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TYHIHJEME 

Kas3ipri aemie, KapKbIHAbI FbIIBIMH-TeXHMKasIbIK JaMy 2Karqalpinaa 
3HATKEPJIK MallMHaslapAbIH KaOWieTTiMiri eTe MaHbI3qbI. bipak 3MATKepmik 
MallMHalapabiy KaOiieTTiMiri afaM MHbI WeHTeiiMeH CasIbICTLINFaHda OTe TOMeH. 

)KacaHObl MHTeMeKTYaI {BIH ic OapbiCcbiHya Ke3eceTiH KMbIHUIBIIBIKTapFa LWIeIiM 
TaOy Tocisgepi oni aMbimaraH. Olitce ge, ")KacaHbl Hefipou »%Keninepi"anicrepi 
APKBUIBI WelWiM Oys KO TaFbl OTe MAHBIZAbI Kanamyap GongBl. 

byl 3eptrey u3HKa 3aHbIIbIKTapEiHya OiiMiMi3qi TepeHyeTin, onapzbr 
KOJIAaHy Aa ara KacaraH Kagam Oos gpl.



ABSTRACT 

In today's world, that on the occasion of the scientific and technological 

advances increased levels of a very important ability of intelligent machines.In 

addition, problem-solving abilities are still intelligent machines are very simple in 
comparison with the human brain.As a human being, to produce new solutions to 
problems faced by artificial intelligence not yet been developed. However, ‘Artificial 

Neural Networks' solutions with methods very important steps were taken in this way 

and was instrumental. 
This work, would be an important advance in artificial intelligences Formulas 

of Physics Analysis by Artificial Neural Networks, researched the subject. 
Deepened my research on the some physics formulas. 

In this study, physics formulas were investigated using artificial neural 
networks.



PESIOME 

B coBpeMeHHOM Mupe, No cJly¥akO Hay4HO-TexHWy4ecKoro Mporpecca OYeHb 

BaKHBI CIOCOOHOCTb HHTeMICKTYA/IBHBIX MaUIMH. Kpome Toro, cMoOcoOHOCcTH pelllaTb 

3alauv MHTeVIEKTYaIbHbIX MallIMH MO-lIpexKHeMy OYeHb MpOcTbl MO CpaBHeHHIO C 

yeylOBeueCKHM MO3rOoM. MeTOdbI MA CO34aHHA HOBbIX pellleHHH mpoOmem c 

KOTOPBIMM CTaJIKHBaeTCA HCKYCCTBEHHBIM HHTeNWeKT, elle He paspaOoTaHbi. Tem He 

MeHee, C MeTOamu pelleHua "VicxyccTBeHHble HeMpoHHble CeTH" OBIIH CemaHbl 

OYeHb BaKHbIe Warn Ha ITOM IyTH. 
Sra paOota, Obi0 ObI BaxKHbIM WAaroM Biepey B HCKYCCTBCHHOM HHTesWNeKTe 

dbopmyn @u3uKu. YryOu Moe HccleqoBaHne Ha dopMy.lax U3HKH. 
B 9TOM MKccnegqoBaHHH, dopmynbt dv3HKH OBI HCCHeQOBaHbI = C 

HCIOJIb30BaHHEM HCKYCCTBEHHBIX HEHPOHHBIX ceTeH.
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ABBREVIATIONS 

(ANN) Artificial Neural Network 
(MLP) Multi-Layer Perceptron 
(SI) System International



INTRODUCTION 

This study consists of three main parts. The first section provides general 
information about the ANN.The second section provides some descriptive 
information about the physics formulas.In the last section, which is the main topic, 
examined physics formulas with the use of artificial neural networks. 

At the last part, experimental data were obtained for three physics 
formula.These data were normalized for ANN program be intelligible to. And been . 
taught to ANN program (Tanima). Than, we tried to get with ANN that only be found 
in the physics formulas result.



1.ARTIFICAL NEURAL NETWORKS 

1.1 Neural computation 

Research in the field of neural networks has been attracting increasing attention 
in recent years. Since 1943, when Warren McCulloch and Walter Pitts presented the 
first model of artificial neurons, new and more sophisticated proposals have been 
made from decade to decade. Mathematical analysis has solved some of the mysteries 
posed by the new models but has left many questions open for future investigations. 
Needless to say, the study of neurons, their interconnections, and their role as the 
brain’s elementary building blocks is one of the most dynamic and important research 
fields in modern biology. We can illustrate the relevance of this endeavor by pointing 
out that between 1901 and 1991 approximately ten percent of the Nobel Prizes for 

Physiology and Medicine were awarded to scientists who contributed to the 
understanding of the brain. It is not an exaggeration to say that we have learned more 
about the nervous system in the last fifty years than ever before. 

1.1.1 Natural and artificial neural networks 

Artificial neural networks are an attempt at modeling the information 
processing capabilities of nervous systems. Thus, first of all, we need to consider the 
essential properties of biological neural networks from the viewpoint of information 
processing. This will allow us to design abstract models of artificial neural networks, 
which can then be simulated and analyzed. 

Although the models which have been proposed to explain the structure of the 
brain and the nervous systems of some animals are different in many respects, there is 
a general consensus that the essence of the operation of neural ensembles is “control 
through communication”. Animal nervous systems are composed of thousands or 
millions of interconnected cells. Each one of them is a very complex arrangement 
which deals with incoming signals in many different ways. However, neurons are 
rather slow when compared to electronic logic gates. These can achieve switching 
times of a few nanoseconds, whereas neurons need several milliseconds to react to a 
stimulus. Nevertheless the brain is capable of solving problems which no digital 
computer can yet efficiently deal with. 

Massive and hierarchical networking of the brain seems to be the fundamental 
precondition for the emergence of consciousness and complex behaviour [15]. So far, 
however, biologists and neurologists have concentrated their research on uncovering 
the properties of individual neurons. Today, the mechanisms for the production and 
transport of signals from one neuron to the other are well understood physiological 
phenomena, but how these individual systems cooperate to form complex and 
massively parallel systems capable of incredible information processing feats has 
not yet been completely elucidated. Mathematics, physics, and computer science can 
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provide invaluable help in the study of these complex systems. It is not surprising that 
the study of the brain has become one of the most interdisciplinary areas of scientific 
research in recent years. 

However, we should be careful with the metaphors and paradigms commonly 
introduced when dealing with the nervous system. It seems to be a constant in the 
history of science that the brain has always been compared to the most complicated 
contemporary artifact produced by human industry [17]. In ancient times the brain 
was compared to a pneumatic machine, in the Renaissance to clockwork, and at the . 
end of the last century to the telephone network. There are some today who consider 
computers the paradigm par excellence of a nervous system. It is rather paradoxical 
that when John von Neumann wrote his classical description of future universal 
computers, he tried to choose terms that would describe computers in terms of brains, 
not brains in terms of computers. 

The nervous system of an animal is an information processing totality. The 
sensory inputs, i.e., signals from the environment, are coded and processed to evoke 
the appropriate response. Biological neural networks are just one of many possible 
solutions to the problem of processing information. The main difference between 
neural networks and conventional computer systems is the massive parallelism and 
redundancy which they exploit in order to deal with the unreliability of the individual 
computing units. Moreover, biological neural networks are self-organizing systems 
and each individual neuron is also a delicate self-organizing structure capable of 
processing information in many different ways. 

1.1.2 Models of computation 

Artificial neural networks can be considered as just another approach to the 
problem of computation. The first formal definitions of computability were proposed 
in the 1930s and ’40s and at least five different alternatives were studied at the time. 
The computer era was started, not with one single approach, but with a contest of 
alternative computing models. We all know that the von Neumann computer emerged 
as the undisputed winner in this confrontation, but its triumph did not lead to the 
dismissal of the other computing models. There are five principal contenders: 

The mathematical model 

Mathematicians avoided dealing with the problem of a function’s 
computability until the beginning of this century. This happened not just because 
existence theorems were considered sufficient to deal with functions, but mainly 
because nobody had come up with a satisfactory definition of computability, 
certainly a relative concept which depends on the specific tools that can be used. 
The general solution for algebraic equations of degree five, for example, cannot be 
formulated using only algebraic functions, yet this can be done if a more general class 
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of functions is allowed as computational primitives. The squaring of the circle, to 
give another example, is impossible using ruler and compass, but it has a trivial real 
solution. 

If we want to talk about computability we must therefore specify which tools 
are available. We can start with the idea that some primitive functions and 
composition rules are “obviously” computable. All other functions which can be 
expressed in terms of these primitives and composition rules are then also 

computable. 

David Hilbert, the famous German mathematician, was the first to state the 

conjecture that a certain class of functions contains all intuitively computable 
functions. Hilbert was referring to the primitive recursive functions, the class of 
functions which can be constructed from the zero and successor function using 
composition, projection, and a deterministic number of iterations (primitive 
recursion). However, in 1928, Wilhelm Ackermann was able to find a computable 
function which is not primitive recursive. This led to the definition of the general 
recursive functions. In this formalism, a new composition rule has to be introduced, 

the so-called operator, which is equivalent to an indeterminate recursion or a 
lookup in an infinite table. At the same time Alonzo Church and collaborators 
developed the lambda calculus, another alternative to the mathematical definition of 
the computability concept [380]. In 1936, Church and Kleene were able to show that 
the general recursive functions can be expressed in the formalism of the lambda 
calculus. This led to the Church thesis that computable functions are the general 
recursive functions. David Deutsch has recently added that this thesis should be 
considered to be a statement about the physical world and be given the same status as 
a physical principle. He thus speaks of a “Church principle” . 

The logic-operational model (Turing machines) 

In his classical paper “On Computable Numbers with an Application to the 
Entschei dungs problem” Alan Turing introduced another kind of computing model. 
The advantage of his approach is that it consists in an operational, mechanical model 
of computability[10]. A Turing machine is composed of an infinite tape, in which 
symbols can be stored and read again. A read-write head can move to the left or to the 
right according to its internal state, which is updated at each step. The Turing thesis 
states that computable functions are those which can be computed with this kind of 
device. It was formulated concurrently with the Church thesis and Turing was able to 
show almost immediately that they are equivalent. The Turing approach made clear 
for the first time what “programming” means, curiously enough at a time when no 
computer had yet been built. 

The computer model



The first electronic computing devices were developed in the 1930s and °40s. 
Since then, “computation-with-the-computer” has been regarded as computability 
itself. However the first engineers developing computers were for the most part 
unaware of Turing’s or Church’s research. KonradZuse, for example, developed in 
Berlin between 1938 and 1944 the computing machines Z1 and Z3 which were 
programmable but not universal, because they could not reach the whole space of the 
computable functions. Zuse’s machines were able to process a sequence of 
instructions but could not iterate. Other computers of the time, like the Mark I built at 
Harvard, could iterate a constant number of times but were incapable of executing 
open-ended iterations (WHILE loops). Therefore the Mark I could compute the 
primitive but not the general recursive functions. Also the ENIAC, which is usually 
hailed as the world’s first electronic computer, was incapable of dealing with open- 
ended loops, since iterations were determined by specific connections between 
modules of the machine. It seems that the first universal computer was the Mark J 
built in Manchester. This machine was able to cover all computable functions by 
making use of conditional branching and self-modifying programs, which is one 
possible way of implementing indexed addressing. 

Cellular automata 

The history of the development of the first mechanical and electronic 
computing devices shows how difficult it was to reach a consensus on the 
architecture of universal computers. Aspects such as the economy or the 
dependability of the building blocks played a role in the discussion, but the main 
problem was the definition of the minimal architecture needed for universality. In 
machines like the Mark I and the ENIAC there was no clear separation between 
memory and processor, and both functional elements were intertwined. Some 
machines still worked with base 10 and not 2, some were sequential and others 
parallel. 

John von Neumann, who played a major role in defining the architecture of 
sequential machines, analyzed at that time a new computational model which he 
called cellular automata. Such automata operate in a “computing space” in which all 
data can be processed simultaneously. The main problem for cellular automata is 
communication and coordination between all the computing cells [4]. This can be 
guaranteed through certain algorithms and conventions. It is not difficult to show that 
all computable functions, in the sense of Turing, can also be computed with cellular 
automata, even of the one-dimensional type, possessing only a few states. Turing 
himself considered this kind of computing model at one point in his career. 

Cellular automataas computing model resemble massively parallel multi- 
processor systems of the kind that has attracted considerable interest recently. 

The biological model (neural networks)



The explanation of important aspects of the physiology of neurons set the stage 
for the formulation of artificial neural network models which do not operate 

sequentially, as Turing machines do. Neural networks have a_ hierarchical 
multilayered structure which sets them apart from cellular automata, so that 
information is transmitted not only to the immediate neighbors but also to more 
distant units. In artificial neural networks one can connect each unit to any other. In 
contrast to conventional computers, no program is handed over to the hardware — 

such a program has to be created, that is, the free parameters of the network have to 

be found adaptively. 

Although neural networks and cellular automataare potentially more efficient 
than conventional computers in certain application areas, at the time of their 

conception they were not yet ready to take center stage. The necessary theory for 

harnessing the dynamics of complex parallel systems is still being developed right 

before our eyes. In the meantime, conventional computer technology has made great 

strides. 

There is no better illustration for the simultaneous and related emergence of 
these various computability models than the life and work of John von Neumann 
himself. He participated in the definition and development of at least three of these 
models: in the architecture of sequential computers, the theory of cellular 
automataand the first neural network models. He also collaborated with Church and 

Turing in Princeton. 

Artificial neural networks have, as initial motivation, the structure of biological 
systems, and constitute an alternative computability paradigm. For that reason we 
will review some aspects of the way in which biological systems perform information 
processing. The fascination which still pervades this research field has much to do 
with the points of contact with the surprisingly elegant methods used by neurons in 
order to process information at the cellular level. Several million years of evolution 

have led to very sophisticated solutions to the problem of dealing with an uncertain 
environment. In this chapter we will discuss some elements of these strategies in 
order to determine what features we want to adopt in our abstract models of neural 
networks. 

1.1.3 Elements of a computing model 

What are the elementary components of any conceivable computing model? In 
the theory of general recursive functions, for example, it is possible to reduce any 
computable function to some composition rules and a small set of primitive functions. 
For a universal computer, we ask about the existence of a minimal and sufficient 
instruction set. For an arbitrary computing model the following metaphoric 
expression has been proposed: 
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Computation=storage+transmission+processing. 

The mechanical computation of a function presupposes that these three 
elements are present, that is, that data can be stored, communicated to the functional 

units of the model and transformed. It is implicitly assumed that a certain coding of 
the data has been agreed upon. Coding plays an important role in information 

processing because, as Claude Shannon showed in 1948, when noise is present 
information can still be transmitted without loss, if the right code with the right 
amount of redundancy is chosen. 

Modern computers transform storage of information into a form of information 
transmission. Static memory chips store a bit as a circulating current until the bit is 

read. Turing machines store information in an infinite tape, whereas transmission is 
performed by the read-write head. Cellular automata store information in each cell, 
which at the same time is a small processor. 

1.2 Networks of neurons 

In biological neural networks information is stored at the contact points 
between different neurons, the so-called synapses. Later we will discuss what role 
these elements play for the storage, transmission, and processing of information. 

Other forms of storage are also known, because neurons are themselves complex 
systems of self-organizing signaling. In the next few pages we cannot do justice to 

all this complexity, but we analyze the most salient features and, with the metaphoric 
expression given above in mind, we will ask: how do neurons compute? 

1.2.1 Structure of the neurons 

Nervous systems possess global architectures of variable complexity, but all 
are composed of similar building blocks, the neural cells or neurons. 

is 

Figurel.1-Atypicalmotorneuron



They can perform different functions, which in turn leads to a very variable 
morphology. If we analyze the human cortex under a microscope, we can find several 
different types of neurons. Although the neurons have very different forms, it is 
possible to recognize a hierarchical structure of six different layers. Each one has 
specific functional characteristics. Sensory signals, for example, are transmitted 
directly to the fourth layer and from there processing is taken over by other layers. 

Neurons receive signals and produce a response. The general structure of a 
generic neuron is shown in Figure 1.1.The branches to the left are the transmission . 
channels for incoming information and are called dendrites. Dendrites receive the 
signals at the contact regions with other cells, the synapses mentioned already. 
Organelles in the body of the cell produce all necessary chemicals for the 
continuous working of the neuron. The mitochondria, visible in Figure 1.3, can be 
thought of as part of the energy supply of the cell, since they produce chemicals 
which are consumed by other cell structures. The out- put signals are transmitted by 
the axon, of which each cell has at most one. Some cells do not have an axon, 
because their task is only to set some cells in contact with others (in the retina, for 
example). 

These four elements, dendrites, synapses, cell body, and axon, are the minimal 
structure we will adopt from the biological model. Artificial neurons for computing 
will have input channels, a cell body and an output channel. Synapses will be 
simulated by contact points between the cell body and input or output connections; a 
weight will be associated with these points. 

1.2.2 Transmission of information 

The fundamental problem of any information processing system is the 
transmission of information, as data storage can be transformed into a recurrent 
transmission of information between two points [5]. 

Biologists have known for more than 100 years that neurons transmit 
information using electrical signals. Because we are dealing with biological 
structures, this cannot be done by simple electronic transport as in metallic cables. 
Evolution arrived at another solution involving ions and semipermeable membranes. 

Our body consists mainly of water, 55% of which is contained within the cells 
and 45% forming its environment. The cells preserve their identity and biological 
components by enclosing the protoplasm in a membrane made of a double layer of 
molecules that form a diffusion barrier. Some salts, present in our body, dissolve in 
the intracellular and extracellular fluid and dissociate into negative and positive ions. 
Sodium chloride, for example, dissociates into positive sodium ions (Na’ )and 
negative chlorine ions (CI). Other positive ions present in the interior or exterior of 
the cells are potassium (K* )and calcium (Ca** ). The membranes of the cells exhibit 
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different degrees of permeability for each one of these ions. The permeability is 
determined by the number and size of pores in the membrane, the so-called ionic 
channels. These are macromolecules with forms and charges which allow only certain 
ions to go from one side of the cell membrane to the other. Channels are selectively 
permeable to sodium, potassium or calcium ions. The specific permeability of the 
membrane leads to different distributions of ions in the interior and the exterior of the 
cells and this, in turn, to the interior of neurons being negatively charged with respect 
to the extracellular fluid. 

membrane 
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Figure 1 .2-Diffusionofionsthroughamembrane 

Figure 1.2 illustrates this phenomenon. A box is divided into two parts 
separated by a membrane permeable only to positive ions. Initially the same number 
of positive and negative ions is located in the right side of the box. Later, some 
positive ions move from the right to the left through the pores in the membrane. This 
occurs because atoms and molecules have a thermodynamically tendency to distribute 
homogeneously in space by the process called diffusion. The process continues until 
the electrostatic repulsion from the positive ions on the left side balances the 
diffusion potential. A potential difference, called the reversal potential, is established 

and the system behaves like a small electric battery. In a cell, if the initial 
concentration of potassium ions in its interior is greater than in its exterior, positive 
potassium ions will diffuse through the open potassium-selective channels. If these 
are the only ionic channels, negative ions cannot disperse through the membrane. The 
interior of the cell becomes negatively charged with respect to the exterior, creating a 
potential difference between both sides of the membrane. This balances the diffusion 
potential, and, at some point, the net flow of potassium ions through the membrane 
falls to zero. The system reaches a steady state. The potential difference E for one 
kind of ion is given by the Nernst formula 

E = k(In(c,) — In(c;)) 

where ci is the concentration inside the cell, co the concentration in the extra cellular 

fluid and k is a proportionality constant. For potassium ions the equilibrium potential 
is —80 mV. 
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Because there are several different concentrations of ions inside and outside of 

the cell, the question is what the potential difference which is finally is reached. The 

exact potential in the interior of the cell depends on the mixture of concentrations. A 

typical cell’s potential is —70 mV, which is produced mainly by the ion 

concentrations shown in Figure 1.3 (A— designates negatively charged biomolecules). 

The two main ions in the cell are sodium and potassium. Equilibrium potential for 

sodium liesaround 58 mV. The cell reaches a potential between —80 mV and 58 mV. 

The cell’s equilibrium potential is nearer to the value induced by potassium, because ~ 

the permeability of the membrane to potassium is greater than to sodium. There is a 

net outflow of potassium ions at this potential and a net inflow of sodium ions. 

However, the sodium ions are less mobile because fewer open channels are available. 

In the steady state the cell membrane experiences two currents of ions trying to reach 

their individual equilibrium potential. An ion pump guarantees that the concentration 

of ions does not change with time. 

intracellular fluid extracellular fluid 

(concentration in mM) (concentration in mM) 

Kt 5 

Nat 120 

Cr 125 

AT 0 

Figure1 .3-Ion concentrations inside and outside a cell 

The British scientists Alan Hodgkin and Andrew Huxley were able to show 
that it is possible to build an electric model of the cell membrane based on very 
simple assumptions. The membrane behaves as a capacitor made of two isolated 

layers of lipids. It can be charged with positive or negative ions. The different 
concentrations of several classes of ions in the interior and exterior of the cell provide 
an energy source capable of negatively polarizing the interior of the cell. Figure 1.4 

shows a diagram of the model proposed by Hodgkin and Huxley. The specific 

permeability of the membrane for each class of ion can be modelled like a 
conductance (the reciprocal of resistance)



environment 

f 

Bx gy 2 84, 

capacity ofthe ||, 
cellmembrane ——= 

Cm ==[- Yeo Ls Vic = Ves — 

& 

cell's interior 

Figure 1.4-The Hodgkin—Huxley model of a cell membrane 

The electric model is a simplification, because there are other classes of ions 
and electrically charged proteins present in the cell. In the model, three ions compete 
to create a potential difference between the interior and exterior of the cell. The 
conductance gna, gx, and g, reflect the permeability of the membrane to 
sodium, potassium, and leakages, i.e., the number of open channels of each class. 
A signal can be produced by modifying the polarity of the cell through changes in the 
conductance gy,andgx. By making gy, larger and the mobility of sodium ions greater 
than the mobility of potassium ions, the polarity of the cell changes from —70 mV to a 
positive value, nearer to the 58 mV at which sodium ions reach equilibrium. If the 
conductance gx then becomes larger and gn, falls back to its original value, the 
interior of the cell becomes negative again, overshooting in fact by going below —70 
mV. To generate a signal, a mechanism for depolarizing and polarizing the cell in a 
controlled way is necessary. 

The conductance and resistance of a cell membrane in relation to the different 
classes of ions depends on its permeability. This can be controlled by opening or 
closing excitable ionic channels. In addition to the static ionic channels already 
mentioned, there is another class which can be electrically controlled. These channels 
react to a depolarization of the cell membrane. When this happens, that is, when 
the potential of the interior of the cell in relation to the exterior reaches a threshold, 
the sodium-selective channels open automatically and positive sodium ions flow 
into the cell making its interior positive. This in turn leads to the opening of the 
potassium-selective channels and positive potassium ions flow to the exterior of the 
cell, restoring the original negative polarization. 

Figure 1.5 shows a diagram of an electrically controlled sodium-selective 
channel which lets only sodium ions flow across. This effect is produced by the small 
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aperture in the middle of the channel which is negatively charged (at time t = 1). If 

the interior of the cell becomes positive relative to the exterior, some negative 

charges are displaced in the channel and this produces the opening of a gate (t = 2). 

Sodium ions flow through the channel and into the cell. After a short time the second 

gate is closed and the ionic channel is sealed (t = 3). The opening of the channel 

corresponds to a change of membrane conductivity as explained above. 
environment 
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Figurel .5-Electrically controlled ionic channels 

Static and electrically controlled ionic channels are not only found in neurons. 

As in any electrical system there are charge losses which have to be continuously 

balanced. A sodium ion pump (Figure 1.6) transports the excess of sodium ions out 

of the cell and, at the same time, potassium ions into its interior. The ion pump 

consumes adenosine triphosphate (ATP), a substance produced by the mitochondria, 

helping to stabilize the polarization potential of -70 mV. The ion pump is an example 

of a self-regulating system, because it is accelerated or decelerated by the differences 

in ion concentrations on both sides of the membrane. Ion pumps are constantly active 

and account for a considerable part of the energy requirements of the nervous system. 

Neural signals are produced and transmitted at the cell membrane. The signals 

are represented by depolarization waves traveling through the axons in a self- 

regenerating manner. Figure 1.7 shows the form of such a depolarization wave, 

called an action potential. The x-dimension is shown horizontally and the diagram 

shows the instantaneous potential in each segment of the axon. 

An action potential is produced by an initial depolarization of the cell 

membrane. The potential increases from -70 mV up to +40 mV. After some time the 

membrane potential becomes negative again but it overshoots, going 
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Figure1.6-Sodium and potassium ion pump 

as low as —80 mV. The cell recovers gradually and the cell membrane returns to the 
initial potential. The switching time of the neurons is determined, as in any resistor- 
capacitor configuration, by the RC constant. In neurons, 2.4 milliseconds is a typical 

value for this constant. 

+ 40- 
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Figurel.7-Typical form of the action potential 

Figure 1.8showsanaction potential traveling through an axon. A_ local 
perturbation, produced by the signals arriving at the dendrites, leads to the opening of 
the sodium-selective channels in a certain region of the cell membrane. The 

membrane is thus depolarized and positive sodium ions flow into the cell, After 
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ashort delay, the outward flow of potassium ions compensates the depolarization of 

the membrane. Both perturbations — the opening of the sodium and potassium- 

selective channels — are transmitted through the axon like falling dominos. In the 

entire process only local energy is consumed, that is, only the energy stored in the 

polarized membrane itself. The action potential is thus a wave of Nat permeability 

increase followed by a wave of K+ permeability increase. It is easy to see that 

charged particles only move a short distance in the direction of the perturbation, only 

as much as is necessary to perturb the next channels and bring the next “domino” to 

fall. 

Figure 1.8also shows how impulse trainsare produced in the cells. After a 

signal is produceda new one follows. Each neural signal is an all-or-nothing self- 

propagating regenerative event as each signal has the same form and amplitude. At 

this level we can safely speak about digital transmission of information. 
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With this picture of the way an action potential is generated in mind, it is easy to 
understand the celebrated Hodgkin—Huxley differential equation which describes the 

instantaneous variation of the cell’s potential V as a function of the conductance of 
sodium, potassium and leakages (gna, 8x, gL) and of the equilibrium potentials for all 

three groups of ions called Vy,, Vgand V_ with respect to the current potential: 

ae =— CU - Gna — Vna) — 9k V — Vx) — 91. — Vi) 
m 

In this equation Cm __is the capacitance of the cell membrane. The terms —Vyg , 
V —Vx,V —V;,are the electromotive forces acting on the ions. Any variation of the 

conductance translates into a corresponding variation of the cell’s potential V. The 
variations of gyaandgxare given by differential equations which describe their 

oscillations. The conductance of the leakages, g,, can be taken as a constant. 
A neuron codes its level of activity by adjusting the frequency of the generated 

impulses. This frequency is greater for a greater stimulus. In some cells the mapping 

from stimulus to frequency is linear in a certain interval. This means that information 
is transmitted from cell to cell using what engineers call frequency modulation. This 

form of transmission helps to increase the accuracy of the signal and to minimize the 
energy consumption of the cells. 

1.2.3 Information processing at the neurons and synapses 

Neurons transmit information using action potentials. The processing of this 
information involves a combination of electrical and chemical processes, regulated 
for the most part at the interface between neurons, the synapses. 

Neurons transmit information not only by electrical perturbations. Although 

electrical synapses are also known, most synapses make use of chemical signalling. 
Figure 1.9 is a classical diagram of a typical synapse. The synapse appears as a 
thickening of the axon. The small vacuoles in the interior, the synaptic vesicles, 
contain chemical transmitters. The small gap between a synapse and the cell to which 
it is attached is known as the synaptic gap. 

When an electric impulse arrives at a synapse, the synaptic vesicles fuse with 

the cell membrane (Figure 1.9). The transmitters flow into the synaptic gap and some 
attach themselves to the ionic channels, as in our example. If the transmitter is of the 

right kind, the ionic channels are opened and more ions can now flow from the 
exterior to the interior of the cell. The cell’s potential is altered in this way. If the 
potential in the interior of the cell is increased, this helps prepare an action potential 

and the synapse causes an excitation of the cell. If negative ions are transported into 

the cell, the probability of starting an action potential is decreased for some time and 

we are dealing with an inhibitory synapse. 
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Synapses determine a direction for the transmission of information. Signals flow from 

one cell to the other in a well-defined manner. This will be expressed in artificial 

neural networks models by embedding the computing elements in a directed graph. 
A well-defined direction of information flow is a basic element in every computing 
model, and is implemented in digital systems by using diodes and directional 

amplifiers. 
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Figurel.9-Chemical signalling at the synapse 

The interplay between electrical transmission of information in the cell and 
chemical transmission between cells is the basis for neural information processing. 
Cells process information by integrating incoming signals and by reacting to 
inhibition. The flow of transmitters from an excitatory synapse leads to a 

depolarization of the attached cell. The depolarization must exceed a threshold, that 
is, enough ionic channels have to be opened in order to produce an action 
potential. This can be achieved by several pulses arriving simultaneously or within a 
short time interval at the cell. If the quantity of transmitters reaches a certain level 
and enough ionic channels are triggered, the cell reaches its activation threshold. At 
this moment an action potential is generated at the axon of this cell [24]. 

In most neurons, action potentials are produced at the so-called axon hillock, 
the part of the axon nearest to the cell body. In this region of the cell, the number of 

ionic channels is larger and the cell’s threshold lowers. The dendrites collect the 

electrical signal which is then transmitted electronically, that is through the cytoplasm 
[19]. The transmission of information at the dendrites makes use of additional 

electrical effects. Streams of ions are collected at the dendrites and brought to the 

axon hillock. There is spatial summation of information when signals coming from 

different dendrites are collected and temporal summation when signals arriving 

consecutively are combined to produce a single reaction. In some neurons not only 
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the axon hillock but also the dendrites can produce action potentials. In this case in- 

formation processing at the cell is more complex than in the standard case. 

It can be shown that digital signals combined in an excitatory or inhibitory way 

can be used to implement any desired logical function. The number of computing 

units required can be reduced if the information is not only transmitted but also 

weighted. This can be achieved by multiplying the signal by a constant. Such is the 

kind of processing we find at the synapses. Each signal is an all-or-none event but the 

number of ionic channels triggered by the signal is different from synapse to synapse. 

It can happen that a single synapse can push a cell to fire an action potential, but 

other synapses can achieve this only by simultaneously exciting the cell. With 

each synapse i (1 <i <n) we can therefore associate a numerical weight wi. If all 

synapses are activated at the same time, the information which will be transmitted is 

w, + w2+°-->+w,. If this value is greater than the cell’s threshold, the cell will fire 

a pulse. 

It follows from this description that neurons process information at the 

membrane. The membrane regulates both transmission and processing of 

information. Summation of signals and comparison with a threshold is a combined 

effect of the membrane and the cytoplasm. Ifa pulse is generated, it is transmitted 

and the synapses set some transmitter molecules free. From this description an 

abstract neuron can be modeled which contains dendrites, a cell body and an axon. 

The same three elements will be present in our artificial computing units. 

1.2.4 Storage of information — learning 

In neural networks information is stored at the synapses. Some other forms of 

information storage may be present, but they are either still unknown or not very well 

understood. 

A synapse’s efficiency in eliciting the depolarization of the contacted cell can 

be increased if more ionic channels are opened. In recent years NMDA receptors 

have been studied because they exhibit some properties which could help explain 

some forms of learning in neurons [21]. 

NMDA receptors are ionic channels permeable for different kinds of 
molecules, like sodium, calcium, or potassium ions. These channels are blocked by a 

magnesium ion in such a way that the permeability for sodium and calcium is low. If 

the cell is brought up to a certain excitation level, the ionic channels lose the 

magnesium ion and become unblocked. The permeability for Ca’* ions increases 

immediately. Through the flow of calcium ions a chain of reactions is started which 

produces a durable change of the threshold level of the cell. 
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NMDA receptors are just one of the mechanisms used by neurons to 

increase their plasticity, i.e., their adaptability to changing circumstances. Through 

the modification of the membrane’s permeability a cell can be trained to fire more 
often by setting a lower firing threshold. NMDA receptors also offer an explanation 

for the observed phenomenon that cells which are not stimulated to fire tend to set a 
higher firing threshold. The stored information must be refreshed periodically in 

order to maintain the optimal permeability of the cell membrane. 

This kind of information storage is also used in artificial neural networks. 
Synaptic efficiency can be modeledas a property of the edges of the network. The 
networks of neurons are thus connected through edges with different transmission 

efficiencies. Information flowing through the edges is multiplied by a constant which 

reflects their efficiency. One of the most popular learning algorithms for artificial 

neural networks is Hebbian learning. The efficiency of synapses is increased any 
time the two cells which are connected through this synapse fire simultaneously and 
is decreased when the firing states of the two cells are uncorrelated. The NMDA 
receptors act as coincidence detectors of presynaptic and postsynaptic activity, which 

in turn leads to greater synaptic efficiency. 

1.2.5 The neuron — a self-organizing system 

The short review of the properties of biological neurons in the previous 

sections is necessarily incomplete and can offer only a rough description of the 
mechanisms and processes by which neurons deal with information. Nerve cells are 
very complex self-organizing systems which have evolved in the course of millions 
of years. How were these exquisitely fine-tuned information processing organs 

developed? Where do we find the evolutionary origin of consciousness? 

The information processing capabilities of neurons depend essentially on the 
characteristics of the cell membrane. Ionic channels appeared very early in evolution 
to allow unicellular organisms to get some kind of feedback from the environment. 
Consider the case of a paramecium, a protozoan with cilia, which are hair like 
processes which provide it with locomotion. A paramecium has a membrane cell with 
ionic channels and its normal state is one in which the interior of the cell is negative 
with respect to the exterior. In this state the ciliaaround the membrane beat 

rhythmically and propel the paramecium forward. If an obstacle is encountered, some 

ionic channels sensitive to contact open, let ions into the cell, and depolarize it. The 
depolarization of the cell leads in turn to a reversing of the beating direction of the 
ciliaand the paramecium swims backward for a short time. After the cytoplasm 
returns to its normal state, the paramecium swims forward, changing its direction of 

movement. If the paramecium is touched from behind, the opening of ionic channels 
leads to a forward acceleration of the protozoan. In each case, the paramecium 
escapes its enemies. 
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From these humble origins, ionic channels in neurons have been perfected over 
millions of years of evolution. In the protoplasm of the cell, ionic channels are 

produced and replaced continually. They attach themselves to those regions of the 
neurons where they are needed and can move laterally in the membrane, like icebergs 
in the sea. The regions of increased neural sensitivity to the production of action 
potentials are thus changing continuously according to experience. The electrical 
properties of the cell membrane are not totally predetermined. They are also a result 
of the process by which action potentials are generated. 

Consider also the interior of the neurons. The number of biochemical reaction 
chains and the complexity of the mechanical processes occurring in the neuron at any 
given time have led some authors to look for its control system. Stuart Hameroff, for 
example, has proposed that the cytoskeleton of neurons does not just perform a static 

mechanical function, but in some way provides the cell with feedback control. It is 
well known that the proteins that form the microtubules in axons coordinate to move 
synaptic vesicles and other materials from the cell body to the synapses. This is 
accomplished through a coordinated movement of the proteins, configured like a 
cellular automaton. 

Consequently, transmission, , storage, and processing of information are 

performed by neurons exploiting many effects and mechanisms which we still do not 
understand fully. Each individual neuron is as complex as or more complex than any 
of our computers. For this reason, we will call the elementary components of artificial 
neural networks simply “computing units” and not neurons. In the mid-1980s, the 
PDP (Parallel Distributed Processing) group already agreed to this convention at the 
insistence of Francis Crick. 

1.3 Artificial neural networks 

The discussion in the last section is only an example of how important it is to 
define the primitive functions and composition rules of the computational model. If 
we are computing with a conventional von Neumann processor, a minimal set of 

machine instructions is needed in order to implement all computable functions. In the 
case of artificial neural networks, the primitive functions are located in the nodes of 
the network and the composition rules are contained implicitly in the interconnection 

pattern of the nodes, in the synchrony or asynchrony of the transmission of 
information, and in the presence or absence of cycles. 

1.3.1 Networks of primitive functions 

Figure 1.10 shows the structure of an abstract neuron with n inputs. Each input 
channel i can transmit a real value x;. The primitive function f computed in the body 
of the abstract neuron can be selected arbitrarily. Usually the inputs channels have an 

associated weight, which means that the incoming information xi is multiplied by the 
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corresponding weight w;. The transmitted information is integrated at the neuron 
(usually just by adding the different signals) and the primitive function is then 

evaluated. 
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Figure 1.1 0-Anabstract neuron 

If we conceive of each node in an artificial neural network as a primitive 
function capable of transforming its input in a precisely defined output, then artificial 
neural networks are nothing but networks of primitive functions. Different models of 
artificial neural networks differ mainly in the assumptions about the primitive 

functions used, the interconnection pattern, and the timing of the transmission of 

information [23]. 

® (x, y, 2) 

Figure1.11-Functional model of an artificial neural network 

Typical artificial neural networks have the structure shown in Figure 1.11. The 
network can be thought of as a function ® which is evaluated at the point (x, y, and 
z). The nodes implement the primitive functions fl, f2, £3, f4 which are combined to 

produce ®. The function ® implemented by a neural net- work will be called the 
network function. Different selections of the weights a), a2,..., a5 produce 
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different network functions. Therefore, tree elements are particularly important in 

any model of artificial neural networks: 

° The structure of the nodes, 

° The topology of the network, 

° The learning algorithm used to find the weights of the network. 

1.3.3 Caveat 

At this point we must issue a warning to the reader: in the theory of artificial 

neural networks we do not consider the whole complexity of real biological neurons. 

We only abstract some general principles and content ourselves with different levels 

of detail when simulating neural ensembles. The general approach is to conceive 

each neuron as a primitive function producing numerical results at some points in 

time. These will be the kinds of model that we will discuss in the first chapters of this 

book. However we can also think of artificial neurons as computing units which 

produce pulse trains in the way that biological neurons do. We can then simulate this 

behaviorand look at the output of simple networks. This kind of approach, although 

more closely related to the biological paradigm, is still a very rough approximation of 

the biological processes. We will deal with asynchronous and spiking neurons in later 

chapters [18]. 

1.4 Historical and bibliographical remarks-1 

Philosophical reflection on consciousness and the organ in which it could 

possibly be localized spans a period of more than two thousand years. Greek 

philosophers were among the first to speculate about the location of thesoul. Several 

theories were held by the various philosophical schools of ancient times. Galenus, for 

example, identified nerve impulses with pneumatic pressure signals and conceived 

the nervous system as a pneumatic machine. Several centuries later Newton 

speculated that nerves transmitted oscillations of the ether. 

Our present knowledge of the structure and physiology of neurons is theresult 

of 100 years of special research in this field. The facts presented in this chapter were 

discovered between 1850 and 1950, with the exception of the NMDA receptors 

which were studied mainly in the last decade. The electrical nature of nerve impulses 

was postulated around 1850 by Emil du BoisReymondand Hermann von Helmholtz. 

The latter was able to measure the velocity of nerve impulses and showed that it was 

not as fast as was previously thought. Signals can be transmitted in both directions of 

an axon, but around 1901 Santiago Ramon y Cajal postulated that the specific 

networking of the nervous cells determines a direction for the transmission of 

information. This discovery made it clear that the coupling of the neurons constitutes 

a hierarchical system. 
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Ramon y Cajal was also the most celebrated advocate of the neuron theory. 

His supporters conceived the brain as a highly differentiated hierarchical organ, while 

the supporters of the reticular theory thought of the brain as a grid of undifferentiated 

axons and of dendrites as organs for the nutrition of the cell. Ramon y Cajal perfected 

Golgi’s staining method and published the best diagrams of neurons of his time, so 

well indeed that they are still in use. The word neuron (Greek for nerve) was 

proposed by the Berlin Professor Wilhelm Waldegerafter he saw the preparations of 

Ramon y Cajal. 

The chemical transmission of information at the synapses was studied from 

1920 to 1940. From 1949 to 1956, Hodgkin and Huxley explained the mechanism by 

which depolarization waves are produced in the cell membrane. By experimenting 

with the giant axon of the squid they measured and explained the exchange of ions 

through the cell membrane, which in time led to the now famous Hodgkin—Huxley 

differential equations. For a mathematical treatment of this system of equations see. 

The Hodgkin—Huxley model was in some ways one of the first artificial neural 

models, because the postulated dynamics of the nerve impulses could be simulated 

with simple electric networks. At the same time the mathematical properties of 

artificial neural networks were being studied by researchers like Warren McCulloch, 

Walter Pitts, and John von Neumann. Ever since that time, research in the 

neurobiological field has progressed in close collaboration with the mathematics and 

computer science community. 

1.5 Networks of functions 

Simplest kind of computing units used to build artificial neural networks are a 

generalization of the common logic gates used in conventional computing and, since 

they operate by comparing their total input with a threshold, this field of research is 

known as threshold logic. 

1.5.1 Feed-forward and recurrent networks 

Artificial neural networks are used in many cases as a black box :a certain 

input should produce a desired output, but how the network achieves this result is left 

to a self-organizing process. 

xy et 

Figure 1.12-Aneural networkasablackbox 
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In general we are interestedin mapping an n-dimensional real input 

(X),Xo9-+sXp) toanm-dimensionalrealoutput(y,,yo)--:Ym)- Aneural network thus 

behaves as a “mapping machine”. If we look at the structure of the network being 

used, some aspects of its dynamics must be defined more precisely. When the 

function is evaluated with a network of primitive functions, information flows 

through the directed edges of the network. Some nodes compute values which are 

then transmitted as arguments for new computations. If there are no cycles in the 

network, the result of the whole computation is well-defined and we do not have to | 

deal with the task of synchronizing the computing units. We just assume that the 

computations take place without delay. 
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Figure1.13-Function Composition 

If the network contains cycles, however, the computation is not uniquely 

defined by the interconnection pattern and the temporal dimension must be 

considered. When the output of a unit is fed back to the same unit, we are dealing 

with a recursive computation without an explicit halting condition. We must define 

what we expect from the network: is the fixed point of the recursive evaluation the 

desired result or one of the intermediate computations? To solve this problem we 

assume that every computation takes a certain amount of time at each node (for 

example a time unit). If the arguments for a unit have been transmitted at time t, its 

output will be produced at time t + 1. A recursive computation can be stopped after a 

certain number of steps and the last computed output taken as the result of the 

recursive computation. 

x 

— Fes f Cts FOX 2 ee eee) 

Figure1.14-Recursive ev aluation 
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1.5.2 The computing units 

The nodes of the networks we consider will be called computing elements or 
simply units. We assume that the edges of the network transmit information in a 
predetermined direction and the number of incoming edges into a node is not 
restricted by some upper bound. This is called the unlimited fan-in property of our 
computing units [26]. 

x2 —» F(X] ,X2,..-,Xy,) 

Figure] .15-Evaluation of a function of n arguments 

The primitive function computed at each node is in general a function of n 
arguments. Normally, however, we try to use very simple primitive functions of one 
argument at the nodes. This means that the incoming n arguments have to be reduced 
to a single numerical value. Therefore computing units are split into two functional 
parts: an integration function g reduces the n arguments to a single value and the 
output or activation function f produces the output of this node taking that single 
value as its argument. Figure 1.16 shows this general structure of the computing 
units. Usually the integration function g is the addition function. 
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Figure1.16-Generic computing unit 

McCulloch-Pitts networks are even simpler than this, because they use solely 
binary signals, i.e., ones or zeros. The nodes produce only binary results and the 
edges transmit exclusively ones or zeros. The networks are composed of directed 
unweighted edges of excitatory or of inhibitory type. The latter are marked in 
diagrams using a small circle attached to the end of the edge. Each McCulloch—Pitts 
unit is also provided with a certain threshold value 8. , 
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At first sight the McCulloch-Pitts model seems very limited, since only binary 

information can be produced and transmitted, but it already contains all necessary 

features to implement the more complex models. Figure 1.17 shows an abstract 

McCulloch—Pitts computing unit. Following Minsky it will be represented as a circle 

with a black half. Incoming edges arrive at the white half; outgoing edges leave from 

the black half. Outgoing edges can fan out any number of times. 

x| 

Figurel .17-Diagram of a McCulloch-Pitts unit 

The rule for evaluating the input to a McCulloch-Pitts unit is the following: 

Assume that a McCulloch—Pitts unit gets an input x1, X2,..., X, through 

n excitatory edges and an input y, , y2, . .- , ¥m through m inhibitory edges. 

If m > 1 and at least one of the signals yj, y2,....¥m is 1, the unit is inhibited 

and the result of the computation is 0. 

Otherwise the total excitation x = x; + X, +: : - +X, is computed and compared 

with the threshold 0 of the unit (if n = 0 then x = 0). If x > 0 the unit fires al, ifx <0 

the result of the computation is 0. 

This rule implies that a McCulloch-Pitts unit can be inactivated by a single 

inhibitory signal, as is the case with some real neurons. When no inhibitory signals 

are present, the units act as a threshold gate capable of implementing many other 

logical functions of n arguments. 

Figure 1.18 shows the activation function of a unit, the so-called step function. 

This function changes discontinuously from zero to one at 8. When 0 is zero and no 

inhibitory signals are present, we have the case of a unit producing the constant 

output one. If @ is greater than the number of incoming excitatory edges, the unit will 

never fire [16]. 
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Figure1.18-The step function with threshold 0 

In the following subsection we assume provisionally that there is no delay in 
the computation of the output. 

1.6 Synthesis of Boolean functions 

The power of threshold gates of the McCulloch—Pitts type can be illustrated by 

showing how to synthesize any given logical function of n arguments. We deal firstly 
with the more simple kind of logic gates. 

1.6.1 Conjunction, disjunction, negation 

Mappings from {0,1}" onto {0,1} are called logical or Boolean functions. 
Simple logical functions can be implemented directly with a single McCulloch— Pitts 
unit. The output value 1 can be associated with the logical value true and 0 with the 
logical value false. It is straightforward to verify that the two units of Figure 1.19 
compute the functions AND and OR respectively. 

AND OR 

x] | 
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Figure1.19-Implementation of AND and OR gates 
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A single unit can compute the disjunction or the conjunction of n arguments as is 
shown in Figure 1.20, where the conjunction of three and four arguments is computed 
by two units. The same kind of computation requires several conventional logic gates 
with two inputs. It should be clear from this simple example that threshold logic 
elements can reduce the complexity of the circuit used to implement a given logical 
function. 

AND OR 
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Figure1.20-Generalized AND and OR gates 

As is well known, AND and OR gates alone cannot be combined to produce all 

logical functions of n variables. Since uninhibited threshold logic elements are 
capable of implementing more general functions than conventional AND or OR 
gates, the question of whether they can be combined to produce all logical functions 
arises. Stated another way: is inhibition of McCulloch—Pitts units necessary or can it 
be dispensed with? The following proposition shows that it is necessary. A 
monotonic logical function f of n arguments is one whose value at two given n- 
dimensional points x = (x;,..., X,) and y=(y;,..., Yn) is such that f(x) > f(y) 
whenever the number of ones in the input y is a subset of the ones in the input x. 

An example of a non-monotonic logical function of one argument is logical negation 
[2]. 

Proposition 1. Uninhibited threshold logic elements of the McCulloch—Pitts type can 
only implement monotonic logical functions. 

Proof.An example shows the kind of argumentation needed. Assume that the input 
vector (1, 1, ..., 1) is assigned the function value 0. Since no other vector can set 

more edges in the network to | than this vector does, any other input vector can also 

only be evaluated to 0. In general, if the ones in the input vector y are a subset of the 

ones in the input vector x, then the first cannot set more edges to | than x does. This 

implies that f (x) > f(y), as had to be shown. 
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x, AND 722 NOR NOT 

Figure 1.21-Logical functions and their realization 

The units of Figure 1.21 show the implementation of some non-monotonic logical 
functions requiring inhibitory connections. Logical negation, for example, can be 
computed using a McCulloch-Pitts unit with threshold 0 and an inhibitory edge. The 
other two functions can be verified by the reader. 
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Figure 1.22-Function values of a logical function of three variables 
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Figure] .23-Separation of the input space for the OR function 
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1.6.2 Geometric interpretation 

It is very instructive to visualize the kind with in . of functions that can be 
wi pec uloch es cells by using a diagram. Figure 1.22 shows the wight vertices 

of a three dimensio Punt cube. Each of the three logical variables x,, x.and x3; can 

a eevented by the v poss .. inary values. There are eight possible combinations 
eee ctth es of the cube. A logical function is just an assignment of 0 

ch of the vertices. The figure shows one of these assignments. In the case 

of n variables, the cube consists of 2° i i " cosignments vertices and admits 2? different binary 

McCulloch—Pitts units divide the i i input space into two half- 

input (x1, X2, x3 ) and a threshold 6 the condition x; + x2 i ois ror 1 eh 

i ie for all points to one side of the plane with the equation x, + X2 + % i 

alse for all points to the other side (without including the plane itself i “this an 

Figure 1.23 shows this separation for the case in which 0 = 1, ie ‘for the OR 5 1.¢., € 

function. Only those vertices above the separating plane are labeled 1 

xX 

a / 
XxX 

3 x + yy +43 = ] 

Figure l _24-Separating planes of the OR and majority functions 

n of three variables divides input space in a similar 

ane is given by the equation x; +X, +x3 = 2. Figure 

lane. The planes are always parallel in the case of 

[lel separating planes can only be produced using 

The majority functio 

manner, but the separating pl 

1.24 shows the additional p 

McCulloch—Pitts units. Non-para 

weighted edges. 
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1.6.3 Constructive synthesis 

Every logical function of n variables can be written in tabular form. The value 

of the function is written down for every one of the possible binary combinations of 
the n inputs. If we want to build a network to compute this function, it should have n 
inputs and one output. The network must associate each input vector with the correct 
output value. If the number of computing units is not limited in some way, it is 

always possible to build or synthesize a network which computes this function. The 
constructive proof of this proposition profits from the fact that McCulloch-Pitts units 
can be used as binary decoders [1]. 

Consider for example the vector (1, 0, 1). It is the only one which fulfils the 

condition x;A~x2Ax3. This condition can be tested by a single computing unit (Figure 

1.25). Since only the vector (1, 0, 1) makes this unit fire, the unit is a decoder for this 

input. 

Assume that a function F of three arguments has been defined according to the 
following table:To compute this function it is only necessary to decode all those 
vectors for which the function’s value is 1. Figure 1.26 shows a network capable of 
computing the function F . ’ 

Figure 1 .25-Decoder for the vector (1,0,1) 
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Figurel.26-Synthesis of the function F 

The individual units in the first layer of the composite network are decoders. 

For each vector for which F is | a decoder is used. In our case we need just two 
decoders. Components of each vector which must be 0 are transmitted with inhibitory 
edges, components which must be 1 with excitatory ones. The threshold of each unit 
is equal to the number of bits equal to 1 that must be present in the desired input 

vector. The last unit to the right is a disjunction: if any one of the specified vectors 
can be decoded this unit fires a 1. 

It is straightforward to extend this constructive method to other Boolean 
functions of any other dimension. This leads to the following proposition: 

Proposition 2.Any logical function F: {0, 1}" — {0, 1} can be computed 

with a McCulloch-—Pitts network of two layers. 

No attempt has been made here to minimize the number of computing units. In 

fact, we need as many decoders as there are ones in the table of function values. 

We can also consider the minimal possible set of building blocks needed to 

implement arbitrary logical functions when the fan-in of the units is bounded in some 

way. The circuits of Figure 1.25 and Figure 1.26 use decoders of n inputs. These 
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decoders can be built of simpler cells, for example, two units capable of respectively 
implementing the AND function and negation. Inhibitory connections in the decoders 

can be replaced with a negation gate. The output of the decoders is collected at a 

conjunctive unit. The decoder of Figure 1.25 can be implemented as shown in 
Figure 1.27. The only difference from the previous decoder are the negated inputs 
and the higher threshold in the AND unit [7]. All decoders for a row of the table of a 

logical function can be designed in a similar way. This immediately leads to the 

following proposition: 

Proposition 3.All logical functions can be implemented with a network com- 

posed of units which exclusively compute the AND, OR, and NOT functions. 

The three units AND, NOT and OR are called a logical basis because of this 

property. Since OR can be implemented using AND and NOT units, these two alone 
constitute a logical basis. The same happens with OR and NOT units. John von 

Neumann showed that through a redundant coding of the inputs (each variable is 
transmitted through two lines) AND and OR units alone can constitute a logical basis. 

Figure1.27-A composite decoder for the vector (0,0,1) 

1.7 Equivalent networks 

We can build simpler circuits by using units with more general 
properties, for example weighted edges and relative inhibition. However, as we 
show in this section, circuits of McCulloch—Pitts units can emulate circuits built out 

of high-powered units by exploiting the trade-off between the complexities of the 
network versus the complexity of the computing units. 

1.7.1 Weighted and unweighted networks 

Since McCulloch—Pitts networks do not use weighted edges the question of 
whether weighted networks are more general than unweighted ones must be 

answered. A simple example shows that both kinds of networks are equivalent. 

Assume that three weighted edges converge on the unit shown in Figure 1.28. 
The unit computes 
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Figure1.28-Weighted unit 

0.2x, + 0.4x2 + 0.3x3 > 0.7. 

But this is equivalent to 

2X, + 4x, + 3x3 > 7, 

and this computation can be performed with the network of Figure 1.29. 
al 

x3 

Figure1.29-Equivalent computing unit 

The figure shows that positive rational weights can be simulated by simply 
fanning-out the edges of the network the required number of times. This means that 

we can either use weighted edges or go for a more complex topology of the network, 
with many redundant edges [3]. 

1.7.2 Absolute and relative inhibition 

In the last subsection we dealt only with the case of positive weights. Two 
classes of inhibition can be identified: absolute inhibition corresponds to the one 
used in McCulloch—Pitts units. Relative inhibition corresponds to the case of edges 
weighted with a negative factor and whose effect is to lower the firing threshold when 
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a 1 is transmitted through this edge. 

Proposition 4. Networks of McCulloch—Pitts units are equivalent to networks 
with relative inhibition. 

Proof. It is only necessary to show that each unit in a network where relative 

inhibition is used is equivalent to one or more units in a network where absolute 

inhibition is used. It is clear that it is possible to implement absolute inhibition with 

relative inhibitory edges. If the threshold of a unit is the integer m and if n excitatory " 
edges impinge on it, the maximum possible total excitation for this unit is n — m.If m 

> n the unit never fires and the inhibitory edge is irrelevant. It suffices to fan out the 

inhibitory edge n — m + | times and make all these edges meet at the unit. When a 1 
is transmitted through the inhibitory edges the total amount of inhibition isn -m+ 1 

and this shuts down the unit [25]. To prove that relative inhibitory edges can be 
simulated with absolute inhibitory ones, refer to Figure 1.30. The network to the left 

contains a relative inhibitory edge, the network to the right absolute inhibitory ones. 
The reader can verify that the two networks are equivalent. Relative inhibitory edges 
correspond to edges weighted with —1. We can also accept any other negative weight 
w. In that case the threshold of the unit to the right of Figure 1.30 should be m + w 

instead of m + 1. Therefore networks with negative weights can be simulated using 
unweighted McCulloch—Pitts elements. 

As shown above, we can implement any kind of logical function using 

unweighted networks. What we trade is the simplicity of the building blocks for a 
more convoluted topology of the network. Later we will always use weighted 

networks in order to simplify the topology. 

relative inhibition equivalent circuit with absolute inhibition 

{ m 

# (1 

y oe 

Figure 1.30-Two equivalent networks 

As shown above, we can implement any kind of logical function using 

unweighted networks. What we trade is the simplicity of the building blocks for a 

more convoluted topology of the network. Later we will always use weighted 

networks in order to simplify the topology [22]. 
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1.7.3 Binary signals and pulse coding 

An additional question which can be raised is whether binary signals are 
not a very limited coding strategy. Are networks in which the communication 
channels adopt any of ten or fifteen different states more efficient than channels 
which adopt only two states, as in McCulloch—Pitts networks? To give ananswer we 
must consider that unit states have a price, in biological networks as well as in 
artificial ones. The transmitted information must be optimized using the number of 
available switching states. 

e 

fal 
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number of 
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Figurel .31-Number of representable values as a function of the base 

Assume that the number of states per communication channel is b and that c 
channels are used to input information. The cost K of the implementation is 
proportional to both quantities, ie., K = ybc, where y is a proportionality constant. 
Using c channels with b states, be different numbers can be represented. This means 
that c = K/yband, if we set « = K/y, we are seeking the numerical base b which 
optimizes the function bk/b. Since we assume constant cost, « is a constant. Figure 
1.31 shows that the optimal value for b is the Euler constant e. Since the number of 
channel states must be an integer, three states would provide a good approximation to 
the optimal coding strategy. However, in electronic and biological systems decoding 
of the signal plays such an important role that the choice of two states per channel 
becomes a better alternative [14]. 

Wiener arrived at a similar conclusion through a somewhat different argument. 
The binary nature of information transmission in the nervous system seems to be an 
efficient way to transport signals. However, in the next chapters we will assume that 
the communication channels can transport arbitrary real numbers. This makes the 
analysis simpler than when we have to deal explicitly with frequency modulated 
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signals, but does not lead to a minimization of the resources needed for a technical 
implementation. Some researchers prefer to work with so-called weightless networks 
which operate exclusively with binary data. 

1.8 Recurrent networks 

We have already shown that feed-forward networks can implement arbitrary 
logical functions. In this case the dimension of the input and output data is 
predetermined. In many cases, though, we want to perform computations on an’ 

input of variable length, for example, when adding two binary numbers being fed 

bit for bit into a network, which in turn produces the bits of the result one after the 

other. A feed-forward network cannot solve this problem because it is not capable of 
keeping track of previous results and, in the case of addition, the carry bit must be 

stored in order to be reused. This kind of problem can be solved using recurrent 
networks, i.e., networks whose partial computations are recycled through the network 
itself. Cycles in the topology of the network make storage and reuse of signals 
possible for a certain amount of time after they are produced. 

1.8.1 Stored state networks 

, 
McCulloch—Pitts units can be used in recurrent networks by introducing a 

temporal factor in the computation. We will assume that computation of the 
activation of each unit consumes a time unit. If the input arrives at time t the result is 
produced at time t + 1. Up to now, we have been working with units which produce 
results without delay. The numerical capabilities of any feed-forward network with 
instantaneous computation at the nodes can be reproduced by networks of units with 

input 

output 

Figure1.32-Network for a binary scaler 
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delay. We only have to take care to coordinate the arrival of the input values at the 
nodes. This could make the introduction of additional computing elements necessary, 
whose sole mission is to insert the necessary delays for the coordinated arrival of 
information. This is the same problem that any computer with clocked elements has 
to deal with [11]. 

Figure 1.32 shows a simple example of a recurrent circuit. The network 
processes a sequence of bits, giving off one bit of output for.every bit of input, but in 
such a way that any two consecutive ones are transformed into the sequence 10. The 
binary sequence 00110110 is transformed for example into the sequence 00100100. 
The network recognizes only two consecutive ones separated by at least a zero from a 
similar block. 

1.8.2 Finite automata 

The network discussed in the previous subsection is an example of an 
automaton. This is an abstract device capable of assuming different states which 
change according to the received input. The automaton also produces an out- put 
according to its momentary state. In the previous example, the state of the automaton 
is the specific combination of signals circulating in the net- work at any given time. 
The set of possible states corresponds to the set of all possible combinations of 
signals traveling through the network. 

state transitions output table 

state state 

Q® 9, % 9 

01 Q! o} o| 1 
input input 

1] 2! 2, 1] oj 1 

Figure 1 .33-Statetablesforabinarydelay 

Finite automata can take only a finite set of possible states and can react only 
to a finite set of input signals. The state transitions and the output of an automaton 
can be specified with a table, like the one shown in Figure 1.33. This table defines an 
automaton which accepts a binary signal at time t and produces an output at time t + 
1. The automaton has two states, Qoand Q;, andaccepts only the values 0 or 1. The 

first table shows the state transitions, corresponding to each input and each state. The 

second table shows the output values corresponding to the given state and input. 
From the table we can see that the automaton switches from state Qy to state Q,after 

accepting the input |. If the input bit is a 0, the automaton remains in state Qo. If the 
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state of the automaton is Q, the output at time t + 1 is 1 regardless of whether 1 or 0 
was given as input at time t. All other possibilities are covered by the rest of the 
entries in the two tables. 

The diagram in Figure 1.34 shows how the automaton works. The values at the 
beginning of the arrows represent an input bit for the automaton. The values in the 
middle of the arrows are the output bits produced after each new input. An input of 1, 
for example, produces the transition from state Qo to state-Q,and the output 0. The 
input 0 produces a transition to state Qy . The automaton is thus one that stores only 
the last bit of input in its current state. 

Figure 1.34-Diagram of a finite automaton 

Finite automata without input from the outside, i.e., free-wheeling automata, 
unavoidably fall in an infinite loop or reach a final constant state. This is why finite 
automata cannot cover all computable functions, for whose computation an infinite 

number of states are needed. A Turing machine achieves this through an infinite 

storage band which provides enough space for all computations. Even a simple 
problem like the multiplication of two arbitrary binary numbers presented 
sequentially cannot be solved by a finite automaton. Although our computers are 
finite automata, the number of possible states is so large that we consider them as 
universal computing devices for all practical purposes [6]. 

1.8.3 Finite automataand recurrent networks 

We now show that finite automataand recurrent networks of McCulloch—Pitts 

units are equivalent. We use a variation of a constructive proof due to Minsky. 

Proposition 5.Any finite automaton can be simulated with a network of 

McCulloch-Pitts units. 

Proof. Figure 1.35 is a diagram of the network needed for the proof. Assume 

that the input signals are transmitted through the input lines I, to I,,andat each 
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moment t only one of these lines is conducting a 1. All other input lines are passive 
(set to 0). Assume that the network starts in awelldefined state Q;. This means that 

one, and only one, of the lines labeled Q), . . . ,Q, is set to 1 and the others to 0. At 

time t + 1 only one of the AND units can produce a 1, namely the one in which both 

input and state line are set to 1. The state transition is controlled by the ad hoc 
connections defined by the user in the upper box. If, for example, the input I,and the 

state Q,at time t produce the transition to state Q.at time t + 1, then we have to 

connect the output of the upper left AND unit to the input of the OR unit with the 

output line named Q, (dotted line in the diagram). This output will become active at 

time t+ 2. At this stage a new input line must be set to 1 (for example I2 ) and a 

new state transition will be computed (Qn in our example). The connections 

required to produce the desired output are defined in a similar way. This can be 

controlled by connecting the output of each AND unit to the corresponding output 

line O,,..., Ox using a box of ad hoc connections similar to the one already 

described. 

A disadvantage of this constructive method is that each simulated finite 

automaton requires a special set of connections in the upper and lower boxes. It is 

better to define a universal network capable of simulating any other finite automaton 

without having to change the topology of the network (under the assumption of an 

upper bound for the size of the simulated automata). This is indeed an active field of 

research in which networks learn to simulate automata. The necessary network 

parameters are found by a learning algorithm. In the case of McCulloch-Pitts units 

the available degrees of freedom are given by the topology of the network [8]. 
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(ad hoc connections for state transitions) 

(ad hoc connections for output signals) 

O, Or Or 

Figure 1.35-Implementation of a finite automaton with McCulloch—Pitts units 

1.8.4 A first classification of neural networks 

The networks described in this chapter allow us to propose a preliminary 

taxonomy of the networks we will discuss in this book. The first clear separation line 

runs between weighted and unweighted networks. It has already been shown that both 

classes of models are equivalent. The main difference is the kind of learning 

algorithm that can be used. In unweighted networks only the thresholds and the 

connectivity can be adapted. In weighted networks the topology is not usually 

modified during learning (although we will see some algorithms capable of doing 

this) and only an optimal combination of weights is sought. 

48



The second clear separation is between synchronous and asynchronous models. 

In synchronous models the output of all elements is computed instantaneously. This 
is always possible if the topology of the network does not contain. cycles. In some 
cases the models contain layers of computing units and the activity of the units in 

each layer is computed one after the other, but in each layer simultaneously. 
Asynchronous models compute the activity of each unit independently of all others 

and at different stochastically selected times (as in Hopfield networks). In these kinds 

of models, cycles in the underlying connection graph pose no particular problem. 

7 
X47 | . F(Q, 8(.X).%2, setae ¥ n)) 

ay 

Figure 1.36-A unit with stored state Q 

Finally, we can distinguish between models with or without stored unit states. 

In Figure 1.16 we gave an example ofa unit without stored state. Figure 1.36 shows a 

unit in which a state Q is stored after each computation. 

The state Q can modify the output of the unit in the following activation. If the 

number of states and possible inputs is finite, we are dealing with a finite automaton. 

Since any finite automaton can be simulated by a network of computing elements 

without memory, these units with a stored state can be substituted by a network of 

McCulloch-Pitts units. Networks with stored- state units are thus equivalent to 

networks without stored-state units. Data is stored in the network itself and in its 

pattern of recursion. 

It can be also shown that time varying weights and thresholds can be 

implemented in a network of McCulloch-Pitts units using cycles, so that net- works 

with time varying weights and thresholds are equivalent to networks with constant 

parameters, whenever recursion is allowed. 

1.9 Harmonic analysis of logical functions 

An interesting alternative for the automatic synthesis of logic functions and for 

a quantification of their implementation complexity is to do an analysis of the 

distribution of its non-zero values using the tools of harmonic analysis. Since we can 

tabulate the values of a logical function in a sequence, we can think of it as a one- 

dimensional function whose fundamental “frequencies” can be extracted using the 

appropriate mathematical tools [9]. 
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1.10Applications of threshold logic 

Threshold units can be used in any application in which we want to reduce the 

execution time of a logic operation to possibly just two layers of computational delay 

without employing a huge number of computing elements. It has been shown that the 

parity and majority functions, for example, cannot be implemented in a fixed number 

of layers of computation without using an exponentially growing number of 

conventional logic gates, even when unbounded fan in is used. The majority function 

k out of n is a threshold function implementable with just a single McCulloch—Pitts 

unit. Although circuits built from n threshold units can be built using a polynomial 

number P (n) of conventional gates the main difference is that conventional circuits 

cannot guarantee a constant delay. With threshold elements we can build 

multiplication or division circuits that guarantee a constant delay for 32 or 64-bit 

operands. Any symmetric Boolean function of n bits can in fact be built from two 

layers of computing units using n+ 1 gate. Some authors have developed circuits of 

threshold networks for fast multiplication and division, which are capable of 

operating with constant delay for a variable number of data bits. Threshold logic 

offers thus the possibility of harnessing parallelism at the level of the basic arithmetic 

operations. 

Figure 1 .37-Fault-tolerantgate 

Threshold logic also offers a simpler way to achieve fault-tolerance. Figure 

1.37 shows an example of a unit that can be used to compute the conjunction of three 

inputs with inherent fault tolerance. Assume that three inputs x; , x2. , x; can be 

transmitted, each with probability p of error. The probability of a false result when x, 

, Xand x3are equal, and we are computing the conjunction of the three inputs, is 

3p, since we assume that all three values are transmitted independently of each 

other. But assume that we transmiteach value using two independent lines. The gate 

of Figure 1.37 has a threshold of 5, that is, it will produce the correct result even in 

the case where an input value is transmitted with an error. The probability that 

exactly two ones arrive as Zeros is p’and, since there are 15 combinations of two out 

of six lines, the probability of getting the wrong answer is 15p" in this case. If p is 
small enough then 15p’< 3p and the performance of the gate is improved for this 

combination of input values. Other combinations can be analyzed in a similar way. If 
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threshold units are more reliable than the communication channels, redundancy can 

be exploited to increase the reliability of any computing system. 

Figure | .38-A fault-tolerant AND built of noisy components 

When the computing units are unreliable, fault tolerance is achieved using 

redundant networks. Figure 1.38 is an example of a network built using four units. 

Assume that the first three units connected directly to the three bits of input x; , X2, 

x,all fire with probability 1 when the total excitation is greater than or equal to the 

threshold @ but also with probability p when it is ® — 1. 

The duplicated connections add redundancy to the transmitted bit, but in such a 

way that all three units fire with probability one when the three bits are 1. Each unit 

also fires with probability p if two out of three inputs are 1. However each unit reacts 

to a different combination. The last unit, finally, is also noisy and fires any time the 

three units in the first level fire and also with probability p when two of them fire. 

Since, in the first level, at most one unit fires when just two inputs are set to 1, the 

third unit will only fire when all three inputs are 1. This makes the logical circuit, the 

AND function of three inputs, built out of unreliable components error-proof. The 

network can be simplified using the approach illustrated in Figure 1.37. 

1.11 Learning algorithms for neural networks 

If two sets of points have to be separated linearly with a perceptron, adequate 

weights for the computing unit must be found. The operators that we used in the 

preceding chapter, for example for edge detection, used hand customized weights. 

Now we would like to find those parameters automatically. The perceptron learning 

algorithm deals with this problem. 
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A learning algorithm is an adaptive method by which a network of computing 

units self-organizes to implement the desired behavior. This is done in some learning 

algorithms by presenting some examples of the desired input- output mapping to the 

network. A correction step is executed iteratively until the network learns to produce 

the desired response. The learning algorithm is a closed loop of presentation of 

examples and of corrections to the network parameters, as shown in Figurel.39 

a Network 

Test input-output compute the error 

ae, 
Fix network 

parameters 

Figure 1.39-Learning process in a parametric system 

In some simple cases the weights for the computing units can be found through 

a sequential test of stochastically generated numerical combinations. However, such 

algorithms which look blindly for a solution do not qualify as “learning”. A learning 

algorithm must adapt the network parameters according to previous experience until a 

solution is found, if it exists. 

1.11.1 Classes of learning algorithms 

Learning algorithms can be divided into supervised and unsupervised methods. 

Supervised learning denotes a method in which some input vectors are collected and 

presented to the network, The output computed by the net- work is observed and the 

deviation from the expected answer is measured. The weights are corrected according 

to the magnitude of the error in the way defined by the learning algorithm. This kind 

of learning is also called learning with a teacher, since a control process knows the 

correct answer for the set of selected input vectors [12]. 

Unsupervised learning is used when, for a given input, the exact numerical 

output a network should produce is unknown. Assume, for example, that some points 

in two-dimensional space are to be classified into three clusters. For this task we can 

use a classifier network with three output lines, one for each class. Each of the three 

ut must specialize by firing only for inputs corresponding 

to elements of each cluster. If one unit fires, the others must keep silent. In this case 

we do not know a priori which unit is going to specialize on which cluster. Generally 

we do not even know how many well-defined clusters are present. Since no “teacher” 

s available, the network must organize itself in order to be able to associate clusters 
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with units [13]. 

Supervised learning is further divided into methods which use reinforcement or 

error correction. Reinforcement learning is used when after each presentation of an 

input-output example we only know whether the network produces the desired result 

or not. The weights are updated based on this information (that is, the Boolean values 

true or false) so that only the input vector can be used for weight correction. In 

learning with error correction, the magnitude of the error, together with the input 

vector, determines the magnitude of the corrections to the weights, and in many cases 

we try to eliminate the error in a single correction step. 

Corrective learning 

Supervised learning < 

; Reinforcement learning 
Learning 

Unsupervised learning, 

The perceptron learning algorithm is an example of supervised learning with 

reinforcement. Some of its variants use supervised learning with error correction 

(corrective learning) [20]. 

2. PHYSICS 

2.1. Lenses 

There are two types of lenses 

I. Convex or Converging 

II. Concave or Diverging 

A ray of light is refracted twice by a lens, once when it passes into the lens (air to 

glass) and once when it emerges from the lens (glass to air). 

Convex lens causes the rays of light to forma converging beam and a concave lens 

forms a diverging beam. 

The centre of the lens is called the optical centre and the direction through the optical 

centre and perpendicular to the lens is called the principal axis. 

A beam parallel to the principal axis will form a converging beam with a convex lens 

and a diverging beam with a concave lens. 

The focus is the point on the principal axis to which all rays originally parallel and 

close to the principal axis converge to or from which the diverge from after passing 

through the lens. 

The focal length is the distance from the focus to the optical centre. 

For a Convex lens the focus is real and so the focal length fis positive . 
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For a concave lens the focus is virtualand so the focal length fis negative. 
Also since the light may pass through a lens in either direction there are two focus 
points equidistant from the optical centre. 

convex lens 

l 

i 
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! 
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Figure 2.1-Converging lens. 
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Figure 2.2- Diverging lens. 

Ray Diagrams used to locate the image in a lens. 

2.1.1. Principle light rays 

lL, Rays parallel to the principal axis will pass through the focus after 

refraction through the lens. 

Z. Rays through the principal focus will emerge parallel to the principal 

axis after refraction through the lens (reversibility of light) 

3. Rays through the optical centre are undeviated. 
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2.1.2. Image Position for Lenses 

l. Object between F,and Optical Centre 

Figure 2.3-Object between F, and Optical Centre 

Image is 

(i) | Behind the object 

(ii) Virtual 

(iii) Upright 
(iv) Larger than object. 

? 

2. Object at either F, or F, 

Image is at infinity 

3. Object between F,and 2F; 

8, 

Fig.2.4. Object between F,and 2F; 

Image is 

(i) | Beyond 2F, 

(ii) Real 

(iii) Inverted 
(iv) Magnified 

55



4, Object is at 2F; 

Fig.2.5. Object at 2F, 

Image is 

(i) <At2F, 
(ii) Real 
(iii) Inverted 
(iv) Same size as object 

5. Object beyond 2F, ° 

Fig.2.6. Object beyond 2F, 

Image is 

(i) | Between F,and 2F, 

(ii) Real 

(iii) Inverted 

(iv) Smaller than object 

6. Object at infinity 
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2.1.3. Lens equations 

All distance values are measured with the optical centre as the origin. We use 

the following symbols 

D,:Distance from the object to the lens 

D; : Distance from the image to the lens 

f: Focal length distance from focus to lens 

For any lens it can be proved that 

a 
+f FD, FD, 

and also that the magnification 

ueti 2 
H, D, 

H,: Object size 

Hj : Image size 

and again using the real is positive convention give 

Convex lens: Real focus so fist 

Concave lens: Virtual focus so fis— 

2.1.4. Power of lens 

The power of a lens is defined as the inverse of its focal length 

Power of a lens = — 
f 

S.I. Unit Basic m™ Called Dioptre 

2.2. Coefficient of linear expansion 

Thermal expansion is a consequence of the change in the average separation 

between the constituent atoms in an object. To understand this, imagine that the 

atoms are connected by stiff springs, as shown in Figure2.9.at ordinary temperatures, 

the atoms in a solid oscillate about their equilibrium positions with an amplitude of 

approximately 10'' m and a frequency of approximately 10° Hz. The average 

spacing between the atoms is aboutl0™ m. As the temperature of the solid increases, 
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the atoms oscillate with greater amplitudes; as a result, the average separation 

between them increases. Consequently, the object expands. 

Figure 2 .9-Atoms are connected by stiff springs 

If thermal expansion is sufficiently small relative to an object’s initial 

dimensions, the change in any dimension is, to a good approximation, proportional to 

the first power of the temperature change. Suppose that an object has an initial length 

Loalong some direction at some temperature and that the length increases by an 

amount AL for a change in temperature AT. Because it is convenient to consider the 

fractional change in length per degree of temperature change, we define the 

coefficient of linear expansion as 

enema) Where T; > To 

Figure 2.10-Linear expansion of a wire 

AL 
a = TAT 

For purposes of calculation, this equation is usually rewritten as 

AL = aL AL 

or 

(L — Lo) = aLo(T — To) 
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where L is the final length, Tjand T are the initial and final temperatures, and the 

proportionality constant 0 is the average coefficient of linear expansion for a given 

material and has units of Tons 

MATERIAL | Linear expansion coefficient @ CC") 

Aluminium 23.1 x 107° 

Nickel 13 x 107° 

Glass 8.5 x 107° 

Table.2.1. Linear expansion coefficient of some materials 

2.3. Resistance-Temperature relation of conductors 

Electric current is formed by the motion of electrons through a conductor. If 

we apply a voltage across a steel wire and then heat it we see that the current passing 

through it decreases. This shows us the current in a conductor changes with 

temperature. 

If the resistance of a conductor at an initial temperature, To is Roand at a final 

temperature T, is R. Then the relatiofiship between these resistances and temperatures 

is given by, 

a0 = a(T — Tp) 

or 

R = Rol1 + a(T -T)] 

where the proportionality constant, 4, ‘s called temperature coefficient of the 

substance by which the resistor ‘s made and unit of this coefficient is °C. 

The resistance of all metals increase with the increasing temperature (a >0). 

But the resistance of some alloys, i.e, manganinand constantan does not change with 

temperature. On the other hand the resistance of some electrolytes, carbon, porcelain 

and glass decreases. (a< 0). 

When the temperature of a conductor increases its length increases not so 

much. So the increase in the resistance is due to the increase in the resistivity of the 

conductor. We can find the resistivity-temperature relation by 

R=p A 

In this formulap is resistivity (Q m), / is length and A is cross-sectional area of 

the conductor. From final two formula we can find, 
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p = poll + a(T — Tp)] 

or 

— AP 
PoAT 

formula. 

MATERIAL RESISTIVITY (Q m) TEMPERATURE 
COEFFICIENT (°C) 

Aluminum 2.82 x 1078 3.9 x 1073 

Tungsten 5.6 x 1078 4.5 x 1073 

Iron 10 x 107° 5x 1073 

Table.2.2. Resistivity and temperature coeefi-ficient of some materials 

3. PHYSIC EQUATIONS IN ARTIFICAL NEURAL NETWORKS 

3.1. Lenses in artificial neural networks 

3.1.1. Multilayer perceptron oflenses 

Hidden Layer 

Input Layer 
Output Layer 

0, O-.O-* 
Full 
“Connection Gonnetion 

.O+6* “O-* 
c—-O- Or 

Figure 3.1 -Multilayer perceptron of lense 

There are three layers of this multilayer perceptron. Input, output and hidden 

layers. 
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3.1.2. Input layer 

There are four information enter the perceptron. 

Object distance 

Image distance 

Magnification 

Focus distance \
A
N
A
A
N
 

3.1.3. Output layer 

At the output layer of multilayer perceptron giving types of lens (Convergin or 

diverging) 

3.1.4. Normalized System Error 

This graph is showing that if we use 6 nods at hidden layer we can reach the 

correct result. Also we can use only 2 nods for good result. 

? 

° 3 0,070000 

& a q 0,060000 + 

3 3 | E 2 & | | 0050000 \ 

Z je 4 Z, a 5 0,040000 
\ 

1 0.059632 | | 9.030000 \ 
oan 

2 0.011908 | | %92000° >
 

3 0.011851 | | %020000 + 

4 0.011409 | | °°" : 

rs [0.011771 0? 
6 0.009720 
7 0.011738 

Table 3.1. 
Graph 3.1. Normalized system error 

3.1.5 Learning rate/ total square graph 

I tried to learning rate for 10 different value. 0,95 is giving good result for 1000 

iteration. 
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Iteration=1000 

op 

< © 

Be| o8 Toaal Square 

= ea eA 
0,60000 

0,1 0,53591 , 7 

0,2 | 0,12811 0,50000 \ 

0,3 0,04777 
0,40000 

\ 

0,4 0,02399 0,30000 \ 

0,5 | 0,01503 0,20000 \ 
—¢—Total Square 

0,6 | 0,01100 0,10000 . 

0,00000 [pepe 
aw 

0,7 0,00894 

0,8 0,00778 ° 0 1 

0,9 0,00708 

0,95 | 0,00665 

Table 3.2. Graph 3.2. Learning rate/total square graph 

7 

3.1.6. Data 

3.1.6.1. Experimental data 

results of Converging , diverging lenses. Initial 

This table giving experiment 
lens and next 13 values are giving for diverging 

13 values are giving for converging 

lens. 
OpjectDistance | ImageDistance Magnification FocusDistance 

Do(cm) D\(cm) M=D//Do f 

1 | 49,10 13,45 0,27 10,56 

2 | 40,70 14,20 0,35 10,53 

3 | 27,50 16,95 0,62 10,49 

4 | 23,80 18,50 0,78 10,41 

5 [19,75 = 22,15 1,12 
10,44 

6 | 18,90 = 24,20 1,28 10,61 

7 | 16,85 29,05 1,72 10,66 

g [15,95 
32,25 2,02 

10,67 

9 [15,50 34,40 2,22 10,69 

10 | 13,50 | 51,70 3,83 10,70 

11] 9,50 
-84,09 -8,85 

10,71 

12 | 8,50 
-41,19 

-4,85 
10,71 

13 | 8,00 
| -31,62 | -3,95 

10,71 
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14} 49,10 8,60 0,18 10,43 

15 | 40,70 8,40 0,21 10,58 

16 | 27,50 7,60 0,28 10,50 

17 | 23,80 7,24 0,30 10,41 

18 | 19,75 6,83 0,35 10,44 

19 | 18,90 6,79 0,36 10,60 

20 | 16,85 6,52 | 0,39 10,64 

21 | 15,95 6,40 | 0,40 10,69 

22 | 15,50 6,32 0,41 10,67 

23 | 13,50 5,96 0,44 10,67 

24 | 9,50 5,02 0,53 10,66 

25 | 8,50 4,73 0,56 10,67 

26 | 8,00 4,57 0,57 10,69 

Table 3.3. Experimental data of lenses 

3.1.6.2. Normalized experimental data 

We make normalization of table 3.3 

ObjectDistance ImageDistance Magnification FocusDistance 

D, D, M=D//D, f 

0,135 0,027 0,106 

aor 0,142 0,035 0,105 

0,275 0,170 0,062 0,105 

0,238 0,185 0,078 0.104 

0,198 ee 5128 0,106 

0,189 ee 6173 0,107 
0,169 oe 0302 0,107 

0,160 32 0,222 0,107 
fois5 OS 0,383 0,107 
0,135 0,517 ___— 0.885 0,107 

0,095 0,841 9.485 0,107 
0,085 oe 0.395 0,107 
(0,080 ____rpogg_ | 0,018 0,104 

0,491 gg 0,021 0,106 

0,407 ____—1p 976 0,028 0,105 
0,275___——ro'g79,— «| 0,030 0,104 
(0,238 rp ogg 0,085 0,104 
0,198 2-1 0 036 0,106 

0,189 0,068 
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0,169 0,065 0,039 0,106 
0,160 0,064 0,040 0,107 
0,155 0,063, 0,041 0,107 
0,135 0,060 0,044 0,107 
0,095 0,050 0,053 0,107 
0,085 0,047 0,056 0,107 
0,080 | 0,046 0,057 0,107 

Table 3.4. Normalized experimental data of lenses 

3.1.6.3. Test data 

Data in following table is giving experimental data of different unknown 

lenses. We will try to understand types of this lenses with using ANN. 

TEST DATA NORMALIZED TEST DATA 

D,(em) | Dem) | M=D,/D, | f D, D, %|M f 

130,00 | 60,00 [2,00 20,00 | 0,300 |0,600| 0,200 | 0,200 
2/15,00 17,50 | 0,50 5,00 | 0,150 |0,07510,050 | 0,050 
316,00 | -24,00 | -4,00 8,00 |0,060 |0,24010,400 | 0,080 

4112,00 |-6,00 | -0,50 12,00] 0,120 | 0,060] 0,050 | 0,120 

5110,00 |-6,00 | -0,60 15,00] 0,100 |0,060/ 0,060 — | 0,150 

6110,00 | -2,31 | -0,23 3,00 |0,100 | 0,02310,023 | 0,030 

Table 3.5. Test and normalized data of random lenses 

3.1.7. Result for lenses 

If we make only | Train learning time, MLP is giving 

3° 4h 5" and6"values of table 5. But giving wrong result for 2”" lens. 
good results for 1°, 

9,00 0,060 0,060 0,150 
0, 100 0,023 0, 923 .0,030 

+f “gs 

900 | 
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Fj " gure 3.2-Perceptron recognized the converging lens 

Load File | Reset Network | Tteration Count Learning Rate Train Nesnork 

0,300 0,600 0,200 0,200 
0,150 0,075 0,050 0,050 }1000 {0.95 
0,060 0,240 0,400 0,080 
0,120 6,060 0,050 0,120 Iteration : 999, Total Square : 0,025485065 
0,100 0,060 0,060 0, 150 
0,100 0,023 0,023 0,030 +f | 0,30 | 

~F 971 | 

[0,300 0,600 0,200 0,200 
0, 150 0,075 0 “050 0,050 

0,120 0,060 0,050 0,120 
0,100 0,060 0,060 0,150 
0,100 0,023 0,023 0,030 

nibiny Data Load File | Reset Network | Iteration Count Learning Rate Train Networ 

[0,300 0,600 0,200 0,200 
0,150 0,075 0,050 0,050 
0,060 0,240 0,400 0,080 Iteration : 999, Total Square : 0,025485065 

0,120 0,060 0,050.0 120 

0, 100 0,060 0,060 0, 150 + | oor | 
0,023 0,023 0, I 

aS f | 09" | 

Figure 3 5-Perceptron recognized the diverging lens 
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‘| Traini Load Fi | ining Data le Reset Network | Iteration Count LearningRate Train Network| 

Pomme r TR 
‘Prosthesis ay. sa ae 

frost eurer cpl kireees 

0,300 0,600 0,200 0,200 10 
bot 0,075 0,050 0,050 | _ [0.98 
060 0,240 0,400 0,080 r r Iteration : 999, Total Square : 0,025485065 

0,120 0,060 0,050 0, 120 
10, 1000,0600,0600 iso Mie tencere ans 0,060 0,060.0, 150 ‘ +f | 0,01 | j 0, 100 0,023 0,023 0,030 | 

4 | 939 | 

Figure 3 .6-Perceptron recognized the diverging lens 

Training Data Load File Reset Network | fteration Count LearningRate ‘Train Network] 

0,300 0,600 0,200 0,200 0 —— 

9, 150 0,075 0,050 0,050 ’ po j0.95 frest Network’ 

0,060 0,240 0,400 0,080 a ere ee 

0,120 0,060 0,050 0, 120 
9, 100 0,060 0,060 0, 150 
0,100 0,023 0,023 0,030 +f | 000° | 

i | 0: | 

Figure 3.7-Perceptron recognized the diverging lens 

After 10 times learning train multilayer perceptron is giving good result for fa 

lens. 

Load File Reset Network 
‘| Training Data 

[b,300 0,600 0,200 0,200 
0,180 0,075 0,050 0,050 
9,060 0,240 0,400 0,080 

10,120 0,060 0,050 0,120 
9, 100 9,060 0,060 0, 150 

# pia 

0, 100 0,023 0,023 0,030 
| 065 "| 

-f 
| | 

Iteration : 999, Total Square : 0,005958302 

n
e
e
 

S
e
 

Figure 3 _8-Perceptron recognized the converging lens 
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3.2. Coefficient of linear expansion in artificial neural networks 

3.2.1.Multilayer perceptron of linear expansion 

Hidden Layer 

Input Layer Output Layer 

perceptron for linear expansion 
Figure 3 9-Multi layer 

There are three layers of this multilayer perceptron. Input, output and hidden 

layers. 

3.2.2. Input layer 

We are entering 4 information at input layer of multilayer perceptron. These 

are, 

VY Coefficient of Linear Expansion 

Y Initial length 

Y Change in length 

VY Change in temperature 

3.2.3. Output layer 

hree output. 

Y Aluminium 

Y Nickel 

¥ Glass 
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3.2.4. Learning rate/ total square graph 

I tried to learning rate for 10 different values. 0, 95 are giving good result for 

1000 iteration. 

Iteration=1000 

Total Square oa 
& © 

3&6 
5 2 Ss 6,0000 + 
o wv oo 

— oe | 5,0000 x 

0,1 4.7770 4,0000 

0,2 12.6726 || 5,000 | 
0,3 1.5656 & --@— Total Square 

0,4 | 0.8877 2,000 

0,5 | 0.5102 1,0000 

0,6 0.2333 0,0000 aw 

0,7 0.1822 ee ee 

0,8 0.1754 | -—— 
_ 

0,9 0.1452 

0,95 | 0.1196 

Table 3.6. Graph 3.3. . 

uare graph of linear expansion) 
(Learning rate/total sq 

3.2.5. Data “ 

3.2.5.1. Theorical data for linear expansion 

_ «oe fficient of Linear Expansion 
ing theorical results of Coe . p 

This table BN e ‘4 this section. Therefore, differences occur at high 

Information t the top 13 aluminum, second 13 nickel 

temperatures is 

and last 13 glasses. 

Init ange in length | Change in 

-—] Linear coefficientat ini length Ch bs g Chas a 7 

eC) 
AT °C) 

“) 

1 T0077! [0.5 
NEE oo 

2 9.000023! a —— 
001733 

a 

3} 0.000023! ros 2008 15 

4 0.000023! [0.5 
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5_| 0.0000231 0.5 0.002888 250 

6 | 0.0000231 0.5 0.003465 300 

7 | 0.0000231 0.3 0.00097 140. 

8 | 0.000023! 0.6 0.007762 560 

9 | 0.0000231 0.5 0.004043 350 

10 [ 0.0000231 0.5 0.00462 400 

11 | 0.0000231 0.5 0.005198 450 

12 | 0.0000231 0.5 0.005775 500 

13 | 0.0000231 0.5 0.006353 550 

14 | 0.000013 0.5 0.000325 50 

15 | 0.000013 0.5 0.00065 100 

16 | 0.000013 0.2 0.000364 140 

17 | 0.000013 0.8 0.005824 560 

18 | 0.000013 0.5 0.000975 150 

19 | 0.000013 0.5 0.0013 200 

20 | 0.000013 0.5 0.001625 250 

21 | 0.000013 0.5 0.00195 300 

22 | 0.000013 0.5 0.002275 350 

23 | 0.000013 05“ __| 0.0026 400 

24 | 0.000013 0.5 0.002925 450 

25 | 0.000013 0.5 0.00325 500 

26 | 0.000013 0.5 0.003575 550 

27 | 0.0000085 0.5 0.000213 50 

28 | 0.0000085 0.5 0.000425 100 

29 | 0.0000085 0.5 0.000638 150 

30 | 0.0000085 0.5 0.00085 200 

31 | 0.0000085 0.4 0.000476 140 

32 | 0.0000085 0.7 0.003332 560 

33 | 0.0000085 0.5 0.001063 250 

34 | 0.0000085 05 0.001275 300 

35 | 0.0000085 0.5 0.001488 350 

36 | 0.0000085 0.5 0.0017 400 

37 | 0.0000085 0.5 0.001913 450 

38 | 0.0000085 0.5 0.00212° 300 

39 | 0.0000085 0.5 0.002338 530 

Table 3.7. Theorical data for linear expansion 
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3.2.5.2. Normalized data 

Changed actual values in to values the multi-layer perceptron can understand. 

Linear Initial length {| Change in length Change in 

coefficientat 20 °C L,(m) AL (m) temperature 

a °C") AT (°C) 

1 | 0.231 0.5 0.05775 0.05 

2 | 0.231 0.5 0.1155 0.1 

3 | 0.231 0.5 0.17325 0.15 

4 | 0.231 0.5 0.231 0.2 

5 | 0.231 0.5 0.28875 0.25 

6 | 0.231 0.5 0.3465 0.3 

7 | 0.231 0.3 0.09702 0.14 

8 | 0.231 0.6 0.77616 0.56 

9 10.231 0.5 J 0.40425 0.35 

10 | 0.231 0.5 0.462 0.4 

11 | 0.231 0.5 0.51975 0.45 

12 | 0.231 0.5 0.5775 0.5 

13 | 0.231 0.5 0.63525 0.55 

1410.13 0.5 0.0325 0.05 

1510.13 0.5 0.065 0.1 

16 | 0.13 0.2 0.0364 0.14 

17 | 0.13 Z 0.8 0.5824 0.56 

18 | 0.13 0.5 0.0975 0.15 

19 | 0.13 0.5 0-13 0.2 
20/013 0.5 0.1625 0.25 

4110.13 0.5 0.195 0.3 

4210.13 0.5 0.2275 0.35 

23 | 0.13 0.5 0.26 0.4 
0.5 0.2925 0.45 

24 | 0.13 Vo 

7510.13 8.5 0.325 0.5 

3 0.5 0.3575 0.55 

26} 0. 5S 0.02125 0.05 

27 | 0.089 __————-) 5 0.0425 0.1 
28 0.085 0.06375 0.15 

29 | 0.085 0.5 
0.5 0.085 0.2 

30 | 0.085 od ———T9 0476 0.14 

31 | 0.085 TL 0.3332 0.56 

32] 0.085 192 —



33 | 0.085 0.5 0.10625 0.25 

34 | 0.085 0.5 0.1275 03 

35 | 0.085 0.5 0.14875 0.35 

36 | 0.085 0.5 0.17 0.4 

37 | 0.085 0.5 0.19125 0.45 

38 | 0.085 0.5 0.2125 0.5 

39 | 0.085 0.5 0.23375 0.55 

Table 3.7. Normalized theorical data for linear expansions of different 

materials 

3.2.5.3. Test data 

le is giving random teoricaldata of given three materials. 

types of these materials with using multi-layer 

| 2 material aluminum, second 2 material nickels and 

Data in following tab 

We will try to understand 

perceptron. We know that, initia 

last 2 materials glass. 

TEST DATA , NORMALIZED TEST DATA 

acc’) fry [acon [arc)|e Cc") | La(m) | AL Gm) | cy 

110.0000231 | 0.3 | 0.000554 _| 80 0.231 |03 | 0.05544 | 0.08 

2|0.0000231 | 0.6 0.001663 | 120 0.231 | 0.6 0.16632 | 0.12 

3 | 0.000013 0.2 | 0.000572 220 0.13 0.2 0.0572 0.22 

41 0.000013 | 0.8 _| 0.00312 300 013 108 [0312 |03 

5 | 0.0000085 0.4 | 0.00153 450 0.085 | 0.4 0.153 0.45 

6 | 0.0000085 0:7 0.00357 600 0.085 | 0.7 0.357 0.6 

Table 3.7. Test and normalized theorical data for random linear expansions of 

different materials 

It for linear expansion 
3.2.6. Resu 

0 Train, multi-layer perceptron is giving good 
y 1x100 

If we make onl 
. 

ish between materials. 

resultsandable
 to distingu



2s 
ay p CRATE Sa tr a 

ete i st tise iia eur. fi } 
a. | 

H Training Data 

0.23 0,30 0, 10 0. 14 

0,13 0,20 0.040, 14 

0.13 0,80 0.58 0.56 

0.09 0.40 0.05 0.14 

0,09 0.70 0.33 0.56 

J1000 fo.9s 

Iteration : 999, Total Square : 0.20999664 ) 

Copper | toa | 
Nickel 

Glass | -e00_| 

Figure 3.11-Perceptron recognized the copper 

i Training Data 
ork 

|’ [9.23 0.30 0. 10 0.14 
0.23 0,60 0.78 0.56 

0.13 0.80 0,58 0.56 

0,09 0.40 0,05 0.14 

0,09 0.70 0,330.56 

Figure 3.1 

Copper 0.09 | 

Nickel (068 

Glass | 0.00 | 

2-Perceptron recognized the nickel 
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- 
‘Prosthesis Linu Set ei Ri 

; eee: nd vs abba eb weed 28 = SPS ie Re = 

‘| Training Data Load File | Reset Network | Iteration Count Learning Rate * Train Network 

0.230.300,100.i4 {1000 {0.95 frest Network 

0.23 0.60 0,78 0.56 
0.13 0.20 0.040.14 : 
0.130.830 0.58 0.56 Iteration : 999, Total Square : 0.209996644 

0.09 0.40 0.05 0.14 ; 

0.09 0.70 0.33 0.56 Corner | 0.67 | 

Nickel | “Gs | 

Glass | 0.00 | 

S
e
e
 

uo
! 
=
1
e
e
a
s
e
 

Figure 3.13-Perceptron recognized the nickel 

5. 

ta F Prosthesis 

Hrshang Data 

'| [0,230.30 0.10 0.14 1000 0.95 

0.23 0.60 0.78 0.56 7 E jo.9 i ! 

 |0.13 0.20 0.040. 14 +e 

| 10.13 0.80 0,58 0.56 Iteration : 999, Total Square : 0.209996644 

0,090.40 0,05 0:14 ep 0.40 0.05 0.14 
0.09 0.70 0,33 0.56 Copper | aoo | 

Nickel : | 0.22 | 

Figure 3.14-Perceptron recognized the glass 

6. 

icin 

i | raining Data 

| [o230.30 0.10 0.14 
0,23 0.60 0.78 0.56 

aaah 

-{0, 13 0,20 0.04 0.1% Iteration : 999, Total Square : 0.209996644 

0, 13 0.80 0,58 0.56 
: 

9.09 0.40 0.05 0.14 
tonber | fis | 

9,09 0.70 0,33.0,56 
Nickel | 0.01 | 

Figure 3 .15-Perceptron recognized the glass 
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3.3. Resistance-temperature relation in artificial neural network 

3.3.1. Multilayer perceptron of resistance-temperature relation 

There are three layers of this multilayer perceptron. Input, output and hidden 

layers. 

Hidden Layer 

Input Layer 
Output Layer 

X) —+(_) 
; 

X2 ———> O) 

x3; ———> C) 
C) _ : ( ) Y, 

xX, ———> ~ Full Ox - Full. ne “On 

: Connection. OM yt Cggnesti
on 

~—-O 6 O-* 

Figure 3. 15-Multi-layer perceptron for resistance- 

temperature relation 

3.3.2. Input Layer 

We are entering 7 information at input layer of multilayer perceptron. These 

are, 

Temperature coefficient (0) 

Initial resistivity (Po) 

Initial temperatur
e (To) 

Final Resistivity (p) 

Final Temperature (T) 

Change in temperature 
(AT) 

Change in resistivity (Ap) 

Q
N
N
N
L
R
N
 A
 

3.3.3. Output Layer 
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Perceptron is giving one of the three output. 

Y Aluminium 

¥ Tungsten 
Y Tron 

3.3.4. Learning rate/ total square graph 

I tried to learning rate for 10 different values. 0, 9 sre givi | 

1000 iteration. 
. 0, 95 are giving good result for 

Iteration=1000 
Toaal Square 

op 
4 

& r) 3,5 - 

Fel ss mat 
Bs] Se || ath 
01 13.3882 || 2 > 
0,2 1.9293 1,5 

—@— Total Square 

0,3 0.9026 1 - 

0,4 0.4086 0,5 

0,5 0.3297 0} ot 

0,6 0.2046 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 0,95 

0,7 0.1576 |. 

0,8 0.109 

0,9 0.1009 

0,95 | 0.0952 

Table 3.8. : Graph 3.4. 

(Learning rate/total square graph of temperature resistance relation) 

3.3.5. Data 

3.3.5.1. Theorical data for resistance-temperature relation 

rical results of Coefficient of Linear Expansion. 

d in this section. Therefore, differences occur at high 

about the top 10 aluminum, second 10 nickel 
This table giving theo 

Information theoris 

temperatures is neg 

and last 10 glass. 

ts were use 

lected. Information 

p(am) |TCC) | ATCC) | Ap(2m) 

x10° 
x10° 

3.70 100 80 8.80 

4.25 150 130 1.43 

716 



3.9 2.82 20 4.80 200 180 1.98 

3.9 2.82 20 5.35 250 230 2.53 

3.9 2.82 20 5.90 300 280 3.08 

3.9 2.82 20 6.45 350 330 3.63 

3.9 2.82 20 7.00 400 380 4.18 

3.9 2.82 20 7.55 450 430 4.73 

3.9 2.82 20 8.10 500 480 5.28 

3.9 2.82 20 8.65 550- 530 5.83 

45 5.6 20 7.62 100 80 2.02 

4.5 5.6 20 8.88 150 130 3.28 

4.5 5.6 20 10.1 200 180 4,54 

4.5 5.6 20 11.4 250 230 5.80 

4.5 5.6 20 12.7 300 280 7.06 

4.5 5.6 20 13.9 350 330 8.32 

4.5 
4.5 
4,5 
4.5 
5 
5 
5 
5 

a 
|S 

5 

5.6 20 15.2]! . 400 380 9.58 

5.6 20 16.4 450 430 1.08 

5.6 20 17.7 500 480 1.21 

5.6 20 19.0 550 530 1.34 | 

10 20 14.0 100 80 4.00 

10 20” 16.5 150 130 6.50 

10 20 19.0 200 180 9.00 

10 20 21.5 250 230 11.5 

10 20 24.0 300 280 14.0 

10 20 26.5 350 330 16.5 

20 29.0 400 380 19.0 

28 rs 10 20 31.5 450 430 21.5 

29 | 5 10 20 34.0 500 480 24.0 

aT. ”SC«wALCOD 20 36.5 550 530 26.5 

Table 3.9.Theorical data for temperature resistance relation. 

3.3.5.2. Normalized data 

Changed actual values in to values the multi-layer perceptron can understand. 

TE p rT, CC) Qm) | TCC 

aCe (om 33 Pt 0.04 XC 5.08 : 501 

53010. 521 0.04| 0.150 0.13 0.01 

9391 .0.0282| 0.2 0.05| 0.200| 0.18 0.02 

van 0.39 9.0282 | 02) 0.05] 0.250| _0.23 0.03 

— Sot 0.0282. O02) 0.06] _0.300| _0.28 0.03 

2 0.39} ~-+—— 97 0,06] 0.350, _ _ 0.33 0.04 

| One i——9 | 0.07| 0.400] __0.38 0.04 



8 0.39| 0.0282 0.2 0.08 | 0.450 A 

9 0.39] 0.0282 0.2 0.08 | 0.500 0-48 0.08 

10 0.39] 0.0282 0.2 0.09] 0.550 0.53 0.06 

1] 0.45 0.056 0.2 0.08; 0.100 0.08 0.02 

12 0.45 0.056 0.2 0.09| 0.150 0.13 0.03 

13 0.45 0.056 0.2 0.10] 0.200 0.18 0.05 

14 0.45 0.056 0.2 0.11] 0.250 0.23 0.06 

15 0.45 0.056 0.2 0.13] 0.300} _0.28 0.07 

16 0.45 0.056 0.2 0.14| 0.350 0.33 0.08 

17 0.45 0.056 0.2 0.15} 0.400 0.38 0.10 

18 0.45 0.056 0.2 0.16] 0.450 0.43 0.11 

19 0.45 0.056 0.2 0.18| 0.500 0.48 0.12 

20 0.45 0.056 0.2 0.19] 0.550 0.53 0.13 

21 0.5 0.1 0.2 0.14] 0.100 0.08 0.04 

22 0.5 0.1 0.2 0.17] 0.150 0.13 0.07 

23 0.5 0.1 0.2 0.19} 0.200 0.18 0.09 

24 0.5 0.1 0.2 0.22| 0.250 0.23 0.12 

25 0.5 0.1 0.2 0.24| 0.300 0.28 0.14 

26 0.5 0.1 0.2 0.27| 0.350 0.33 0.17 | 

27 0.5 0.1 0.2 0.29] 0.400 0.38 0.19 

28 0.5 0.1 0.2 0.32] 0.450 0.43 0.22 

(29 | 0.5 0.1 0.2 0.34] 0.500 0.48 0.24 

30_| 0.5 0.1 0.2 0.37| 0.550 0.53 0.27 

Table 3.9. Normalized theorical data for temperature resistance relation 

3.3.5.3 Test data 

Data in following table is giving random teoricaldata of given three materials. 

We will try to understand types of these materials with using multi-layer perceptron. 

We know that, initial 2 material aluminum, second 2 material tungstenand last 2 

materials iron. 

TEST DATA 

see Tp) ] TCC) |e(Qm) | TCO) ATCC) | Ap(OQm) 

x10? | xlO™ | x10 
x10" 

ry 13.9 2.82 | 20_ 3.9 120 100 1.10 

2 | 3.9 782 | 20 5.46 | 260 240 764 

3 (4.5 5.60 | 20 154. [410 [390 __ | 9.83 

ra | 4.5 5.60 20 22.7 700 680 17.1 

rs Ts [10.0 | 20 34.0. (500  |480 | 24.0 

STs Loo [201888 ro00__-|880__—*[ 44.0 
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Table 3.10.Theorica] test data for random temperature resistance relation 

NORMALIZED TEST DATA 

aC!) | p(Qm) | TCC) [p@m) |TCC) | ATCC) |ApQm) 
1 | 0.39 0.0282 | 0.2 0.04 0.120 0.10 0.01 

2 | G.39 0.0282 | 0.2 0.05 0.260 0.24 0.03 

3 | 0.45 0.056 0.2 0.15 0.410 0.39 0.10 

4 | 0.45 0.056 0.2 0.23 0.700 0.68 0.17 

5 |0.5 0.1 0.2 0.34 0.500 0.48 0.24 

6 |0.5 0.1 0.2 0.54 0.900 0.88 0.44 

Table 3.11.Normalized theorical test data for random temperature resistance ~ 

relation 

3.3.6. Result for resistance temperature relation 

If we make only 1x1000 Train, multi-layer perceptron is giving good results 

and able to distinguish between materials. . 

r 

1. 

i an He rant BET c |), EPR RN ESR EMMA Oa oe ys este pune Ma gt aes 7 

? i peg sprite 9 Se ht iia ts So ileal i 

Of Prosthesis ae ‘ Poise ‘s “i “sf iN i BAY oc, x a ne eee ae maa i : j iets ora a rte a F 

| Training Data Load File Reset Network | Iteration Count Learning Rate ~ Train Network] |) 

; re H 

B® 0.39 0,03. 0.20 0.040.120. 10 0.01 }1000 0.95 Testt : 

[0,39 0.03 0.20 0.05 0.26 0.240.03 = 

0.45 0.06 0.20 0.15 0,41 0,39 0.10 Iteration : 999, Total Square : 0.0829 

| J0.45 0.06 0.20 0.23 0.70 0.68 0.17 0.082955453 

0,50 0, 10 0.20 0,340.50 0,48 0.24 Gepane | 095 | 

0,50 0.10 0.20 0,54 0.90 0.88 0.44 

Nickel | ot6 | 

Glass | a00 | 

Figure 3.16-Perceptron recognized the copper 
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2. 

Bf Prosthesis 

{| Training Data Load File | Reset Network | Iteration Count LearningRate ‘Train Network| i 

| [0.39.0,03.0.20 0.040.120.100,01 fioo0 [o-95 
0.39.0.03 0,20 0.05 0,26 0,240.03 
0.45 0.06 0.20 0.15 0.410,39 0.10 ee Lon 

' 0.45 0.06 0.20 0.23 0,70 0.68 0.17 Iteration : 999, Total Square : 0082955453 
| {0.50 0. 10 0.20 0.340. 50 0.48 0.24 pa TS a 

0.50 0. 10 0,20 0.54 0.90 0.88 0.44 bows ea | -a199. 
Nickel 0.04 

Glass | 0.00 . 

Figure 3.) 7-Perceptron recognized the copper 

Wd ; : —— 
Training Data Load File Reset Network | Iteration Count Learning Rate Train’ Network} |: 

‘| [0.39 0.03 0.20 0.040, 120,100.01 fi000 [0.95 
0,39 0.03 0,20 0.05 0.26 0,240.03 zy Nek 
0.45 0,06 0,20 0.15.0.41.0,39 0,10 aherstisn 959 rata Seceees 

{| {0-45 0.06 0.20 0.23 0.70 0.68 0. 17 ' Square : 0.082955453 

0.50 0,10 0,20 0,340.50 0.48 0.24 eaeer fe 
0.50 0.10 0,20 0.54 0,90 0.88 0.44 FES | 0.02 | 

miei | aoe 
: Glass | ao2 | 

Figure 3.18-Perceptron recognized the nickel 

Training Data 

| 19.39 0.03 0.20 0.040.120. 100.01 

| |p.39 0.03.0. 20 0.05 0.26 0,240.03 

0.45 0.06.0, 20 0.15 0.41 0.39 0.10 

M9, 45 0,06 0,20 0.23 0.70.0.68 0.17 

9,50 0, 10 0.20 0,340.50 0.48 0.24 

0.50 0, 10 0,20 0,540.90 0,88 0.44 
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Figure 3.19-Perceptron recognized the nickel 

oh 

Fatt 
Ai Prosthesis _ 
Le i Ee pie Fees WEL. cast aes . 

t \ a ie 

4) Training Data load Fae | _ BESeENGHoOne | Iteration Count LearningRate ‘Train Network | 

0.39 0.03 0.20 0.040.120.100.01 fioo0 [0.95 Fa | 
0.39 0,03 0,20 0.05 0.26 0.240.03 ___ [fest Network) 
0.45 0,06 0.20 0,15 0,41 0,39 0, 10 . Ite : : | |0.45.0.06 0.20 0.23 0.70 0.68.0.17 PAROS, EGET SE hae 

Hl 0.50 0,10 0.20 0.340.50 0.48 0.24 
0.50 0,10 0.20 0.54 0.90 0.88 0.44 Copper | pone | 

Nickel | 0.00 | 

Figure 3 .20-Perceptron recognized the glass 

+ eee x : 

{| Training Data Load File Reset fetwork | Iteration Count Learning Rate 

0.39 0.03 0.20 0.040.120.100.01 1000 j0.95 

0.39 0,.030,20 0.05 0,26 0.24 0.03 ; dicate 

0.45 0.06 0.20 0.15 0.41 0.39 0.10 Iteration : 999, Total Square : 0.082955453 | 
‘ 0.45 0.06 0,20 0.23 0. 70 @.68 @.17 au 

0.50 0. 10 0,20 0.34 0.50 0.48 0.24 Copper | 0.00 | 
0,500.10 0.200.540,90 0. : 

Nickel | o00 | 

iN. 
Figure 3.20-Perceptron recognized the glass 
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Conclusion 

As a result of this study, ANN program, have seen that a successful about 

physics formulas.Especially recognition of the lens, Heat-resistance relationship and 

expansion coefficients research can gives good results. 

The method used here, Intelligent machines to understand the types of lenses, 

to distinguish between materials.Although there are the shortcomings, was a 

successful operation on physics formulas. 

This is the end of my work using the lens formulas, termal expansion formulas 

and temperature-resistance relation, MLPs were able to get the correct output. These 

results prove that artificial intelligences taught physics formulas. 

These results could be obtained from a simple computer program. However, 

these simple results being obtained by MLP, the first step to produce the formula 

include artificial intelligences. 

The existence of intelligent machines capable of producing theoretical formula 

would significantly contribute to the development of science. 
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