
floa t h idden-surns [NUM-HIDDEN] ; 

#endif 
#ifdef USE-O-TO-H 

float O-to-h [NUM-OUTPWS] [NUM-HIDDEN] ; 
#endif 

floa t h-to-O[--HIDDEN] [NUM-OUTPUTS] ; 

float inputs[NUM-INPüTS]; 
float hidden[NUM-HIDDEN; 
float outputs[NUM-OUTPOTS); 

void propagateo; 

float *fitnesses; 

void initial ize-population(); 
void sort-by-fi tness(); 



static int powers-of-two[J = { 1,2,4.8,16.32.64,128.256$12,1û242048, 
4096,8 192. 16384,327681; 

genetic-recurrent-network::genetic~recunent~network(int bits-per-value) 

bit-size = bits-per-value; 
int-range = powers-of-two[bit-size]; 
population = new bit-vector * [POPULATION]; 
num-bi ts-per-c hrornosome = 

bit-size *(NUM-INPUTS*NUM-HIDDEN 
#i fdef USE-H-TO-H 

+ NUM-HIDDEN*NtTM-HIDDEN 
#endif 
#ifdef USE-1-TO-O 

+ ~ ~ I N P U T S * N U M ~ 0 u T P U T S  
#endif 
#ifdef USE-O-TO-H 

+ NUM,OUTPUTS*NUM-HIDDEN 
#endif 

+ NUM-HIDDEN*NUM-OUTPUTS); 
for (int i d ;  icPOPULATION; i++) 

population[i] = new bit~vector(num~bits~per~chromosome); 
fitnesses = new floatmPULATION; 

initialize-population(); 
for ( i d ;  icPOPULATION; i++) 
( 

copy-bit-weightsto-floats(i); 
fitnessesf i l  = fimess(); 

1 
sort-by-fitness(); 

delete [ ]  population; 
delete [] fitnesses; 

1 
-- 

// This function converts a specified chromosome (bit vector) 
// iri the population to the floating point weights. 
II---------------- - -- 
void genetic~recurrent~netwotk::copy~bit~weightofloa(int population-index) 

bi t-vector *b = population[population-&A; f . - 
int start-bit = 0; 
int i, j, k. val; 
float f-val; 

// input to hidden weights: 
for (i=O; iMM-INPUTS; i++) 
{ 



vai = 0; 
for ( k a ;  kebit-size; k++) 

if (( *b)[k+start-bi t]) 
val += powers-of_two[bit-size - k - 11; 

f-val= val; 
f-val= (f-val/ ((f1oat)int-range)) 

* (MAX-VAL - MIN-VAL) + MIN-VAL; 
srart-bit += bi-ize; 
i-to-h[i]u] = f-val; 

// input to output weights: 
for ( i d ;  i<NUM-INPUTS; i++) 

{ 
val = 0; 
for (kd; k<bit-size; k++) 

if ((*b)[k+start-bit]) 
val += powefs-of-two[bit-size - k - 11; 

f-val = val; 
f-val= ( f v a l  1 ((float)int-range)) 

* (MAX-VAL - MIN-VAL) + MIN-VAL; 
start-bit += bi t-size; 
i-to-o[i]u] = f-val; 

1 
1 

// hidden to hidden weights: 
for ( i d ;  i<NUM-HIDDEN; i++) 
( 

for (j=O; j<NUM-HIDDEN; j++) 
I 

val = 0; 
for (k=û; kcbit-size; k++) 

if ((*b)[k+strirt-bit]) 
val += powers-of-two[bit,size - k - 11: 

f-val= vat; 
f-val = (f-val/ ((f1oat)int-range)) 

* (MAX-VAL - MIN-VALj -r i vm-  v A; 
stan-bit += bit-size; 
h-to-h[i]lj] = f-val; 

1 
1 



#i fdef USE-O-TO-H 

II output to hidden weights: 
for ( i d ;  i a - O U T P U T S ;  i++) 

for G d ;  jcNUM-HIDDEN; j++) 
I 

val = O; 
for ( k a ;  k<bit-size; k++) 

if ((*b)[k+start-bi t]) 
val += powers-of-two[bit-size - k - Il; 

f-val = val; 
f-val = (f-val 1 ((float)int,range)) 

*(MAX - VAL - MINMINVAL) + M N V A L ;  
star tbi t  += bit-size; 
O-to-h[i]lj] = f-val; 

1 
1 

#endif 
II hidden to output weights: 
for ( i d ) ;  icNWM-HIDDEN; i++) 
{ 

for G d ;  jcNUM-OUTPUTS; j++) 
{ 

val = O; 
for (k4; k<bit-size; k u )  

if ((*b)[k+start-bit]) 
val += powers-of-two[bit-size - k - 11; 

f-val = val; 
f-val = (f-val 1 ((float)int,range)) 

* (MAX-VAL - MINVAL) + MIN-VAL; 
start-bit += bit-size; 
h t o o [ i ] ~ ]  = f-val; 

1 
1 

1 

// Member function initialize-population 

void genetic-recurrent-netwotk::initialize-popuMon() 
( 

for (int i d ;  icPOPULATION; i u )  
{ 

for (int j=O; j<num-bits-~r-chromosome; j++) 
I 

int index = ran-seq.mdiNT(0, num,bits_per~chromosome - 1 ); 
(*population[i]) += index; *.- - * - .  

1 
1 

1 
/ /  ---- - -- -- -- 
Il Member function sort-by-fi tness 

void genetic~recurrent~network::sort~by~fitness() 



fi oat x; 
bit-vector *b; 
for (int i d ;  i<POPULATION; i++) 
( 

for (int j=(POPULATION - 2); j>=i; j-) 
( 

#if O 
cout << "fitnesses: "; 
for ( i d ) ;  kPOPULATION; i++) cout « fÏtnesses[i] cc " "; 
cout cc 'ln"; 

#endif 
1 

11 Member function solve 

float gene tic-recurrent-network::solve() 

int i = O, j; 
for (j=3*POPULATION/4 +. 1; j<POPULATION; jt+) 
{ // copy chromosome # i to # j: 

for (int k=O; k<num-bits-per-chromosome; k++) 
( 

if ((*popuiation[i])[k]) 
(*populationlj]) += k; 

else 
(*populationlj]) -= k; 

1 
i++; 
if (i >= (POPULATIONI4 + 1)) i = 0; 

1 

// crossovers: 
for (j=0; j<POPULATION/S; j++) 
( 

int chrom- 1 = ran-seq.rndINT(POPTJLATION/ 1 Otl, POPULATION - 1 ); 
int chrom-2 = ran-seq.rnGC.7;iJ',.:'~̂ .f iObL4W 1. POPULATION - 1 ); 
int crossover-location = 

ran-seq .rndïNT( 1 .nurn~bits~per~chromosome/bit~size); 
crossover-location *= bit-size; 
for (int k a ;  kccrossover-location; kt+) 
( 

int Save = (*poputation[chrom~2])[k]; 
if ((*population[chrom_!])[k]) 



(*population[chrom,2]) += k; 
else 

(*population[chrom,2]) -= k; 
if (save) 

(*population[chrom- 11) += k; 
else 

(*population[chrom,l]) -= k; 
1 
i u ;  

1 

// mutations: 

for (j=5; jcPOPULATION; j++) 
I 

if (ran-seq.mdFP(O.0. 100.0) < 10.0) 
{ 

int location = ran-seq.rndDiT(0. num-bitspr-chromosome - 1); 
if ((*population~])[location]) 

(*population(jJ) -= location: 
else 

(*populationljj) += location; 
1 

1 
for (j=7+POPCILATION/8; j<POPULATION; j++) 
{ 

for (int m a ;  m<num~bits~per~chromosome/4+2; m u )  
{ 

if (ran-seq.mdFP(O.0. 100.0) < 75.0) 
I 

int location = ran-seq.ndiNT(0. num-bi ts-per-chromosome - 1); 
if ((*popuIation~])[location]) 

 population^]) -= location; 
else 

(*populationCj]) += location; 
1 

1 
1 

for (i=O; iePOPULATION- 1 ; i++) 
{ 

for (j=i+ 1 ; jcPOPULATION; j++) 
( 

int mutation-location = 
ran-seq.rndiNT(0, num-bits-per-chromosome - 1); 

if ((*population[j])[rnutation-location]) 
(*populationlj j) =~'iiiu?t;;;r;-'asti~x; 

el se 
(*populationlj]) += mutation+location; 

1 
1 

1 

// Evduate the fitness values of al1 chromosomes in the population: 



for (i=û; icPOPULATION; i++) 
{ 

copy-bit-weights-to-floatst i); 
fitnesses[i] = fitnesso; 

1 
sort-by-fitnesd); 

////-----a--- - 
// Member function propagate 
11 
// This function does not directly use any chromosomes 
1 in the current population. It is uscd to propagate the 
// current input neuron activation values through the network 
// using the current weight set (as defincd by member function 
11 copy-bit-weights-to-floats for a specificd chromosome). 
//// - - - - - -  - 
void genetic-recurrent-network::propagateO 
( 

for (int h=O; h<NUM-HIDDEN; h++) 
I 

hiddenih] = 0.0; 
#ifdef USE-HTO-H 

hidden-surns[h] = 0.0; 
#endif 

1 

#ifdef USE-HTO-H 
for (int cycle=O; cyclec3; cycle++) 

#end if 
{ 

for (h=O; hcNUM-HIDDEN; h*) 
I 

for (int i d ;  idUM-INPUTS; i++) 
I 

hidden[h] += inputs[i] * i-to-h[i][h]; 
1 

#ifdef USE-H-TO-H 
for (int h2=0; h2dUM-HIDDEN; h 2 u )  
{ 

hidden-sums[h] += hidden[h2] * h-to-h[h2] [hl; 
1 

#endif 
#ifdef USE-O-TO-H 

for (int 02=0; o2cNUM-OUTPUTS; OZ++) 
{ 

hidden-surtu&; C= - -:ptî[c2j * ~-to-h[02][h]; 
1 

#endif 

#ifndef USE-H-TO-H 
hiddenih] = sigmoid(hidden[h]); 

#else 
hidden[h] = sigmoid(hidden-sums[h]); 



for (int G=O; OCNLJM-OUTPIITS; O++) 

outputs[oj = 0.0; 
for (o=O; ocNUM-OUTPUTS; O+-+) 

{ 
for ( h a ;  hdUM-HIDDEN; h++) 
I 

outputs[o] += hidden[h] * h-Co-o(h][o]; 
1 

#i fde f USE-1-TO-O 
for (int i=O; idUM-INPUTS; i++) 
I 

outputs[o] += inputs[i] * ifo-o[i][o]; 
1 

#endif 
1 
for (d; o<NUM-OUTPUTS; CH+) 

outputs[o] = sigmoid(outputs[o]); 
1 

1 
1 

/ - - -  
// Member function train 
// 
// This function crerites a specific number of new 
// generations in the population and uses meniber 
// function solve to evaluate each chromosome in each 
// population. 

float genetic-recurrent-network::train(int num-generations) 
I 

float besterror;  
for (int i d ;  icnum-generations; ii+) 
I 

besterror  = salve(); 
cout cc "error =" cc k t - m o r  << "hW; 

1 
retum besterror;  

1 

/I APPLICATION SPECIFIC FiTNESS FUNCTION: 

inline float val-s,,.,.xx x) - 
{ 

return x * X; 

1 

int debug = 0; 

// XOR test problern setup: 



float genetic-recurrent-network::fitness() 
I 

11 test with a fitness for xor function: 
static float in-1 [] = (-0.21, -0.2, 0.2, 0.2); 
static float i n 2 [ ]  = (-0.2. 0.22, -0.2. 0.2}; 
static float out[] = (-0.201.0.21, 0.19, -0.192); 

float error = 0.0; 
for (int i=O; k 4 ;  i++) 
{ 

inputs[O] = in-1 [il; 
inputs[l] = in_7[i]; 
propagate0; 
error += val-sq(outputs[O] - out[i]); 
if (debug) 
{ 

tout « "inputs: " inputs[O] « ". " cc inputs[l] 
cc " output: " « outputs[O] « "\Il"; 

1 
1 
return sqn(error); 

1 

!/ main program 

void main() 
I 

int i teration; 
genetic-recurrent-network GeneticNet( 12); 
cout cc "First roundh"; 
for ( iteration=O; iteration<10000; iterationu) 
( 

debug = 0; 
GeneticNet.train(5); 
debug = 1 ; 
GeneticNet.copy-bit-weights-to-floats(0); 
cout cc 'hingeneration " « S8(iteration + 1) CC "Li"; 
GeneticNet.fitness0; 

1 
1 



il file gencticout patial outpuis of itre rrsults of solvîng X O I  probkm by using 
II genetic algorithm to rrcurnnt neural netwalr 
//********************************************************************** 
fpamund 
e r r o r  -0.37144 
e r r o r  =O.  37144 
e r r o r  =O. 37144 
e r r o r  =O. 37144 
e r r o r  =0.37144 

a f t e r  gcne ra t ion  5 
inputs :  -0.21. -0 .2  output :  -0.0284544 
inputs ;  - 0 . 2 .  0 .22  ou tpu t :  0.0832061 
inputs :  0 . 2 .  - 0 . 2  ou tpu t :  - 0 . 0 0 5 0 2 0 ~ 3  
inputs :  0.2 ,  0 . 2  ou tpu t :  0.0405635 
e r r o r  =0.37164 
e r r o r  r0.37144 
e r r o r  =0.370686 
e r r o r  =C.370686 
e r r o r  =O. 370686 

generat ion 10 
inputs :  -0.21. - 0 . 2  ou tpu t :  -0.0175243 
inputs :  -0 .1 .  0 . 2 2  output :  0.0845595 
inputs :  0.2 .  - 0 . 2  output :  -0.00671278 
inputs :  0.2 .  0 .2  output :  0.0300661 
e r r o r  =0.>706e6 
t r r a r  =O. 370464 
e r r o r  ~ 0 . 3 7 0 3 8 2  
e r r o r  10.368328 
e r r o r  ~ 0 . 3 6 6 6 7 7  

- - - 
generacion 215 
inputs :  -0.21. - 0 . 2  ou tpu t :  -0.00651032 
inputs: -0 .2 .  0 . 2 2  ou tpu t :  0.0522734 
inputs :  0.2 .  - 0 . 2  outpur:  0.0356941 

ingucs: 0.2 .  0 .2  ou tpu t :  0.013072 
e r r o r  ~ 0 . 3 5 8 5 6 5  
e r r o r  =0.358565 
e r r o r  =0.358565 
e r r o r  =O. 358549 
e r r o r  -0.358569 

generat ion 220 
inputs :  -0.21. - 0 . 2  ou tpu t :  0.000515993 
inputs :  -0.2.  0.22  ou tpu t :  0.0521467 
inpucs: 0.2 .  - 0 . 2  outpu:: 0.0356052 
inputs :  0.2 .  0 .2  ou tpu t :  0.0059123 
e r r o r  =O. 358528 
e r r o r  =0.358528 
e r r o r  =O. 358528 
e r r o r  =O. 358528 
e r r o r  r0.358528 

- - -  
generat ion 1000 
inputs :  -0 .21 .  - 0 . 2  ou tpu t :  -0  -22693 
inputs :  -0 .2 ,  0 .22  output :  0.052966 
inputs :  0 . 2 ,  - 0 . 2  output :  0.0325668 
inputs :  0.2 .  0 . 2  ou tpu t :  -0.0360713 
c r r o r  =0.350547 
e r r o r  =0.350536 




