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ABSTRACT 

A general approach is proposed for simulating intelligent 

behaviour, after showing why a direct simulation of the natural 

intelligent system should be more advantageous than the attempt 

to simulate separately each one of its aspects. 	These aspects 

are viewed as the interaction between an organism and its 

environment in general, and intelligence is defined as the 

ability of the organism to adjust efficiently to the 

environment. 

The basic models for the organism and the environment are 

then developed, and it is shown that when they are joined 

together as an integrated system their interaction can be 

represented as a succession of states and intelligent behaviour 

can be interpreted as the capability of the organism to predict 

the sequence of states. 	This system can be viewed as a feedback 

control system and then intelligence is equivalent to the tendency 

towards stability. 

Different types and levels of complexity are defined 

for the environment to simulate the repetitiveness and 

the uncertainty found in real processes. 	The extensions 

from one level to the next are based on the increase 

in the complexity of the time patterns of states. 	Environment 

generators are implemented for producing these sequences 

and several parameters are provided for changing their 

characteristics. 	A method for adjusting to the environment 

sequences, i.e. learning to predict them, is developed and 

organism models are implemented to match the various levels • 
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of environments, having their own parameters for obtaining 

the best possible adjustment. 

Several experiments are carried out with these systems 

and their response is analysed. 	Their behaviour is 

level-independent, as a result of the original approach of 

equating intelligence to the capability of adjustment 

regardless of the level of complexity of the system. 
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CHAPTER 1  

INTRODUCTION  

1.1 Background. 

The first paper to deal seriously with artificial 

intelligence was probably Turing's "Intelligent Machinery") 

He argued that a general purpose digital computer can be 

programmed to display intelligent behaviour comparable 

to that of man, pointing out that the knowledge must be 

input to the machine in a "teaching" process. 	This process 

is applied to an initially unorganized system which in time 

should be able to cope with any tasks, of any complexity, 

this method being best suited to specific intellectual 

applications. 

Twenty-five years later we are still a long way from 

attaining the goal of an artificial intelligence comparable 

to the human one; but before trying to find possible reasons 

for this we will have a look at what has been achieved. 

In spite of the concise definition of the research goals 

in artificial intelligence - the development of a systematic 

theory of intelligent processes2 - or probably because of 

it, this research covers a large variety of problems. 	The 

obvious explanation is that in the description "intelligent 

processes" are normally included all the higher mental 

activities of man. 

One of the first fields of investigation was that of 

pattern recognition; today it is still the most important 
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subarea and its implications have reached into many branches 

of science. 	The problem in pattern recognition can be 

described as that of a many to one mapping, from a set of 

experiences to a much smaller set of internal meanings, or 

names.3 	The pattern to be recognized can be either simulated 

or actually input by any of a variety of ways - a TV camera 

for example for visual patterns. 	Almost always this pattern 

is represented internally as a two-dimensional array of 

discrete symbols. 	In real-life problems the number of such 

patterns is too large for a direct mapping to be practicable 

(by using a table for instance). 	The task of the program 

is to simplify the pattern and decide to what class it 

belongs, within given constraints of time and accuracy. 

This is usually done by a process of characterization which 

includes preprocessing of the pattern and various measurements. 

The preprocessing stage uses a set of transformations in 

order to regularize the original pattern: normalization 

for size, sharpening of edges, rotation, elimination of 

"noises", etc. 	The measurement phase varies significantly 

from program to program, but its task is always to analyse 

in the most efficient way the preprocessed pattern either 

in one or in several sti.ges, by looking for certain 

characteristics, evaluating and comparing them. 	These 

measurements are best done in a combined sequential and 

parallel mode, although the choice may depend on the 

particular type of problem. 

The crucial problem in pattern recognition programs 

is the choice of the best set of measurements to be made 
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and the order in which to make them, i.e. the decision 

between sequential and parallel search at each stage of the 

processing. 	These factors greatly affect the speed and 

indeed the feasibility of the program. 

Another important area of research is that of game 

playing. 	It had been suggested that computers are an 

excellent medium for this research even before they came 

properly into existence. 	Turing, Shannon, von Neuman and 

others described ways to solve the time and storage constraints 

by look—ahead, evaluation and minimaxing, used as far as it 

is practicable. 	The games of chess and checkers have been 

the favourites in this research, which was extended to 

game learning as well: the program changes some of its 

parameters according to previous failures and successes, 

in order to improve its future performance. 

The reason game playing programs have received so much 

attention is that games provide complex and yet well defined 

environments in which to test general problem solving methods. 

Thus, the heuristic search and learning methods used in 

these programs are similar to those in other areas of 

artificial intelligence. 

Closely linked to game playing is the area of theorem 

and hypothesis proving; the common factor in all these 

problems is that they are solved in steps, and the process 

at each step is that of a decision making. 	The program 

follows a certain preset strategy and uses a heuristic 

free search at each step. 	Many of the aspects considered 

earlier for pattern recognition are also encountered in 
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these programs and in fact in most fields of artificial 

intelligence. 

Another area in which much research is being done is 

that of robotics or, as it is usually called, integrated 

cognitive systems. 	These systems consist of complex 

receptors which act as input devices and send their signals 

to a computer; various programs then analyse these signals 

and send their decisions to an output device - a mechanical 

arm for example4. 	Such a system can be used for many tasks 

simulating intelligent behaviour in manipulating objects. 

Other areas normally classified in the field of artificial 

intelligence and which haye received considerable attention 

are: the interpretation and translation of natural languages, 

pattern creation, simulation of cognitive processes, etc. 

All the problems mentioned above have been the subject 

of considerable research effort. 	In a few cases the 

achievements are significant. 	Some pattern recognition 

programs for example have found wide applications in science 

(although they still have serious restrictions on the input 

patterns). 	And some game playing programs, notably Samuel's 

checkers program51  can perform satisfactorily against better 

than average human players. 

But these are the exceptions. 	Against them one can 
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mention the failure of the language translation projects
2
, 

the chess playing programs which are still at amateur level 

and many other problems. 	In particular, the problem of 

recognizing unconstrained nand printed characters has 

probably received more attention than any other single 

problem in the field of artificial intelligence, and still 

has no satisfactory solution6. 

• In the next section we will try to find possible 

explanations for this situation and we will propose an 

alternative way for dealing with these problems, which may 

bring us closer to achieving a higher level of artificial 

intelligence. 

1.2 The conventional approach. 

Most artificial intelligence programs have traditionally 

been specific-task programs. 	These programs are designed 

for solving one particular type of problem. 	Such a problem 

could represent a certain aspect of intelligent behaviour, 

but is usually even more restricted - for example the 

recognition of a specific class of patterns. 

This state was reached mainly as a result of the 

failure of the early general purpose programs. 	The ideal 

system in artificial intelligence has always been one that 

can simulate intelligent behaviour in general, by translating 

the various problems into a common internal representation 

and then solving them by using the same mechanism. 	This 

approach proved to be far too difficult because no such 
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representation could be found, whose implementation would 

be practicable. 	The generality of these systems has thus 

gradually relaxed, in order to bring them within the range 

of attainable goals. 

While such a step may seem to be quite logical, it 

was probably the main reason for the slow advance we are 

witnessing in artificial intelligence. 	The appeal of the 

specific-task research cannot be denied: less effort is 

needed and the chances of finding a quick solution are 

better for simplified, individual problems. 	It may be 

sometimes useful to adopt a method which is likely to bring 

a short-term, partial solution to a problem, but these cases 

should only be the exceptions. 	Avoiding the general 

approach just because it is too difficult cannot be considered 

as a serious scientific argument. 	In fact the adepts of 

the specific-task approach tend to invoke the plausible 

argument that the complex problems are composed from simpler 

ones and it is easier to solve them by tackling first the 

lower level problems. 	But this clearly is only an assumption 

and there is no evidence that by combining the solutions of 

partial problems we will solve a complex one. 	The results 

obtained so far confirm this view - apparently we are still 

at the stage of subdividing the problems into increasingly 

simpler ones; the stage of putting the solutions together 

seems to be as remote as ever. 

The systems normally classified as general are not 

actually general in the original sense. 	The problems they 
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can solve belong to well-defined, restricted sets and thus 

they are in fact specific-task programs, only their scope 

is wider. 	The term "general" is only relative to the 

specific approach, in that these systems do use a common 

representation for solving different problems. 	Unfortunately, 

little research has been done even for this limited type of 

general purpose programs. 	It is interesting to see that, 

in spite of the fact that this general approach solves 

directly more complex problems of intelligent behaviour, 

the performance achieved for the individual subproblems is 

comparable with the performance of the specific-task programs. 

The GPS7  and its various improvements and derivations 

discredit to some extent the common view that the efficiency 

of a problem-solving program is inversely related to its 

-generality. 	This makes one wonder what would have been 

the state of the art today if all the research effort spent 

in the pursuit of short-term partial solutions had been 

spent on the development of a general theory of intelligence. 

Artificial intelligence is a field in which piecemeal 

research is useless. 	We are trying to simulate the 

intelligent behaviour of man and this behaviour is governed 

in its entirety by the central nervous system. 	What may 

appear as different aspects of intelligence from an external 

point of view, are a result of the same internal mechanism - 

clearly we do not use different parts of the brain for each 

kind of problem we have to solve. 	The first mistake was 

made by trying to simulate general intelligent behaviour 
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without first understanding this mechanism. 	It was thought 

that computers are powerful enough to overcome this ignorance 

and the whole problem is only one of programming. 	Vie still 

come occasionally across those tables which compare the 

features of the brain and the computer, with the conclusion 

that apart from the fact that the computer is not a parallel 

processor, it is many orders of magnitude more efficient 

than the brain. 

Then it was realized that the problem we face is not 

mere programming and that we might have to understand more 

about the natural system before creating an artificial 

one. 	But since intelligent behaviour in general is too 

complex, most research concentrated on the study of its 

separate aspects and this was the second mistake. 	The 

separate aspects of intelligence - when viewed as the whole 

set of problems the natural system has to solve - are far 

from being unrelated, and important common factors only 

become apparent when studying the system as a whole. 	By 

choosing individual aspects the problem is indeed reduced 

to one of programming, but little knowledge about the 

natural system can be used. 	The results are well known: 

even at this low level, no matter how sophisticated the 

programs are, their performance is still far from the human 

capabilities. 	Furthermore, the research in any one of 

the separate aspects cannot enhance the understanding of 

the mechanism of the natural intelligent system as a whole, 

hindering thus its own advance. 
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This is the way the current situation was reached - 

research in artificial intelligence is mainly research in 

programming techniques. 	This is unavoidable, because by 

disregarding the integrated natural system one also 

eliminates the clues to its working procedure. 	One has 

then to find ways for an efficient simulation of a system 

one does not understand, and what should only be technical 

details in the implementation become the main subject of 

research. 

The area of pattern recognition is typical of the 

research done in the development of specific-task programs. 

There is a proliferation of effort and a variety of approaches 

and motivations, but little concrete realization of practical 

working systems
8
. 	Much research is put into the development 

of sophisticated mathematical techniques but while the 

simple problems are easily and successfully solved, no 

significant advance has been made in the solution of the 

more complex, real-world problems. 

The way this situation was produced is also typical 

of the conventional research in artificial intelligence. 

It was quickly realized that the recognition of patterns 

by using the simple and obvious method of template matching 

is impracticable for major applications. 	According to 

this method, the patterns are mapped into matrices and the 



15 

corresponding elements are comi:ared in order to determine 

how close two patterns are. 	While it is very reliable 

for fixed patterns, simple matching cannot cope with such 

common aspects as size invariance, rotation, etc. 	In 

other words, patterns which are instantly recognized by 

humans as similar may produce widely different templates. 

The possibility that the natural system uses simple 

template matching for pattern recognition was thus regarded 

as very unlikely. 	The research turned then towards finding 

ways of preprocessing the patterns and analyzing their 

features in various ways, as part of the recognition 

procedure. 	Little effort was devoted however to understanding 

the way in which the natural system processes these patterns; 

even when such research was done, the criterion for the 

correctness of an assumption on the natural mechanism was 

usually only the success of its simulation. 	The computer 

became thus a tool for testing various hypotheses and the 

research in pattern recognition consists now largely of 

the development of mathematical techniques needed for 

implementing these hypotheses. 

Meanwhile we still do not know how the natural system 

works when recognizing patterns and those who do research 

by following this approach still hope to discover a theory 

which can simulate the natural mechanism, without actually 

understanding it. 	As we have pointed out, all aspects 

of intelligent behaviour are interconnected and it is wrong 

to. study on their own problems in pattern recognition; but 



the specific-task approach goes even further - specific 

problems within this field are studied separately. 	Pattern 

recognition is a good example of the negative results of 

the conventional, specific-task approach. 	It is inherent 

to all the activities of the central nervous system, as we 

will see in Chapter 2; and yet, by following this approach 

the results from research in pattern recognition are generally 

irrelevant to the other fields of artificial intelligence, 

except maybe for obvious technical aspects of implementation. 

The natural system may or may not use some complex 

transformation and analysis processes before recognizing 

patterns. 	But why devote such a big research effort to 

finding ways for simulating these processes before under- 

standing them, or even establishing their existence. 	Maybe 

we recognize different patterns as similar not because of 

some obscure process but simply because we have learned 

that. 	In other words we recognize them as different 

patterns, but having under certain circumstances the same 

meaning - there are thus several levels of recognition 

and this is clearly a problem which has to be studied 

together with all other aspects of intelligent behaviour. 

We will see in Chapter 6 (and in the Appendix) that the 

simple matching process, when used in the context of our 

proposed general approach, is not as na1ve as it may seem. 

6 
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The scattered research which has resulted from the 

conventional approach has little chance of producing a 

breakthrough and there is no wonder that artificial 

intelligence is looked upon as the "no win" area of computer 

science
4. 	Ironically, this research in the wrong direction 

has produced results which are useful in computer science 

in general. 	The heuristic methods, the various optimization 

and search methods and the list processing languages are 

mainly a result of the overemphasis placed on programming 

techniques while trying to simulate intelligent behaviour. 

They are recognized now as major software developments in 

their own right and oddly enough, they are invoked as 

evidence for the importance of research in artificial 

intelligence, with the implication that this misdirected 

- research is going to continue. 

The fact that research in artificial intelligence has 

become involved mainly with implementation details also 

means unfortunately that its advance, like generally in 

computer science, is tied to advances in software and 

hardware technology. 	But unlike in other fields, in 

artificial intelligence we have the natural system we can 

study and it is up to us to take full advantage of this. 

If we try to simulate some of its aspects without considering 

first its whole mechanism, then we have a challenging 

implementation problem, but little hope of finding the 

right solution. 

are considering here a different approach, which 

avoids the mistakes mentioned earlier: we will attempt to 

find a satisfactory explanation for the concept of intelligent 
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behaviour; and we will do this by studying the natural 

system as a whole. 	The ultimate goal is to design a system 

which can simulate the entire set of higher mental activities 

without restrictions. 	Clearly such a project can only 

have a long-term solution and the first attempts can only 

show the way for future research. 	Also, it is impossible 

to predict at an.early stage whether such a system will be 

technically feasible when in an advanced form. 	Therefore 

implementation considerations must be viewed only as secondary 

problems in the initial phase of the research. 

The logic followed is as follows. 	Any problem we 

would like an artificial intelligent system to solve is a 

problem that can be solved by a natural intelligent system 

(by "natural intelligent system" we mean the human species, 

although some of the problems can also be solved by lower 

species). 	Any program in this field effectively tries 

to simulate one or several human capabilities. 	But all 

these capabilities are made possible in the natural intelligent 

system by the same organ - the brain. 	Then why not simulate 

directly the activity of the brain, and then all the other 

problems will be solved automatically. 

The simple answer is of course that the activity of 

the brain is too complicated to simulate, and we do not 

completely understand it anyway. 	These arguments however 

are not as strong as they may seem. 	isie do not have to 

simulate the low level actions that take place in the brain, 

for simulating the higher activities; it would not be 

practicable to do this even if we understood them. 	;Ve 
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only need to know those actions which can be observed from 

"outside", by considering the brain a "block box" and 

watching its input and output signals. 	This method has 

long been followed in psychology and the relevent results 

are well established. 

But we can go even further. 	Let us regard the brain 

not as a certain system whose activity we are trying to 

simulate, but as what it in fact is - the product of a 

long process of evolution and natural selection during 

which it has achieved its present set of capabilities. 

Rather than study its activity, we can therefore study the 

circumstances under which its capabilities have evolved. 

When we understand this aspect we can design a system which 

will respond to similar situations in the most efficient 

way. 	This will ensure that the artificial system works 

in the same way the brain does and will eventually have 

all its capabilities. 	Another advantage of simulating 

directly the natural intelligent system becomes now apparent: 

this is a perfectly general system that not only is known 

to work but also, being the result of a continuous evolution 

process, is the best possible system for the problems it 

has to solve. 	Ahy bother to discover mathematical and 

optimization techniques for one problem at a time, when 

we have at our disposal the final product and the proof 

that it can solve any of these problems in the most efficient 

way. 

The idea of simulating the activity of the brain is 

not new. 	Many of the specific-task and general purpose 
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programs discussed earlier model their working procedures 

on the natural system. 	Our approach however is an attempt 

towards complete generality — a direct simulation of the 

natural system without considering any application in 

particular. 	Those programs only simulate some aspects 

of the natural intelligent behaviour, as relevant to their 

applications and always departing from the original idea 

because of practical implementation constraints. 	Since 

we are not looking for an immediate solution to a particular 

problem, we can afford to follow with more fidelity our 

theory. 	We believe that in the long run this will pay 

off by providing answers that the solution of partial 

problems cannot provide. 

The results of the conventional approach have been 

scattered research effort and a departure from the practical 

aims through too much involvement with the means of achieving 

them. 	The hardware constraints can always be blamed for 

the limited performance but each new generation of computers 

has seen its capabilities (which were orders of magnitude 

higher than the previous ones) stretched to the limit within 

a short period, without a significant improvement being 

achieved in the "intelligence" of the programs. 	We ought 

to be sceptical therefore of ever achieving performances 

of the human level by these methods. 	It has been remarked 

in connection with the chess programs that for making a 

significant breakthrough what is needed is a radical advance 

in the theory of machine intelligence and not just an 

improvement in programming and hardware technology9. 
It is still generally believed that by trying to solve 
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specific problems we will eventually achieve performances 

comparable to the human ones; and that if we can solve 

elementary problems then we can solve problems of any 

complexity, simply by breaking them down into elementary 

processes. 	The evidence accumulated so far contradicts 

these beliefs. 	A frontal attack on the problem of 

intelligence as a whole seems to be the only way left. 

This is a long-term project and we cannot expect any 

spectacular results in the near future. 	But then, the 

specific-task programs were thought to be simple projects 

with guaranteed short-term results, and two decades later 

we are still struggling with the original problems. 
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CHAPTER 2  

PRELIMINARIES  

2.1 The definition of intelligence. 

In this section we want to find a definition for the 

intelligence we will try later to simulate. 	It may seem 

unnecessary to look for a definition, in view of the fact 

that we have decided to simulate the natural intelligent 

system as it is, and take it for granted that it is the 

best such system, as a result of the evolutionary process. 

However, we need a definition and there are two reasons 

for this. 

First, we have to remember that although we want to 

simulate the natural system, we do not know how it works; 

we have decided to regard it as a black box and study its 

behaviour as seen from "outside" only. 	This means that 

we will not be able to simulate the basic mechanism and 

then expect the behaviour of the resulting system to resemble 

the natural one. 	We must simulate directly this behaviour, 

as we know it and by means best suitable to a digital computer, 

whether the basic process resembles or not the natural one. 

Therefore, before we attempt to simulate it, we have to 

find out precisely what this behaviour consists of and 

since all the higher mental activities are based on it, 

it will be our definition for intelligence. 

The second reason is technical. 	When we simulate 

the intelligent system we will need a criterion on which to 
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judge its performance. 	Also, we will try to improve it, 

by changing the values of parameters for instance, and again 

we will need a criterion to decide which is the best version. 

A simple and unambiguous definition for intelligence is 

thus essential. 

The literature on artificial intelligence offers many - 

definitions for the intelligence of a system. 	They range 

from the general ones, e.g. the ability to display a behaviour 

similar to a human one under the same circumstances, to 

very precise definitions limited in scope to particular 

tasks. 	As one would expect, the general definitions tend 

to belong to the general purpose programs while the more 

precise ones to the specific-task programs. 	The best 

known definition, which is also the most general of all, 

- is the Turing test10: if a man communicating via a teleprinter 

for a sufficient period of time cannot decide whether at 

the other end is a computer or another man, then we can 

conclude that the behaviour of the program under which the 

computer works is similar to a human behaviour. 	This 

test can in theory cover all the aspects of human intelligence 

but, being only a test, it cannot help us in actually 

designing the program. 

The specific definitions concentrate on the particular 

aspects of the human behaviour the specific-task program 

tries to simulate. 	For the pattern recognition programs 

for example, intelligence means the ability to classify a 

pattern, normally visual, according to certain characteristics. 

Usually the definition is even more restricted, to specific 
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types of patterns: geometric forms, letters, etc. 	For 

game playing programs intelligence means the ability to 

choose the best winning strategy, to vary it in the course 

of a game as necessary and perhaps to learn from its own 

experience, and so on. 

The general purpose programs also limit their definition 

of intelligence to specific mental tasks, although these 

tasks include more aspects of human behaviour. 	The task 

is usually problem solving, as in all integrated cognitive 

systems (robots) and in the General Problem Solver mentioned 

earlier. 	It is argued that any human intelligent behaviour 

involves problem solving of some sort and that if a problem 

can be adequately represented internally the program can 

solve it by using a fixed, basic procedure. 	Unfortunately, 

as we pointed out in Chapter 1, there is no proof that any 

complex problem can be solved by breaking it down hierarchically 

into subproblems, and therefore we cannot take the ability 

to solve problems as our definition of intelligence. 	Apart 

from this, the internal representation of the problems is 

a very difficult question, as yet virtually unsolved. 

Psychology is a much older science than artificial 

intelligence and we could expect to find in this field 

suggestions for the definition of human intelligence. 	It 

is interesting to see however that in psychology the research 

has been following the same lines: there is much literature 

on specific aspects of behaviour and practically none on 

an integrated theory of intelligence. 	It is common to 
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find texts dealing separately with subjects like learning, 

memory, problem solving and concept identification, without 

making any attempt to put them together and find their 

interrelations - something that could be taken as the basic 

de.finition of intelligence. 	More recently, when psychologists 

started using computers for simulating their theories, this 

trend has continued and the theories simulated are invariably 

models of specific aspects of intelligence
11
' 12. 	These 

models are in fact closely related to the specific-task 

programs in artificial intelligence. 	It is suggested that 

the heavy use of computers for modelling specific intelligence 

tasks has produced a decline in the interest psychologists 

show for a broad, general approach to intelligence in their 

experiments with human subjects13. 

It is quite easy to define intelligence for a particular 

task - it means solving that task in the most efficient way; 

and the more restricted the task is, the easier it is to 

test reliably the intelligence of the system built to 

simulate it. 	It is meaningless to try to define intelligence 

as an abstract term, without considering the particular 

context in which it has to be applied. 	The definitions 

discussed above have one thing in common: their economy. 

Clearly, there is no need to use a broad definition and 

build a model to satisfy it if we are only interested in a 

subset of its specifications. 
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There are several ways we can try to find a definition 

which would encompass the whole range of intelligent 

behaviour. 	One is to put together all the definitions for 

particular tasks and build a model which can cope with each 

one of these tasks; but this - if at all feasible - is 

little more than using a separate model for each task. 

Another way is to find what are the common requirements 

for the solution of all individual tasks. 	It must be 

reemphasized that our basic assumption is that there is a 

set of features present in all aspects of mental behaviour, 

and that the natural intelligent system does not have sub-

systems specialized for the individual tasks it can cope 

with. 	In other words, these tasks only look different 

when seen in the context of the organism as a whole, but 

they must all be processed in an identical way by the central 

nervous system. 

If we can find these common requirements then we can 

build the ideal general intelligent model. 	But finding 

them is a difficult problem, since it means using a deductive 

method and analysing all the mental tasks one can think of. 

We will follow a different and easier approach: we will 

define the intelligence needed for solving a specific task, 

but this specific task will be precisely the set of common 

requirements needed for all aspects of mental behaviour. 

We are thus defining intelligence not at the level of the 

organism as a whole, but at the level of the brain. 	All 

we have to do then is to find out what is the task of this 
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organ. 

i‘e have no intention to go into any physiological 

details, because it is sufficient for our purposes to 

regard the brain as the result of a long process of evolution, 

being now in the higher species the main instrument of 

survival. 	The problem of survival is a problem of being 

able to adapt to the environment and it has two aspects. 

One is the survival of the species as a whole, a slow 

process of changes in the anatomical configuration of the 

animal in the course of many generations. 	The ability to 

produce such changes is essential in a changing environment 

and the mechanism of natural selection ensures that only 

those species which can change together with their environment 

will survive. 

The second aspect is the survival of each member of 

the species. 	Clearly no anatomical changes are possible 

for the individual and besides, the changes in the environment 

that the individual member has to cope with in its limited 

life span are of a different nature. 	These are much faster 

changes and most of them are only temporary. 	The organism 

not only has to adapt to the changes in its environment as 

quickly as possible, but may also need the ability to discard 

new habits as quickly as it had acquired them. 	It is for 

this crucial task that the brain has specialized in the 

course of evolution. 

All aspects of mental behaviour are therefore aspects 

of the brain's ability to adapt to the organism's environment. 
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Ne can formulate then our definition of intelligence as 

the ability to cope with the environment in the most efficient 

way. 	vie have reached this conclusion following a logical 

argument, but obviously it cannot be taken as a formal proof 

that any mental task can be reduced to the task of adapting 

to the environment. 	Ne take it as a definition - the 

most general definition of intelligence - and we will use 

it in the future for defining the system which should exhibit 

this quality, implementing, improving and studying its 

performance. 	Also we must remember that the definition 

as formulated above applies to the brain only, not to the 

organism; thus the other organs, in particular those which 

come into contact with the environment, can be considered 

as the tools by which this general definition of intelligence 

is translated into intelligence for solving specific problems 

in the sense of the specific-task models described earlier. 

We only intend to simulate the behaviour of the brain, to 

which this definition applies. 	Therefore, whenever we 

use in the future the term "organism" it must be understood 

that what we mean is the "owner" of the brain - the organism 

as such is not the subject of our research. 	The brain by 

itself is clearly only a theoretical concept: it could not 

exist and it could not have evolved to what it is anyway. 

The inclusion of the organism in the discussion is essential 

for using our definition for intelligence, the organism 

being the means of communication between the brain and the 

environment, and also the reason for its existence. 

Our approach to the definition of intelligence is very 
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much cybernetical14. 	This science, being an integration 

of concepts from many fields — psychology and artificial 

intelligence among them — has a very broad interpretation 

for intelligent behaviour
15. 	In fact, it does not even 

refer to behaviour as "intelligent", because of its implication 

of an animal system. 	Cybernetics does not differentiate 

between natural and artificial systems, disregarding technical 

details and studying them from a general point of view by 

emphasizing the behaviour of the system as a whole rather 

than its individual parts. 	The problem cybernetics is 

concerned mostly with in a system is its stability. 	All 

closed systems, artificial or natural, possess a feedback 

mechanism which tends to bring them to a state of equilibrium. 

The organism and the environment are regarded in cybernetics 

as a closed natural system16, the organism being able to 

adjust its relationship with the environment so that the 

system is always in equilibrium. 	It is this quality we 

have interpreted as intelligence in our definition, but 

we argued that it has developed as a necessity for the 

survival of the organism17  rather than involing the more 

general and abstract cybernetical criterion of stability. 

Ve will consider now the implications of the definition 

we have adopted for intelligence. 	The organism is aware 

of its environment through its sense organs and can act 
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on it through its motor organs. 	The brain must communicate 

with the environment via these organs and by means of 

specially coded signals. 	Coping efficiently with the 

environment has to be interpreted as producing an adequate 

response in each particular situation (we will see later 

what the terms "response" and "situation" must mean). 

Therefore the action of the brain must be to recognize and 

to produce specific combinations of signals. 	If we replace 

the term "combination of signals" with "signals pattern" 

then this becomes a problem of pattern recognition. 	But 

there is more to it than a simple pattern recognition process. 

The brain must be able to find the correct responses by 

itself from the continuous stream of patterns, and also 

to change them according to the changing environment (we 

disregard the innate behaviour, which only amounts to a 

small proportion of the total intelligent behaviour in the 

higher species, especially man). 	In addition, the time 

dimension has to be taken into consideration in the pattern 

recognition process. 	The organism would adjust better 

to its environment if it could remember not only the correct 

responses, but also how long before and how often had each 

situation occurred; and it would be even better off if 

it could also remember the degree of success (in the sense 

of coping with the environment) achieved with the various 

responses. 

As already pointed out, we do not intend to try to 

find out how the brain does this; we only know that in 

order to cope efficiently with the environment it has to 

do it, and what we intend to do is try to simulate this 

process. 
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The model for simulating the intelligent behaviour 

of the brain cannot be a simple pattern recognition program. 

It has to learn and modify its knowledge by itself through 

its contact with the environment only, and it has to cope 

with complex combinations of patterns. 	Still, it may seem 

surprising that such a model should be able to simulate 

all aspects of intelligence, just by this process. 	It 

is impossible to prove it at this stage. 	We can only say 

that, according to the logic we have followed, it ought to -

but we must remember that we are only simulating the brain 

and many tasks of intelligence rely heavily on specific 

organs. 

Our problem is then to simulate an organism which can 

adjust to its environment as efficiently as possible. 	Next, 

- we will define more formally this system, so that we can 

later implement it and study its performance. 

2.2 The organism and the environment. 

We are still viewing the organism and the environment 

models as black boxes, since at present we are only interested 

in their external behaviour. 	►'+'hat we need at this stage 

is to find the minimum requirements which would enable them 

to act as the two components of the system described in 

section 2.1. 

We will consider first the organism model. 	Its first 

requirement is obviously the sense and motor organs, these 

being its only means of communication with the environment 
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and thus essential for fulfilling our definition of 

intelligence. 	A natural organism has a limited number 

of such organs. 	Furthermore, each organ can only act in 

one direction and is capable of transmitting from or to the 

environment messages only from a specific and limited range 

of values. 	All these restrictions are due to physical 

limitations and since we want to simulate the natural 

organism as it is and we will eventually have to implement 

this model, there is no reason to relax any of them. 	The 

organs are connected to the brain by nerves which act as 

direct communication links. 	The brain receives and sends 

signals which correspond to the signals exchanged between 

the organs and the environment. 	Since we are only interested 

in simulating the brain, we will only consider the signals 

between the brain and the organs. 	These signals also are 

from a specific range for each organ but unlike the organ-

environment signals they are organ-independent, similar to 

one another in their nature. 	This means that in simulating 

them we can use the same type of values for all of them. 

We will use the term "input and output channels" in 

our model for designating the connections of the brain with 

the sense and motor organs respectively. 	We are simulating 

an organism in general, therefore the number of channels 

and the range of signals are not important. 	We can state 

then that our model must have m input channels and n output 

channels, each one transmitting signals of the same type, 

in possibly (but not necessarily) different ranges of values. 

The other requirement for the organism model is a 
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processor P which acts on these signals so that the net 

result, as seen from outside, is an intelligent behaviour 

in the sense of our definition. 	Clearly, this is the 

central component in the model, uhose simulation is the 

most difficult. 	Its mechanism is not relevant at this 

stage and will be discussed in Chapter 4. 	The basic 

organism model and its relation to the environment is 

represented in Figure 2.1 (i and o stand for the input and 

output channels respectively). 	It must be remembered 

that we have eliminated the organs from their role of 
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Figure 2.1 	The basic organism model. 

intermediaries between the channels and the environment, 

since we consider them as irrelevant for a general model. 

It may be convenient in fact to regard them as part of 

the environment: the organism is as much restricted by 

their capabilities as it is by the characteristics of the 

environment. 

In the natural organism the signals between the organs 

and the environment are of an analog nature, ►►hile those 



between the organs and the brain (the ones simulated by 

the channels in our model) are more complex, their values 

having both an analog and digital significance. 	‘;e are 

not interested in their exact nature since we have to 

consider our own implementation problems. 	The model will 

eventually be simulated on a general purpose digital computer, 

therefore the simulation will have to be digital for both 

the values of the signals and the time dimension. 	In 

other words, the signals themselves will be converted from 

analog to digital and their values will be observed at 

discrete time intervals. 	The action of the processor 

must also be geared to this digital sampling method, so 

that the behaviour of the model as a whole is only defined 

at the sampling time steps tn. 	This will not pose any 

_problems because at this stage we will not have to make 

any analog to digital conversions. 	The model is purely 

theoretical, all processes being simulated. 	When the actual 

time dimension of a real process has to be simulated, the 

time intervals can be made arbitrarily small so that no 

information is lost. 

For convenience we will decide that the subscript n 

of the time steps can only be a positive integer, the 

simulation of a process starting at time step t i  and 

continuing as long as necessary. 	The origin of the time 

axis is thus zero, but the process itself would be the same 

if translated anywhere on this axis. 	In other words, it 

is not a function of the numbers n, but only of the relative 

position of the time steps t11 from the origin. 

There will be no time units as such and we can conveniently 

3" 
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define the time interval as one unit. 	But these units 

have no meaning outside the context of the particular process 

simulated; the interval is a function of this process, 

specifically it is the longest possible interval which 

still produces a correct simulation. 	In fact these intervals 

do not even have to be of constant length throughout the 

process: they will be matched to it so that only the signals 

at significant steps are taken into consideration. 	Since 

the system organism — environment is a closed, fully simulated 

system, this is clearly the most efficient way of representing 

the time dimension. 	As we will see later, the number of 

time steps needed for simulating a process is strongly 

correlated to both the time and storage required. 	For 

a real—world process it is usually easy to define the 

significant steps' and this will not be a problem in the 

later stages of development. 	In the following we will 

not mention it any more and when referring to a certain 

time step tn, previous step tn_ i  or next step tn+1, we will 

mean the logical steps, as relevant to the process simulated. 

We are now going to make some simplifications to our 

model. 	Rather than having m input channels and n output 

channels, each transmitting signals from a specific range, 

the model can have only one input and one output channel 

with signals from wider ranges. 	These ranges will be a 

function of, respectively, the ranges of all the original 

input and output channels. 	It can be easily shown that 

this does not result in any loss of generality. 	The signals 

are all defined at every time step and have values of the 
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sane type, which can be represented by integers, all 

positive and within a fixed range for each channel (due 

to their digital representation). 	Each such combination 

of values can be coded into a unique representation, for 

example by using a number system with the radix larger than 

the largest possible value of the signals and using these 

values as digits, in a fixed order. 	In this way the signals 

can be una.nbiguously coded or decoded, according to whether 

they are from the input or output channels. 	In practice 

of course the method used for this reduction will depend 

on the implementation used. 	The simplified version for 

the organism model is shown in Figure 2.2. 

Figure 2.2. 	The simplified organism model. 

The next simplification is another step in the same 

direction. 	►'►e can combine the values of the new input 

and output channels into a single value, in a way similar 

to that used for the combination of the several original 

channels into one. 	tie will call the new value "state" 

since, at each time step, it completely identifies the state 

of the relationship between the organism and the environment 

(strictly speaking, between the brain and the organs). 

The process simulated can then be represented, as far as 
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the signals are concerned, by a succession of states S:1̀)  

defined at time steps to (the superscript 0 means that 

these states are viewed from the organism side). 	The 

diagram for this final version is given in Figure 2.3. 

   

ENVIRONMENT 

 

   

Figure 2.3. 	The final organism model. 

Since the value of Sn is a combination of two values 

which act in opposite directions, the direction of the arrow 

in Figure 2.3 is a matter of convention. 	We decide to 
0 

point it towards the environment and the state Sn should 

then be regarded as the action of the organism on the 

environment. 	But we must keep in mind that its value has 

two parts — the former input and output values — and we 

will have at times to consider them separately. 

There is clearly a finite number of values a state 

may have, because these values are formed from the finite 

number of the original signals, each of which could only 

have a finite number of values. 	But for any actual 

applications this number must be very large, being in fact 

a compact coding of all possible relations between the 

organism and the environment. 

The reductions described above have no effect on the 

processor P. 	In fact we cannot make any changes in the 



38  

processor at this stage, because all we know about it is 

its role, having left all the details for the implementation 

stage. 	The one implied simplification is that it will 

have to handle now only states, rather than several input/ 

output channels. 	Its only contact with the environment 

is therefore in the form of a sequence of states and this 

surely will be reflected in its internal mechanism. 	Also, 

the range for the values of these states, as well as the 

number of different states that may exist, will have to be 

restricted according to the time and storage requirements 

they will pose on the processor, when implemented. 

We will examine now the model for the environment. 

We are only considering here the environment from an external 

viewpoint, as we did for the organism. 	The model therefore 

will be a black box, with input and output channels, these 

being its only contact with the organism. 	The environment 

model must also have a processor P whose role is similar 

to that of the organism: to act on the signals transmitted 

by the channels so that the net result, when seen from the 

side of the organism, will be a simulation of the process 

to which it has to adapt, i.e. to exhibit intelligent 

behaviour as defined earlier. 	The functions of the two 

processors are different, but the difference will only be 

reflected in their implementation and it is not apparent 
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at this stage. 	The diagram for the environment model will 

be similar to that of the organism and is shown in Figure 2.4. 

ORGANISM 

Figure 2.4. 	The basic environment model. 

.There are m output and n input channels, which 

correspond on a one to one basis to the m input and n 

output channels of the organism model. 	It is important 

to realize that, although these channels- are in a one to 

one correspondence, we have to define the two models without 

the requirement that at each time step the corresponding 

signals are identical. 	This may seem strange and the 

explanation is as follows. 	If all the corresponding 

signals are equal by definition, it means that the organism 

fits perfectly in its environment by definition. 	But we 

require a process of adaptation and this is incompatible 

with permanent equality. 	Apart from this, if the signals 

were equal it would be superfluous to discuss both models, 

or to have channels of communication between them. 

The definitions for the input and output signals have 

to be in accordance with their functions in the natural 

system. 	For the organism it is obvious and has already 

been stated as the signals the organism receives from and 



/,0 

sends to the environment. 	For the environment the definition 

for the output and input signals will be respectively, as 

those sent to the organism and those expected from the 

organism if a perfect adjustment is to exist. 	This will 

be discussed in more detail in the next section. 

The model of the environment can be reduced in a 

similar way to that of the organism, but with the channels 

considered now from the side of the environment. 	The 

final version is given in Figure 2.5. 

ORGANISM 

a■. 

Figure 2.5. The final environment model. 

As a matter of convention the arrow points towards 

the environment as it does in Figure 2.3, but clearly the 

states Sn
E   (the superscript E means that these are environment 

states) may not be identical to the corresponding states 

Sn, since they are a coding of the environment signals 

(which may not be equal to the organism signals, as explained 

above). 	The way the coding from the original signals to 

the final states is done must however be identical, so that 

the states correspond like the original channels did. 

The system.  

In this section we will combine the definition of 

intelligence and the two models we have developed. 	In 
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other words, we will find out what must be the behaviour 

of these models, when joined together, so that the definition 

of intelligence is fulfilled. 

The natural organism and environment cannot exist 

separately. 	They are the result of an evolution process 

which they have undergone while constantly interacting. 

Our way of studying them separately was purely theoretical. 

We have assumed the minimum requirements for fulfilling 

their respective roles and now, if we combine them the 

resulting system must display features similar to those of 

the natural integrated system. 	The feature we are interested 

in is the tendency towards stability, intrinsic to all 

closed systems. 	This stability is achieved in the natural 

system by the organism's capability to adapt to its 

environment. 	If the organism cannot adapt, then it will 

not survive and the unstable system will cease to exist. 

Perfect adjustment is only essential to survival in the 

long term; in the short term there are bound to be transient 

periods of improper adjustment when sudden changes occur 

in the environment. 	If intelligence is the ability to 

cope with the environment in the most efficient way, this 

means that the organism should be able to make these situations 

as few and as short as possible. 	This is another way of 

saying that it should be able to keep the system as stable 

as possible. 

Similarly, in our artificial system formed by joining 

the two models, the requirement for stability must be a 

requirement for the organism to adjust to the environment. 
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Recalling the definitions of the signals to and from the 

separate models, adjustment is achieved by the equality 

of the organism and environment states: the organism is 

perfectly adjusted at time step t11 if S0  = S
E
. 	Clearly, 

for the adjustment concept to have any meaning, we have to 

assume that the two states occur simultaneously, i.e. the 

organism cannot "see" first the environment state and "copy" 

it for achieving equality - it has to predict it. 	The 

interpretation of intelligence in the artificial integrated 

system must therefore be: the ability of the organism to 

predict the environment states as accurately as possible. 

The qualification "accurately" must be considered in relation 

to the way the coding from the original signals to states 

is done. 	What is meant is that we require the signals 

to be as nearly equal as possible in as many corresponding 

channels as possible. 	The result of the signals comparison 

is not a yes-or-no answer but one of relative closeness 

and that for the states comparison must be the same. 	The 

signals can vary over wide ranges and we cannot require 

perfect identity, especially after their coding to states. 

The results of intelligence tests can therefore be only 

relative: an organism model is more intelligent than 

other if its states are closer (as explained above) to the 

environment states. 	Although the actual degree of.closeness 

is relevant, we should not ask for identity in a real-world 

application. 	It must be emphasized that this is only a 

problem in practical applications of the system and, as 

we will see in Chapter 4, for our present purposes we can 

ignore it. 



43 

se have thus reduced the definition of intelligence 

to the ability of the organism to predict the environment 

states, and we make no restrictions on the way this prediction 

is to be done. 	In particular, it is not necessary that 

only the previous environment state S
n-1 

is used for determining 

S. 	The organism may well have to use the information 

gained several time steps before or the results of some 

internal processes. 	The only restriction is of course 

that it decides on the value of Sn 0  before the time step tn. 

Also, we will only be interested in the kind of 

intelligence that uses only the information in the environment 

sequence (from time step t1 ) for predicting its future states. 

Although not restricted by the definition of intelligence, 

we will not consider the case of innate behaviour, when 

the organism has ,built-in knowledge about the environment. 

It is possible to display perfectly intelligent behaviour 

by using only this kind of knowledge, which can contain 

whole sequences of environment states. 	This knowledge 

cannot be modified and clearly such a system can only be 

successful for simple processes, i.e. a limited number and 

combinations of states and no changes in the environment. 

In the lower species the innate knowledge forms a larger 

proportion than the acquired one and the environments they 

have to cope with are accordingly relatively simple and 

constant. 	They can be perfectly adjusted, displaying 

intelligent.behaviour in the sense of our definition. 	But 

we will only consider the organism which displays intelligent 

behaviour through adjustment, starting with no knowledge 

at all at time step ti, and all its acquired knowledge being 
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modifiable. 	Such an organism is a simulation of the higher 

forms of life, particularly man, for which the innate 

behaviour is only a small proportion of the total intelligent 

behaviour they are displaying after being in contact with 

their environment. 	Our organism model must therefore be 

able to predict the environment states only by using the 

previous sequence — its "past experience". 

How can we interpret the necessity for the organism 

to predict the environment states? 	For answering this 

question we have to consider the states as formed from an 

input part and an output part: the two values from which 

the value of the state is derived and which in their turn 

are a coding of the original input and output signals. 

Also we have to remember that when comparing the organism 

and environment states we are effectively comparing the 

corresponding one's input channels with the other's output 

channels, and vice versa, due to the agreed coding. 	As a 

result of this coding we are also comparing the combined 

organism input part with the combined environment output 

part, and vice versa. 

In the previous section we have defined the input and 

output parts of the organism states as the signals it 

receives from, and the signals it sends to the environment, 

respectively; and the input and output parts of the 

environment states as the signals the environment expects 

from the organism for a perfect adjustment, and the signals 

it sends to it, respectively. 	The prediction of an 

environment state has therefore a twofold effect. 	Firstly, 

if the organism predicts accurately the environment's output 



part (and makes its own state's input part equal to it), 

we can interpret this as an ability to foresee the next 

event likely to affect it and thus be prepared for this 

event and be affected in the most advantageous way. 	This 

is a passive action for the organism and does not include 

of course possible responses it may produce in the following 

time steps. 	Secondly, if the organism predicts accurately 

the environment input part (and makes its own state's output 

part equal to it), we can interpret this as an ability to 

foresee the next action which, if produced by it, will 

cause the best possible adjustment at that time step. 

This .is the action which requires the least effort, and 

which affects the environment in the most advantageous way 

for the organism. 

These interpretations have no practical value and are 

only given to show the similarity with the natural system 

we are simulating. 	In practice, after the value of the 

state is formed, no more reference needs to be made to the 

original signals, or to the input and output parts. ' The 

organism's processor sees the environment as states, and 

can only produce states. 

There is one more thing worth mentioning in this 

context. 	iVe have assumed an unlimited number of input 

and output channels, and that all these signals can vary 

from one time step to the next, forming any possible 

combination. 	But in practice these changes are much more 

restricted and only in complex processes will the change 

from one state to the next be due to changes in more than 

'*5 
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a few of the signals. 	In most processes a change is 

likely to occur only in the input or output part, or indeed 

only in one channel. 	In particular, the commonest case 

is when in one state the relevant change is in the input 

part and in the next state in the output part, this being 

the simulation of a stimulus-response situation. 	Both 

changes in this case are usually due to changes in one 

channel only, all the other signals being constant. 	Indeed, 

as we know from experiments with human subjects, it is 

difficult to cope with as few as two or three signals at 

the same time. 	But simulating the whole states and 

considering the resulting changes in the value of the states 

does not detract from the simplicity of the simulation 

- or from the efficiency of its implementation: we can 

- always reduce the number of different states allowed, and 

this is effectively a reduction in the number of channels 

and/or in the range of their signals. 

We have decided that the organism and the environment 

must be regarded as one system whose main feature is the 

tendency towards stability. 	Ne also said that it is the 

responsibility of the organism to achieve this stability. 

But this statement needs a justification. 	For clearly, 

as far as the system as a whole is concerned, stability 

can be achieved by an adequate response of either the 

organism or the environment. 	In practical terms this 
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means that it does not matter which one is trying to predict 

the other one's states and equate its own states to them, 

as long as equality is achieved. 	It could be the organism, 

or the environment, or both at the same time. 

We cannot dismiss the possibility of the environment 

displaying intelligent behaviour and adjusting itself to 

the organism as illogical and unworthy of consideration. 

For example, in the natural system the environment can 

be at times another organism which, in its turn, regards 

the first organism as its environment and tries to adapt 

to it. 

We will assume however that only the organism can 

contribute to the stability of the system. 	The reason is 

that, although the environment does adjust to the organism 

in the natural system, this happens so much slower that 

we can safely ignore it. 	While the adjustment of the 

organism to the environment is a short-term process requiring 

fast changes in behaviour, the adjustment of the environment 

to the organism is unlikely to be noticed except over long 

periods of time and cannot affect the stability of the 

system. 	In fact these changes are usually so small that 

they can only affect the species as a whole and are 

insignificant during the life span of an individual organism. 

For example, if we consider the language as part of the 

human environment, it is the individual that has to learn 

it as it is, i.e. to adapt to the environment. 	Although 

the language itself tends to change and develop according 

to the needs of the people using it at various periods, 
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these changes are so slow that they are hardly noticed by 

the individual (the addition of some technical words to 

the vocabulary for instance). 

And even when in the environment there are other 

organisms, we have to remember that the organism we are 

studying normally interacts with several others. 	Although 

at each such interaction the organism in the environment 

may try to adjust to the first one as much as this one 

tries to adjust to it, the same happens between all other 

pairs, so that the net result is a very slow mutual adaptation 

(for example the habits which are considered traditions in 

a human society). 

Since we will use our system for simulating relatively 

short processes, we can decide that it is only the organism 

that has to adjust its behaviour to that_ of the environment 

and we can safely ignore the slow adjustment of the environment 

to the organism. 	hhen we simulate the sequences of 

environment states we will assume that, irrespective of 

its complexity, the environment behaviour is constant 

throughout the duration of the process to which the organism 

tries to adapt. 	The environment states can then be preset 

for a whole process, because they cannot be affected by 

the organism. 	It is important to see that this assumption 

does not imply that the environment cannot be acted upon 

by the organism. 	What does not change is the best such 

action at each time step, the one that the organism should 

make for perfect adjustment. 
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The usual cybernetical approach is to view the system 

organism-environment as a closed system which achieves its 

stability by means of a negative feedback process. 	It 

is then similar to any other control system, natural or 

artificial, not only in its external behaviour, i.e. tendency 

towards a stable state, but also in the way it achieves it. 

As we have already stated, this is not a coincidence: 

firstly, equilibrium is a basic requirement for all systems 

and one that could not achieve it would simply cease to 

exist; secondly, the only way equilibrium can be achieved 

in a closed system is by negative feedback. 	But from the 

previous discussion it is obvious that, although the system 

organism-environment can be described as a feedback control 

system, it does not achieve its stability with a simple 

feedback loop. 	In fact we can distinguish between three 

levels of behaviour in this system. 

At the lowest level are those biological processes 

commonly mentioned in cybernetics as examples of the similarity 

18 with the man-made control systems 16'18. 	These are the 

mechanisms which regulate the body temperature and hydration, 

the concentration of various chemicals, etc. - all these 

being known as homeostatic mechanisms. 	Homeostasis is 

the term used for stability in this context and these are 

the elementary processes needed for the organism's adjustment 

to its environment. 	The typical action is as follows: 

The value of a certain variable in the organism has to be 

kept within fixed limits. 	If some changes in the environment 

produce a dangerous deviation in this variable, the difference 
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between the safe and the actual value is sensed by the 

organism and used for changing other variables until the 

value of the first one is again within its safe limits. 

Several of these mechanisms may interact, and some may only 

act inside the organism (without contact with the environment), 

but homeostosis as a whole can be viewed as a typical feed- 

back control system. 	Its main feature is a relatively 

fast response: a change in the environment produces a 

virtually immediate adjustment of the organism. 	We should 

also include in this category the more complex, slower 

mechanisms like the basic instincts and drives. 	To conclude, 

the first level of stability can be described as adaptation 

through built-in knowledge, and must exist in any species. 

At the next level comes the adaptation through acquired 

knowledge. 	The stability achieved by these means is less 

important for the short-term survival problems, which are 

generally solved by the first level mechanisms. 	It is 

needed for an efficient and successful integration of the 

organism in its environment, i.e. the long-term survival 

problem, and is thus essential for the survival of the 

species to which the organism belongs. 	This mechanism - 

interpreted in our simulated system as the prediction of 

the environment sequence - has already been described, but 

here we must point out that its feedback control is different 

from the simple biological mechanisms, 	Apart from the 

fact that its response is very much slower (a necessary 

feature that helps it to ignore the temporary, trivial 

changes in the environment dealt with by the first level 
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mechanisms), the difference between the correct and the 

actual response is not fed back for its immediate use in 

correcting the organism's response. 	Instead, it is used 

for changing some internal variables towards a more accurate 

response next time the same situation is encountered. 	The 

negative feedback process is applied to each situation 

separately, so that the correct response to a particular 

one needs not be a function of the response to the immediately 

preceding ones. 

This kind of adaptation is clearly superior to the 

first one, since it imposes less restrictions on the number 

of changes in the environment and on their extent. 	In fact, 

for the higher species - man in particular - there is 

virtually no limit. 	Such a level of adaptation cannot be 

- reached directly by innate mechanisms which are always 

biologically limited; what is necessary then is an innate 

capability to achieve this kind of adaptation, like a general 

purpose system that is not designed for any particular 

application. 	A system having this quality is called an 

ultra-stable system, for emphasizing the fact that the 

stability it can achieve is of a higher level than that of 

the simple feedback control systems. 

The third level of stability is that achieved by the 

adjustment of the environment to the organism. 	As we have 

explained, this process is so slow that it is insignificant 

in the study of the individual organism. 	It is never 

taken into account, except in studies on the evolution of 

a species. 
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For our simulation model we are only considering the 

second level of stability, that achieved through constant 

interaction between the organism and the environment. 

Although we have defined intelligence as the general ability 

of the organism to adjust, we ignore the contribution of 

the trivial processes of the first level. 	Since we are 

simulating the environment as well, we can do this simply 

by eliminating from the process that part to which the 

homeostatic mechanism would respond in the natural system. 

Another point already mentioned but worth reemphasizing 

is that we are only simulating the brain. 	We are using 

the term "organism" throughout the discussion to designate 

that part of the system which interacts with the environment, 

but it must be understood that its intelligent behaviour 

is achieved by the brain only - the rest of the organism 

is simply viewed as the means by which the brain comes into 

contact with the environment. 	This is a purely theoretical 

approach, needed for isolating the organ whose behaviour 

we want to simulate; clearly the brain cannot exist without 

the organism and it would not be needed in the first place. 

This approach is also required if we intend to simulate a 

general system, and not a particular organism and environment. 

We can only consider those features which must exist in any 

intelligent organism and ignore the ones which would only 

help a particular organism adjust to a particular environment. 

The sense and motor organs - which we have called input and 

output channels in our model - are obviously specific to 

each type of organism and have evolved to help that organism 
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fit best into its environment. 	But if we only consider 

the signals transmitted by these channels, in the way they 

are seen by the brain (and reduce them to states, doing a 

similar operation on the environment side), then all the 

details specific to the interaction in a particular system 

are eliminated — without detracting from the requirements 

for an intelligent behaviour. 

This approach is different from that of robotics where 

the problem of simulating specific tasks demands a specific 

system whose input/output channels cannot be ignored. 	An 

integrated cognitive system has to be able to observe its 

environment and to act on it, both in specific situations 

(requiring for example a TV camera and a mechanical arm). 

Such a system poses many technical problems. 	tie have 

chosen to ignore these problems at the present stage and 

concentrate on the problem of intelligent behaviour, assuming 

that in a practical application the real—world environment 

will be simulated or easily converted to an internal 

representation. 
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CRAFTER 3  

THE ENV1IWNMENT 

In Chapter 2 we started by defining the basic models 

for the organism and the environment and then we studied 

them as an integrated system. 	ie saw that intelligence - 

the capability of the organism to adapt to its environment 

when viewed as a feature of the system as a whole, is 

a capability to achieve equilibrium. 

Our aim is to develop a model of the organism, capable 

of displaying intelligent behaviour. 	But since intelligence 

is defined in the context of the environment, it is impossible 

to develop the organism model by itself - we need a simulation 

of the environment as well. 	Although we are mainly interested 

in the organism, we will have to simulate and study the 

integrated system. 	he can then regard our goal as either 

making the organism adjust more efficiently to the environment, 

or increasing the stability of the system; in both cases 

we have to reach it by providing an adequate behaviour 

for the organism. 	As we have explained, the result must 

be the correct prediction of the environment states. 

We will develop in this chapter the environment model, 

and in Chapter 4 the organism model. 	For each of them 

we will discuss first the simulation problems and then 

their implementation. 	The models were implemented on an 

IBM 360/65, using the F1/1 Optimizing Compiler. 	In Chapter 

5 we will see the results obtained with the two models 

working as an integrated system. 
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3.1 Simulation 

3.1.1 The problems. 

The simulation of the environment is easier than that 

of the organism. 	Although we have shown that, when viewed 

from outside, the two models are similar, we will simulate 

their performance in different ways; it is easier to 

produce the environment than to learn to predict it. 	Ne 

concluded in Section 2.3 that the environment states cannot 

be influenced by the organism, therefore we can preset the 

whole sequence of states for which the intelligence of the 

organism model has to be tested. 	Ne will not consider at 

this stage the actual real-world situations that might 

produce this sequence but only the sequence itself. 	Ne 

can choose then the most convenient method for the simulation. 

The fact that the organism cannot be studied separately 

has important implications. 	If intelligence means an 

ability to adjust to the environment, then an organism model 

may display intelligence towards one type of environment 

and yet be inadequate for another. 	In the definition of 

intelligence there is no requirement for an ability to cope 

with several different types of environment. 	This is not 

surprising of course when we remember that intelligence must 

be equivalent to the stability of the integrated system; 

it must be a feature of the organism and of the system at 

the same time and this can only he achieved by requiring 

the organism and the environment to match each other. 	An 

organism cannot be simply intelligent - it must be intelligent 
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for a particular environment. 

How can 1.‘e reconciliate this with our original decision 

of simulating a general model of intelligence? 	1Ve have 

assumed that all aspects of intelligence must have a common 

mechanism and that it is possible to design a model that 

can display intelligent behaviour regardless of the kind 

of environment it is presented with. 	The answer is that 

there are not different kinds of environment, but only 

different levels of complexity. 	Therefore we must think 

of an organism model as capable of displaying general 

intelligence as lung as it can adapt efficiently to a 

particular environment, i.e. if the requirement for the 

stability of the system is fulfilled. 	The more complex 

the environment is, the more complex will have to be the 

organism model that can cope with it and therefore there 

must be different levels of complexity of the system. 	At 

each level the organism can be considered as perfectly 

intelligent according to our definition, and the system 

as a whole as perfectly stable. 

This situation can be observed in nature, where the 

various species - organisms at various levels of complexity - 

live each in its particular environment. 	The complexity 

of the environment matches of course the complexity of the 

species, being usually a subset of the environment of a 

higher species. 	Since all these species have survived 

through the process of natural selection, we can assume 

that the system organism-environment in each case has 
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achieved the required stability, regardless of its level 

of complexity. 	Clearly intelligence is not a matter of 

complexity but only of efficient adjustment, although of 

course if a species is particularly successful it can 

evolve into a more complex one. 

Our aim is to achieve a highly complex system - in 

the sense of environment complexity - because we will 

eventually require the organism model ,to display intelligence 

comparable to that of man. 	The best way is to start from 

a low level of complexity for the environment and the 

simplest model for the organism, and improve this model 

until we get the simplest version that can match the 

environment. 	On going to the next level of complexity 

we should expect this model to fail; we will then further 

improve it, or replace it, so that we get the simplest 

version for the new level. 	Ae can continue this process 

until we are satisfied with the complexity of the system, 

but we may have to stop before that because of time and 

storage restrictions imposed by the simulation. 

We can also think of this development process as 

follows. 	Our aim is to increase the level of complexity 

of the system organism-environment, while keeping its basic 

feature - stability. 	Since this feature is a result of 

the interaction between the organism and the environment, 

we must change one of them at a time. 	Ne are mainly 

interested in the model of the organism, therefore we will 

consider the level of complexity of the environment as a 

parameter and try, for different values of this parameter, 
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to achieve a stable system by changing the level of complexity 

of the organism. 

We have already decided to simulate the environment 

states directly, without considering any particular configuration 

of input and output channels that might produce them in a 

real-world situation. 	Bearing in mind that the simulation 

will be implemented on a general purpose computer, we decide 

that the most convenient way to represent the states is 

simply by decimal numbers. 	The reasons are: they are 

convenient for both internal (in a binary form) and external 

representation and handling, they are easy to compare (for 

the stage of the simulation of the whole system) and there 

is practically no limit to the number of different states 

that can be easily represented even in a high level language.  

It is easy to see that the decimal number representation 

does not limit the generality of the situations simulated 

by these states. 	tie have shown that the states are a 

coded representation of the signals in the original channels 

and that we can in fact regard them as combinations of 

digits of a large radix. 	It is obviously possible then to 

represent these numbers as combinations of decimal digits, 

again by a one-to-one, unambiguous mapping. 	It is important 

to see that the resulting decimal numbers may not be 

sequentially arranged in a certain range, because they are 

• the final result of several stages of coding starting from 
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the values and identities of all the input/output channels. 

It is better then to imagine the states simply as patterns 

formed with a certain number of decimal digits and probably 

using much less than all the possible combinations. 	For 

any practical application, the number of states for a high 

level of complexity must be very large, since they must 

represent all the possible situations between the environment 

and the organism. 	In the examples below we will use letters 

to represent the states and it must be remembered that each 

letter stands for a certain pattern of decimal digits. 

In the real world there is not a continuous interaction 

process between the organism and the environment. 	There 

are periods of interaction, of varying length, interspaced 

with periods in which there are no signals in any of the 

_channels. 	By this we do not mean that the value of the 

signals is necessarily zero, but rather that they have no 

relevance to the organism at that instance. 	During these 

periods the organism may not be inactive - there may be 

changes in its internal structure - but since there is no 

interaction with the environment we will call these periods 

"zero-states". 

It has already been mentioned that the time steps at 

which the changes from one state to another occur do not 

have a fixed value in the real time scale. 	They are geared 

to the specific process being simulated so that only 

significant changes appear in the sequence of states. 

These states represent therefore the division of the process 

into its smallest logical sequential time units. 	Similarly, 
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the zero-states will represent in this sequence the logical 

periods of lack of interaction with the organism. 	The 

length of these periods varies 	their neaninz, 

in this length. 	They have a special significance in the 

environment sequence and the organism model has to interpret 

them correctly. 	The zero-states are a convenient simulation 

of the real-world situation, where the organism has developed 

special ways to interpret the meaningful periods of lack 

of interaction (for example by the decrease in time of 

the excitation caused by a previous interaction). 	Since 

we are only simulating the effects of the natural process 

and not its mechanisms, we are justified in choosing the 

zero-states method for these periods and later designing 

the organism model to recognize their meaning. 	It will 

be a coding "understood" by both the organism and the 

environment models but internal to their system - like 

the real process which is internal to the natural system. 

Rather than having different states for the different 

possible lengths of zero-states, we prefer to have only 

one - the number 0 (equivalent to the all-zero pattern of 

digits) - and to use it in strings of one or more according 

to the length of time being simulated (this will be explained 

when the levels of environment are defined). 	These O's 

will appear then in the sequence and from the environment 

point of view they will be states like all the others. 

The organism of course will interpret them in a special way. 

In the examples below, for clarity, we will use hyphens (-) 

for the zero-states. 
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It can be argued that, since these zero—states do not 

mean lack of signals in the environment but only the fact 

that they are ignored by the organism, if we omit these 

signals in the simulation then we will not obtain the true 

complexity of the environment. 	The answer is that since 

these signals are ignored as irrelevant by the real organism, 

they cannot be considered as part of the environment we 

have to simulate. 	The organism and the environment must 

match each other, therefore if we include these signals in 

our simulation then the simulated organism will have to cope 

with them for achieving perfect adjustment; then we will 

not be simulating the real organism, but a more complex 

one (there is obviously no point in including these signals 

and then designing the organism to ignore them). 	In 

other words, if the real organism can only cope with a 

somewhat simplified version of the real environment it 

simply means that it is not complex enough to cope efficiently 

with all of it. 	The whole environment is too complex for 

it in the same sense that higher level environments would 

be too complex. 

Why then define as the environment of the organism 

at each level of complexity, that environment which is 

slightly too complex for it and not that subset with which 

the organism actually can cope? 	There would be no zero— 

states then and there will be a continuous interaction, 

with significant signals in all channels, at all times. 

The reason is that the environment of each organism in the 

natural systems is always at a somewhat higher level of 
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complexity than the organism itself. 	The organism tries 

to adapt to it by its reduced means, but the adjustment 

can never attain absolute perfection. 	The system is 

always slightly unstable and the necessity to close this 

gap is the drive that leads to evolution. 	;e will see 

later the close relationship between the level of complexity 

of the system and the zero-state strings in the environment 

sequence. 

There are two features basic to any environment in 

the real world. 	They can be described as repetitiveness 

and a tendency to oppose this repetitiveness. 	Together 

they decide the level of complexity of the environment and 

they are the main factors we have to consider in our 

simulation. 	The recurrence of past situations in a process 

makes the environment predictable for the organism, whereas 

its irregularity and uncertainty compel the organism to 

constantly update its knowledge. 	We may be tempted to see 

this in one of two ways: either the environment is basically 

highly regular and predictable and any uncertainty there 

is should be considered as an exception; or it is basically 

random and the regular patterns in it are the exceptions. 

Clearly neither view is correct and both features are 

necessary for increasing the flexibility and efficiency of 

the system organism-environment. 	Nhile some repetitiveness 
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is essential if the organism is to be able to learn from 

past experience, a constant variation in these patterns is 

essential for the evolution of the system towards more 

complex levels. 

Without some repetitiveness in the environment sequence 

of states, it would be impossible for the organism to 

predict these states with a better than random accuracy. 

Ne have decided to ignore the innate knowledge since it 

only has a small influence in the higher organisms we want 

to simulate. 	Ae require that all the information the 

organism has on the environment comes from its previous 

interaction with it and the prediction of each state must 

therefore be a function of this information. 	If there is 

no repetitiveness in the sequence of states then any previous 

knowledge the organism had acquired, no matter how accurate 

and complete, is useless. 

In terms of information theory, there must be redundancy 

in the environment. 	The information contained in a sequence 

of states must be less than maximal or, in other words, 

the uncertainty for the occurrence of a certain state at 

each time step must be as small as possible to enable the 

organism to predict it. 	The more information there is in 

the environment, the more complex must the organism be for 

adjusting to it. 

Any simulated process in the environment is a sequence 

of states, including strings of zero-states of various 

lengths. 	At first glance it would seem that the level 

of complexity of this environment can be judged only from 
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the lack of repetitiveness that can be observed — the more 

repetitious, the less complex it must be. 	Mile this is 

true in a superficial sense, we must remember that it is 

not only the degree of repetitiveness that is important 

but also its level of complexity. 

We have to clarify this point. 	The states represent 

the smallest significant unit in the environment sequence. 

The lowest level of repetitiveness can therefore be at 

the level of states — a certain state always being followed 

by another particular state, whenever it occurs in the 

sequence. 	But if we analyse a real environment we can 

see that repetitions occur at several levels. 	There are 

not only states following specific states but also certain 

groups of states which always follow other groups, and 

groups of groups of states behaving in a similar manner. 

In fact, for any process this repetitiveness must exist 

at all levels up to groups of states whose length is 

significant in relation to the length of the process itself. 

The reason is that if there are no situations in a latter 

part of the process, that resemble some situations in an 

earlier part, then the process can be viewed simply as 

several sequential processes which are either unrelated 

or trivial duplications of the same process (depending on 

the degree of repetitiveness at the lower levels). 

The level of complexity of an environment is the 

related not only to its irregularity and lack of repetitiveness 

in general, but also to the level of this repetitiveness. 
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The complexity of the environment increases with the increase 

in this level and 	the changes in the pattern of the 

repetitions. 	In order to cope in full with its environment, 

the organism must identify its repetitiveness and also 

any changes in this repetitiveness. 

It is important to see that our approach to the simulation 

of the organism satisfies both these requirements at the 

same time. 	Since the organism adjusts its behaviour, i.e. 

its prediction of the environment states, solely from its 

interaction with the environment (by comparing its predictions 

with the actual states), it makes no difference to it 

whether the inaccuracy in a certain prediction is caused 

because it is the first time that situation occurred or 

because of a change from a previous occurrence. 	The action 

it has to take in both cases is the same: to update its 

internal structure so that next time the same situation 

occurs the prediction will be more accurate. 	In cybernetical 

terms, the organism must ensure the stability of the system 

regardless of the source of disturbance. 

3.1.2 Definition of levels and types. 

Proceeding from the two basic features we have described 

we will define now the levels of complexity of the 

environment. 	The levels are numbered from 1 up,,ards and 

there are three types at each level. 

The level 1 type 0 environment is the random sequence 

of states. 	This is not the simi,lest environment according 
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to the earlier arguments, since none of its states is 

predictable and it contains maximum information. 

prefer however to list it first because this is its logical 

place, as it will become apparent later. 	An example of 

such a sequence is: 

AE-BMA -F-NBFD- 

We are using letters in these examples to represent 

states, and the hyphens stand for zero-states. 

In all level 1 types of environment there are only 

strings of one zero-state and their significance is simply 

that there is no relation between the groups of states they 

separate. 	The length of time they stand for (and which 

needs not be the same for all zero-states) is always enough 

for avoiding any influence between the adjoining states 

(this is irrelevant for type 0 of course, where the sequence 

of states is random). 

The level 1 type 1 environment is different from type 

0 in that each particular state is always followed by the 

same state. 	For example: 

CDE-BC-LMNOP-ABC-M- 

In the first position in each group all states are 

equally likely to occur, but the rest must follow one 

another according to fixed rules. 	The relationship between 

states is a one-to-one connection: a certain state can 

only be followed by one certain other state and conversely, 

two different states cannot be followed by the same state. 

The number of states in each group is random. 	The 

zero-states are relevant here, since they signify an 
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interuption in the chain of related states. 

This is an easily predictable environment, because 

there is never a departure from the succession rules. 

The number of times each pair of succeeding states must 

occur and similar other problems depend on the mechanism 

of the organism model, but it is clear that each pair must 

occur at least once in the sequence for the rule to be 

identified, because the relationship between states cannot 

be inferred from any other connections. 	In other words, 

the succession rules apply purely at the level of individual 

states. 

Because of the random factors, the organism can only 

predict with random accuracy the first state in each group 

and the time step when the zero—state occurs at the end of 

the group. 	These permanent uncertainties emphasize the 

fact that the repetitiveness at this level of environment 

is only for states and the groups themselves have no meaning. 

The third type in level 1 is the type 2 environment. 

Type 2 is similar to type 1 but in addition there may be 

changes in the succession rules. 	If a state is followed 

by a certain other state in a particular instance, it does 

not mean any more that it must be followed by the same 

state in all other instances. 	Clearly the extreme case 

of this uncertainty produces the type 0 environment, but 

we are not interested in this case. 	Rather, we will 

consider the possible changes in their practical, real—

world sense. 
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In the real environment the changes in repetitiveness 

are due either to momentary disturbances or to modifications 

in its structure. 	In the simulated environment the 

disturbances will appear as random departures from the 

succession rules, in any of their occurrences. 	This can 

be simulated by having several versions for each rule and 

choosing one of them at random when that rule is required. 

Since these changes must appear as disturbances only, one 

of these versions will be considered as the main one and 

in order to enable the organism to identify it, it must 

be used more frequently than the others. 	The second kind 

of changes - in the form of modifications in the structure 

of the environment - can be simulated by changing from 

time to time the versions for some of the rules. 	There 

must be of course several parameters for controlling the 

degree of uncertainty introduced by all these changes. 

These are the three types for the level 1 environment. 

Their common feature is that the relevant connections (if 

any) can only be between succeeding individual states. 

This is also true for the changes in type 2, which only 

apply to the relations between states. 	In none of these 

types is there any relation between adjoining groups of 

states and the groups themselves have no significance. 	Ae 

will refer to these features as level 1 repetitiveness and 

level 1 groups. 
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At the next level of complexity is the level 2 environment. 

This environment contains information also at the level of 

groups of states, in addition to the information at the 

level of individual states. 	Specifically, at this level 

the groups of states behave in a way similar to the states 

at level 1, i.e. according to succession rules (except type 

0), while the states themselves form random chains inside 

the groups. 	The level 1 information in this environment 

is thus maximal (no level 1 repetitiveness), and the level 

2 information depends on the type of environment (0, 1 or ' 

2 - corresponding to the types discussed earlier for level 1). 

In level 2 the individual states serve as building 

units for the level 1 groups and this is their only meaning. 

They are only used as combinations for forming different 

. patterns which identify the groups, similarly to the way 

the decimal digits are used for forming patterns for 

identifying the states themselves. 	The level 2 environment 

is thus a logical extension from level 1 and we must view 

the groups as patterns of information (the units being 

individual states), in the same way that the states are 

patterns of information (the units being in fact the original 

signals in the input/output channels, coded as decimal 

digits). 	The difference between them is that the states 

are instant space patterns (in the space formed by the 

environment's channels), and the groups are time patterns 

(or rather time and space patterns, if we regard them as 

formed from the basic, original signals). 

In level 2 there are two kinds of groups and therefore 
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we will need two kinds of zero-state strings to separate 

them. 	ne will use one zero-state to separate the level 1 

groups (groups of states), for signifying that there is a 

relation between adjoining groups (except for type 0). 

And we will use two zero-states for separating the level 

2 groups (groups of groups of states), for signifying that 

there is no relation between adjoining groups - similarly 

to the use of one zero-state between level 1 groups in a 

level 1 environment. 	In a real environment two zero-states 

would correspond to a longer period of lack of interaction 

with the organism, which results in the extinction of the 

influence from the previous group of interactions. 	It is 

worth reemphasizing here that the zero-state strings do 

not stand for certain fixed periods of time, but (like all 

the time steps) for logical periods, in the context of 

the process simulated. 

Type 0 in level 2 is a sequence of random groups of 

states separated by both kinds of zero-state strings. 

Except for the strings of two zero-states, it is identical 

to type 0 at level 1, but we must view it as a level 2 

construction, namely as a sequence of groups of states, 

rather than of states. 	The randomness of states within 

the groups is a feature common to all types at level 2, 

whereas in level 1 it is specific to type 0 and it is the 

randomness of the groups that is common to all types. 

The type 1 environment corresponds to type 1 at level 

1. 	It is a sequence of groups of groups of states; the 
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groups of states follow one another according to succession 

rules, and the groups of groups of states (level 2 groups) 

have no meaning (like the level 1 groups had no meaning 

in level 1). 	Lie refer to the groups of states as level 

1 groups, irrespective of the level of the environment; 

to the groups of groups of states as level 2 groups, etc. 

A simple level 2 type 1 sequence is the following: 

KM - PR - X - N - PST -- KM - PR -- N - PST -- N 

The group KM is always followed by the group PR, and 

the (single state) group N is always followed by PST. 

Inside these level 1 groups however, there are no rules: 

the state P is followed by the state R in the group PR, 

and by the state S in the group PST. 	The number of level 

1 groups in each level 2 group is random, and so is the 

choice of the first level 1 group in each case. 	The others 

however must follow according to the fixed succession rules. 

It is easier to follow the logic of the correspondence 

between the two levels of environment if we imagine replacing 

each particular level 1 group in the level 2 sequence with a 

unique identifying symbol. 	Then the type 1 example above 

would look like a level 1 type 1 sequence, with the new 

symbols having the role of states. 

It is more difficult for an organism to adjust to a 

level 2 than to a level 1 environment. 	It is obviously 

useless now to try to find connections between adjoining 

states because there are none, and therefore the prediction 

of states must be based on a higher level understanding of 

the environment. 	Specifically, for predicting the state 
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at a particular time step the organism has to be aware of 

the time pattern itself, i.e. of the level 1 group that 

contains the required state. 	It has to be able to recognize 

from the sequence of states the succession rules between 

the level 1 groups. 	Once it had identified the group it 

should also be able to predict the correct sequence of 

states in the group, this sequence being unique. 	But 

even for a perfect organism there will still be the uncertainties 

due to the random factors: the number of level 1 groups 

and the first level 1 group in each level 2 group. 

The type 2 environment must correspond to the type 2 

environment in level 1, where the succession rules are 

not fixed. 	For level 2 the changes will apply at the 

level of groups of states, since only at this level there 

are succession rules. 	But the way these changes are 

simulated is identical to level 1. 	The reason is that 

the nature of these changes in the real environment is 

similar for all levels: random disturbances or modifications 

in the environment structure. 

Like in level 1, it is this type of environment that 

is the most demanding for the organism's capability of 

adjustment. 	But here the organism's problems are at a 

higher level since for each change it has to identify not 

a new rule applying just between two states, but between 

two groups of states. 	This means that the chane in the 

amount of information contained in that sequence is larger, 

and so is the uncertainty. 
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It is important to see that no such changes occur at 

the level of states in the level 2 environment. 	While 

it is true that changing a whole level 1 group implies a 

change in the states of this group, there are no succession 

rules for the states before the change and it is irrelevant 

to consider the new states as derived from the previous 

ones. 	In a level 2 environment the states are only units 

for forming the group patterns and the relevance of their 

sequence in a particular group is limited to the identification 

of that group. 

The extension of this logic to higher levels of the 

environment is straightforward. 	Each level has three types: 

type 0 is a random sequence of patterns, in type 1 they 

follow fixed succession rules and in type 2 there are 

changeable succession rules. 	These rules always apply 

only to the patterns which are characteristic for the 

particular level: in level 1 the individual states, in 

level 2 the groups of states, in level 3 the groups of 

groups of states, and so on. 	The zero-state strings 

between the various kinds of groups must be adequate for 

an organism to be able to identify the hyerarchy of patterns: 

it should be able to distinguish whether there is a connection 

between two adjoining groups of states, and what is the 

level of this connection. 	From each level, the next higher 

one is obtained by using its characteristic patterns as 
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units for building the patterns of the new level. 

It is interesting to see how the growth in complexity 

when going from one level to another ensures a growth in 

the amount of information contained in the environment. 

What effectively happens is that the level at which 

repetitiveness occurs is pushed higher in each new level. 

The groups which at a certain level are meaningless will 

be the characteristic groups for the next level, the ones 

whose sequence is controlled by succession rules. 	At 

the same time the characteristic groups of the previous 

level lose their repetitiveness and their sequence becomes 

random. 	Since repetitiveness means predictability, i.e. 

a small amount of information, each jump to a new level 

liberates a new group level from this constraint and turns 

it into an information - containing unit by making its 

occurrence less predictable (or rather its predictability 

more complex). 	In practice this is achieved by allowing 

it to occur in more contexts, not only following another 

specific unit, and thus increasing the number of possible 

combinations for the units which form the characteristic 

patterns of the new level. 

A specific process in a real-world environment must 

correspond to a specific level of complexity in the simulated 

environment. 	Since the adjustment to any environment is 

based on its repetitiveness, and since the level which 

contains this repetitiveness increases with the level of 

complexity of the environment, it is obvious that a complex 

real-world process will eventually require a complex organism 
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model for coping with it. 

3.2 Implementation 

In this section we will discuss the implementation of 

a generator for producing the simulated environment we have 

defined. 	The requirements from such a generator are to 

produce an environment with the precise features of a 

specified level and type, and also to be flexible so that 

many sequences of states with different characteristics (but 

of the same type and level) can be easily produced. 	The 

first requirement is needed because we intend to develop 

the system in stages, with an organism model to match each 

level of complexity of the environment. 	The second require- 

ment is needed because one of the ways for developing the 

organism model at each level is by testing it against several 

possible environment sequences of that level. 	Flexible 

environment generators for the various levels and types 

will also be needed at a later stage, when exact simulations 

of real processes will be required. 

At each level type 1 can be considered as a special 

case of type 2 (zero-valued changes in the succession rules). 

Type 0 (random sequence) is useless since no organism can 

adapt to it anyway. 	Therefore it would be enough to 

implement the type 2 generator, but we found it helpful to 

implement first the others because each type is derived 

from the previous one. 	titre will follow the same logic in 

the discussion. 
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3.2.1 The environment parameters. 

The sequence of time steps is composed of alternate 

strings of states and zero-states. 	As explained earlier, 

we use combinations of decimal digits for the states and 

the number 0 (the all-zero pattern) is reserved for the 

zero-state. 	The decimal digits are thus the basic element 

of the time pattern for level 1, and the characteristic 

pattern is the state. 	At level 2 the basic element is 

the state and the characteristic pattern is the group of 

states, and so on for higher levels. 	The characteristic 

patterns at each level are those patterns to which succession 

rules apply and the basic elements are those patterns from 

which the characteristic patterns are directly formed (the 

next lower level patterns). 	The basic patterns at each 

level are in their turn formed in a similar way from lower 

level patterns (down to digits) but no succession rules 

apply to any of these and therefore they are not relevant 

for that level of environment merely serving as building 

blocks for the characteristic patterns. 

For development purposes all these patterns can be 

chosen by the program itself, by using a random generating 

process to ensure disimilarity between different sequences. 

But we must impose on the program some restrictions for 

the production of the patterns and this is done by specifying 

two parameters for each level, from states up to characteristic 

patterns. 	At each level (of patterns) L the first parameter 

is for the maximum number of patterns from the previous 
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level that can be used for forming each pattern at level 

L; the second is for the number of different patterns at 

level L that have to be produced (and which will be used 

for forming the patterns at the next higher level - up to 

characteristic patterns). 

For the level 1 environment there is only one pair of 

parameters, because the states are also the characteristic 

patterns: N1 
will be the maximum number of decimal digits 

in each state and S1 the number of different states in the 

environment. 	For a maximum of 3 digits for example, there 

could be up to 999 states but in practice S1  is usually 

significantly less (the states are just patterns formed 

with the digits and have no meaning as decimal numbers). 

For a level 2 environment N1 and S1 
will be as for level 1, 

and in addition N.2  will be the maximum number of states in 

each group and S2  the number of different such groups. 

There can be groups of 1, 2, ... N2  states each (and there 

can be, like in level 1, states formed from 1, 2, .... N1  

digits); and the number of different such groups (S2) 

will usually be a small proportion of the total number possible. 

Similarly, for level 3 there will be 3 pairs: N1 , S1 , N2, 

S2, N3, S3'  
• and so on for higher levels. 	By using these 

parameters we can easily change the complexity of the 

environment while keeping its level and type constant. 

As explained in Section 3.1. the structure of the 

environment is as follows: a group containing a random 

number of characteristic patterns followed by an adequate 

zero-state string (to signify lack of connection to the 
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next group) - aLLd this cycle repeated. 	The characteristic 

patterns themselves are separated by shorter zero-state 

strings, which signify a relation between these patterns 

but are long enough to signify lack of connection between 

the adjoining patterns of the next lower level; and so on 

down to the zero-states between groups of states. 	In 

practice we set a limit to the number of cycles to be 

produced (each cycle contains a major group - formed from 

characteristic patterns - and the corresponding zero-state 

string). 	This is done by the parameter T. 

For a level 1 environment there is only one kind of 

zero-state strings, since the states are also the characteristic 

patterns. 	At level 2 there are two kinds - those between 

groups of states (which are related through succession rules) 

and those between, grouts of groups of states (which are 

unrelated, each one being a random-length group of characteristic 

patterns). 	As an example, the structure of a level 3 

sequence (ignoring details) would be like this: 

BXX-XXX-X)--(XX-XX)--(XXX-X] 	[(XX)--(XX-XXX fl --- 

The brackets are obviously for illustration purposes 

only. 	The individual states are designated by X and there 

are three kinds of zero-state strings: one zero-state 

between groups of states (level 1 groups), two zero-states 

between level 2 groups, and three between level 3 groups. 

The succession rules (if any) would apply between level 2 

groups (which are the characteristic patterns), and there 

is a random number of such groups in each level 3 group. 



79 

The states themselves are only used as elements for building 

the level 1 groups, which in turn are only relevant as 

elements of the level 2 groups. 

Although the number of characteristic patterns in 

a major group is random, we have to specify an upper bound 

for it because it influences the complexity of the environment 

produced; this is done by the parameter M. 	The program 

chooses in each cycle a random number X (0 < X < M), and 

produces then X characteristic patterns for that cycle: 

the first one at random and the others according to succession 

rules (if any) and the changes in these rules (if any). 

.There are four other parameters which are needed for 

controlling the changes in the succession rules; therefore 

they only apply to type 2 environment generators. 	The 

-- first one (V) is the number of different. versions for 

each rule. 	The second (P) is the proportion of usage of 

the main version out of all versions of a rule. 	The third 

(►v) is the number of cycles elapsed between consecutive 

modifications in the general structure of the rules. 	The 

fourth (C) is the number of rules to be changed each time. 

These parameters will be discussed later, when the 

implementation of the type 2 environment generator is 

described. 

There are several cases when the environment generator 

has to make a random choice. 	They belong to two categories: 
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either this is required in the definition of the environment, 

i.e. for our purposes the corresponding real-world environment 

is also virtually random in relation to that feature; or 

a specific value would be irrelevant for the uses intended 

and it is easier to choose a random one (with certain 

constraints). 

To the first category belong (apart from the random 

choices of type 0) the following: the choice of the first 

characteristic pattern and the number of such patterns in 

each major group, and the control (in type 2) of the 

changes. 	To the second category belong the choice of 

the Si  patterns from the total possible with up to Ni  patterns 

of the lower level (for all pairs needed, according to the 

level of environment), and also the choice of the succession 

rules. 	Clearly all the patterns from the characteristic 

ones down to states are meaningless combinations for our 

purposes (they are only relevant in a practical application) 

and a random choice is sufficient as long as the program 

treats them after they are chosen as a fixed, unchangeable 

set. 	tie let the program choose them because it is simpler 

than specifying them for each case. 	We only need to 

specify sets of two parameters and let the program do the 

rest - this also has the advantage that we only need to 

change the parameters for obtaining a different complexity 

of patterns. 	This procedure is used in all versions, 

for the patterns at all levels. 	Also, the succession 

rules are only relevant when the environment has a specific 
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meaning, and for our purposes we can have-any rules. 

In the implementation we have used the power residue 

method
19 for generating random decimal numbers which were 

subsequently transformed as necessary for each one of the 

random processes in the program. 	The advantages of this 

method are its simplicity (only two operations are needed 

for each random number generated, including the truncation 

to the number of digits required), and the good randomness 

produced. 	From the 15 digit numbers only a few of the most 

significant digits are used, according to each case. 

3.2.2 The programs. 

We will describe now the implementation of the various 

versions of the environment generator and show how each 

is derived from the previous one in ascending order of 

type and level. 	As we have mentioned earlier, although 

the type 0 programs are never needed (no organism model can 

be meaningfully matched with a random environment), and 

although the type 1 environment can be produced with the 

type 2 programs (by specifying no changes), we found it 

useful to develop them in their logical sequence since 

each one is effectively an extension of its predecessor. 

Level 1 type 0: First the parameters N1  and S1  are 

used for choosing S 1  random different states from all the 

possible combinations of up to Ni  decimal digits (except 

for the all-zero combination of course, reserved for the 

zero-state). 	The states chosen are stored in a table (in 
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a numeric representation, this being the most convenient 

way). 	The program then starts producing the environment 

sequence, working in cycles; each cycle consists of a 

random number (from 1 to M) of time steps containing a 

state (chosen at random from the table) this group being 

followed by a zero-state. 	The sequence is ended after T 

cycles. 	The flowchart of this program is given in Figure 3.1. 

Level 1 type 1: This program is derived from the type 

0 program by providing succession rules for the states. 

All the parameters are used in the same way, but it is more 

convenient now to store the states in a circular list rather 

than.a table (this is a list in which each entry points 

to the next one and the last one points to the first, so 

that they are linked as an endless chain). 	The order of 

- the states in this list is chosen at random, and the 

succession rules are thus random - but they are kept unchanged 

throughout the production of the sequence. 	The first 

state in each cycle is chosen at random from the list and 

the others are found by following the pointers, the total 

number in cycle being as before random between 1 and M. 

There is no difference in the production of the zero-states. 

The flowchart of this program is given in Figure 3.2. 

Level 1 type 2: This program has to produce changes 

in the succession rules, as specified by the definition of 

type 2 environment. 	The program is derived from the type 

1 program as follows. 

At the beginning the program creates a circular list 

of states similar to the type 1 list, but here each entry 
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has V pointers. 	The program uses these pointers for 

linking the states in V different (random) ways, effectively 

creating V different versions for the succession rules. 

(It may happen that for some of the rules some of the 

versions will be identical, but this does not matter, since 

V can be considered as an upper bound). 	The program then 

associates with the first pointer of each entry the proportion 

P, and divides the remainder to 1.0 randomly among the 

other pointers (the second pointer will have the same 

proportion for all entries, and so will the third, etc.). 

The pointers in the first position will form thus the list 

containing the main versions, but they are not used in any 

special way. 	The program chooses which. pointer to use 

at each time step at random — but according to their proportions. 

It produces then the state to which that pointer is linked; 

there it chooses the next pointer, and so on. 	Since some 

of the versions may be identical (more than one pointer 

from a state pointing to the same state), the proportion 

for such a version will be larger than intended. 	This 

is not a problem because for the main version the proportion 

P can be considered as a lower bound, and for the others 

the proportions are normally much smaller than P, so that 

there is no danger that they will surpass the proportion 

of the main version. 

This is the simulation of the first kind of changes — 

the random disturbances. 	The simulation of the modifications 

in the structure of the environment is done as follows. 
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The structure described above is effective for . cycles, 

after which the program rearranges the pointers of C 

entries in a random way. 	The proportions associated with 

the V pointers remain unchanged. 	The rearrangement produces 

V new lists, each of which has C rules (the same in all 

lists) different from the previous one (all the versions 

being different). 	This new structure is effective for 

another interval of A cycles. 	The process is repeated 

until T cycles had been completed. 

If we choose V = 1 (and P = 1.0) and C = 0 (or W)T), 

then obviously no changes will be produced: the sequence 

created will be a type 1 sequence. 	The type 2 program 

can thus be considered as the.general version for the level 

1 environment generator. 	Its flowchart is given in Figure 

3.3. 

Level 2 type 0: This environment can be superficially 

viewed as similar to level 1 type 0 (apart from the two 

kinds of zero-strings). 	We prefer to produce this environment 

in the context of level 2 because it is the simplest sequence 

at this level and its program is useful for solving the 

implementation problems characteristic of level 2 before 

the problems of the more complex types 1 and 2. 

The level 2 programs first use the parameters N1  and 

S1  as in level 1 for choosing S1  random states with up to 
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N1 digits each. 
	But since there is another level of 

patterns, the programs need a second set of parameters - 

N2  and S2  - for choosing S2  random, different groups of 

states, each one containing up to N2  states (from the SI  

states chosen before). 	The process for the second choice 

is similar to the first, the states being used as building 

units for the groups as the digits were for the states. 

The original states are not needed any more for the production 

of the sequence, their task being finished: the production 

of the characteristic patterns of this level. 	The chosen 

groups of states are stored in a table like the states are 

in level 1 type 0. 

We found that the most convenient internal 

representation for the groups of states is by converting 

the decimal numbers which represent the. states to character 

strings and joining these strings together (in the order 

of the states in the group). 	The resulting string is 

used as an entry in the table. 	The same method was also 

used for higher levels (in several stages). 	In the 

character string representation the patterns at all levels 

are converted into the same length (N1  for states, N2  for 

groups of states, etc.) by padding them with blanks on 

the left, for facilitating the unpacking process when the 

environment sequence is produced. 

The parameter M is used as in level 1, but here of 

course it is for the number of level 2 patterns, these 

being the patterns which form the major groups. 

For type 0, after forming the table of groups of states 
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the program produces the environment sequence in cycles. 

The main difference from level 1 is that it produces now 

groups of states rather than states; each group is chosen 

at random from the table and unpacked into its states, 

these being output in their proper order. 	Between the 

groups of states (still inside the major group) the program 

produces one zero-state, and at the end of the cycle two 

zero-states. 	The process is ended at the end of T cycles. 

The flowchart for this program is given in Figure 3.4. 

Level 2 type 1: This program is derived from type 0 

in the same way it was derived in level 1, i.e. by replacing 

the table with a circular list. 	The entries in this list 

are now the character string representation of the groups 

of states, these being the patterns to which the succession 

rules apply. 	All the parameters are used in the same way 

as in type 0. 	The flowchart of this program is given in 

Figure 3.5. 

Level 2 type 2: The logic of this program is similar 

to that of the type 2 program in level 1 and the program 

is derived from the type 1 program in the same way. 	The 

changes now apply to the list of groups of states, but apart 

from the representation by character strings rather than 

numbers, this list is similar to level 1. 	This is the 

general environment Lenerator for level 2, and it can produce 

a type 1 sequence if no changes are specified. 	Its flow- 

chart is given in Figure 3.6. 
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The extension to environment generators of higher 

level is straightforward. 	The representation of the 

characteristic patterns is always as a character string, 

using the parameter sets S/N for choosing the patterns from 

states up to characteristic patterns; these are finally 

stored in a list (or table for type 0) and all the inter- 

mediate ones are discarded. 	iihen an entry from this list 

has to be used it is unpacked in stages into its lower 

level patterns, down to states. 	Between the various 

groups zero—state strings are inserted according to the 

level of the groups. 	The parameter M always applies to 

the same level of groups to which the succession rules 

apply — the characteristic patterns. 

The different levels were only implemented as needed, 

after the organism model for the lower levels had been 

developed. 	We only reached level 3 before encountering 

serious restrictions in the simulation of the integrated 

system. 	The level 3 type 2 flowchart is given in Figure 3.7. 

It is possible of course to have a general program 

that can produce environments of any level. 	The level 

required would be specified as a parameter and the program 

would decide, according to this level, the number of levels 

of patterns to be produced and all the other processes which 

are basically similar but repeated at several levels as a 

function of the environment level. 	We decided however 

against such a program because we never needed more than 

three levels and the complexity of the task was not justified. 

It would have been also against our approach, which is the 
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development of this system in stages, and always using 

at each stage the simplest models that can efficiently 

simulate it. 	This approach was also followed for the 

organism model, which was developed to parallel the different 

levels of the environment generator. 
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CHAPTER 4  

THE ORGANISM 

4.1 Simulation. 

In this section we will discuss the problems posed 

by the simulation of an organism model that has to adjust 

to the environment sequences produced by the generators 

described in Chapter 3. 	We will not consider the environment 

as a sequence of states about which nothing is known in 

advance. 	rte have explained earlier that we regard the 

environment and the organism as an integrated system, and 

therefore they have to be developed together. 	It is 

impossible to design a model for the organism without taking 

into consideration the characteristics of the sequence of 

states that it must eventually learn to predict. 	Ne decided 

to define first the various environments, and now we can 

turn to the other part of the system. 	We will find the 

simplest models for the organism to match the levels and 

types of environment we have defined, in ascending order 

of complexity. 	As in the case of the environment models 

we will find this helpful, since each version is logically 

derived from the less complex ones. 

4.1.1 The problems 

In Chapter 2 we reduced the organism to a processor 

whose only connection with the environment are the states. 

This processor, represented there by a "black box", is the 
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only part of the whole system that has remained to be 

defined and we will see now what must be its features. 

As already explained, there are two kinds of states in 

the system - the environment states and the organism states. 

The former are produced by the environment and in the present 

context we can view them as an input to the organism processor, 

while the latter, being produced by this processor, can be 

viewed as its output. 	Ne must keep in mind however that 

the real input and output signals between the environment 

and the organism were those from which the states are formed 

and the two kinds of states sequences are only a convenient 

way we have adopted for our simulation purposes. 	It has 

enabled us to split the system - which is in fact permanently 

closed - into its two parts. 	This in turn enables us to 

design separate models for simulating the two parts and 

we have decided to have the environment states as the frame 

of reference and to make the organism responsible for the 

equality of the two kinds of states, at all time steps. 

For fulfilling this task the organism must be able to 

"observe" the environment states, and also the difference 

between these and its own states. 	In the actual simulation 

it will be necessary to regard the two sequences as the 

input and the output of the organism processor, but they 

should not be confounded with the original input and output 

notions. 	They are only a result of the way we have decided 

to simulate the system - the last part in the chain must 

have input and output in order to be connected to those 

parts already defined. 
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The way the states are compared is another pi'oblem 

that has to be considered. 	Ideally the organism should 

be able to measure the deree of inaccuracy in its predictions 

and take corrective actions directly proportional to the 

difference observed. 	This is the process in a self- 

reg,Ilated system, when the error is amplified in the negative 

feedback loop and used in such a way that the output is 

corrected. 	But it is impossible to do this in our simulation. 

The reason is that we have decided to work with states and 

ignore the actual environment that might produce these 

states. 	The states themselves are only a coding of the 

signals in the original input and output channels of 

communication between the organism and the environment. 

This means that if a certain combination of such signals 

produces a state (whose value lies somewhere in the range 

allowed for that environment), then a slight chane in 

one of the signals produces another combination, and thus 

another state, whose value may or may not be close to that 

of the first state. 	The values of these states, although 

represented by decimal numbers, are only patterns of digits 

and therefore it is impossible to perform a comparison 

operation with them. 	They can be either identical or not, 

and the idea of degree of accuracy or difference between 

states is thus meaningless. 

At the level of individual channels there is of 

course meaning in the idea of accuracy, but the only way 

"close" combinations of signals can be detected at the 

level of states is by having all the information about the 
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channels themselves and the coding process. 	The patterns 

of decimal digits can then be compared and their "difference" 

ascertained, since we would know what the digit in each 

position stands for with respect to the original channels. 

But the comparison would not be based on the trivial format 

of the patterns, and in particular not on their arithmetical 

value as decimal numbers. 

In our simulated system we have bypassed the channels 

and coding stages as mere technical details only necessary 

in a practical application, and we are therefore unable to 

define "closeness" between states. 	The comparison between 

the organism and the environment states has to be then on 

a yes-or-no basis, the states either being identical patterns 

or not. 	In terms of their representation as decimal numbers 

- the states are compared arithmetically, but the only meaning 

of the result is whether the states are equal or not. 	No 

problems can arise from this restriction, because the states 

predicted by the organism are based on the states observed 

in the environment and there is no distortion of these 

numbers in the system. 	Therefore if the organism can 

make a correct prediction it can also produce the exact 

number and the comparison will be successful. 

Our requirement for the organism was to be able to 

predict the environment states only "as accurately as 

possible", for deciding to what extent it displays intelligent 

behaviour. 	Although the yes-or-no comparison may seem 

to be a severe departure from this approach, it must be 

realized that it is only a simplification of the real-world 
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situation, necessary for simulation purposes. 	that 

effectively happens is the usual restriction imposed by 

the digital representation of analog values. 	Ne can view 

the states as a limited number of values that represent 

many more possible combinations of values of the original 

signals. 	These combinations are divided into groups based 

on their similarity (closeness of their respective values), 

each group being mapped into a state. 	There is no need 

then to consider closeness of states, since this is done 

at the level of the original signals. 	This simplification 

can be done in that part of the system we decided to ignore, 

being a function of each particular application. 

Since the system only uses a small proportion of the 

total number of states possible with the given number of 

digits, we can conveniently imagine the absent states as 

the results of those combinations of signals that are close 

to the ones producing the states actually used. 	Ne are 

using then one state for representing a whole group of 

close states and the requirement for equality of states 

is thus equivalent to the requirement of closeness of the 

original combinations of signals. 

If there were no implementation restrictions, the 

safest way the organism model could be simulated would be 

by storing the whole sequence of environment states. 	At 

each time step the processor would analyse this sequence 
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and decide what is the state most likely to occur next. 

None of the facts that might help it in this analysis would 

be lost - it could scan the sequence as many times as 

necessary for every prediction it has to make. 

'shat makes this method impractical is not the storage 

but the time restriction. 	There is no limit to the length 

of the environment sequences, and even reasonable values 

for the parameters with a level 3 sequence would result in 

a large number of states, because there are three levels 

of groups of states. 	But since the states in the sequence 

are represented as numbers (2 or 4 bytes per state) this 

would not pose a storage problem. 	The real problem would 

obviously be the time needed at each time step for analysing 

the whole past sequence. 

But there is no need to do this for every time step - 

clearly all the results obtained from such an analysis at 

time step tn  would be the same as the results obtained by 

scanning the segment from t1  to to  at a later time step. 

At each time step the processor would get the same information 

it had at the previous time step, plus the latest state. 

There is no reason it should do the analysis of the environment 

sequence at every time step - it is enough to analyse the 

latest state only, in the context of the information it 

already has on the preceding sequence. 

By using this method, the processor is effectively 

spreading the analysis of the environment sequence over 

the whole length of this sequence. 	The information it is 
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constantly acquiring must however be stored somehow and, 

since this is the same information the processor would have 

acquired from its analysis at each time step by the first 

method, what it does in fact is trade the time needed for 

this analysis with the storage space needed for saving it 

from the previous time steps. 	The information stored at 

a certain time step must then replace all the information 

contained in the environment sequence up to that time step. 

The sequence itself will not be available my more for 

inspection and therefore the way this information is stored 

is crucial for the correct prediction of the environment 

states. 

There are two requirements for this storage system: 

it must contain all the relevant information on the environment 

_ and it must be efficient. 	The efficiency aspect is 

manifold. 	Firstly, there must be efficiency in storage 

space, i.e. the usage of the smallest space possible for 

a certain amount of information. 	Secondly, the storage 

method must be such that the relevance of the occurrence 

of a particular state can be readily ascertained at every 

time step, as a function of the information already stored. 

And thirdly, the prediction of the next state must be as 

fast as possible. 	i';e have not stated the obvious require- 

ment that the prediction made by using this storage system 

should be correct, because it is implied by the first 

requirement, that of containing all the relevant information 

on the environment sequence. 	The prediction made should 
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then be the best possible for that environment. 

The problems in designing the storage system are thus 

what to store and how to store it. 	The second problem 

is purely an implementation one and its solution has to 

be based of course on the solution of the first problem. 

We will concentrate here on the first problem - what to 

store. 	Ahen we defined the features of the environment 

we saw that it is the repetitiveness in the sequence of 

states that can make this sequence understandable to the 

organism. 	The randomness hinders this process by detracting 

from the knowledge gained from the repetitiveness, reducing 

in effect the probability of those events repeating. 	The 

information stored and used in predicting the state at 

time step to  must be based on the repetitiveness found in 

the environment sequence between time steps t1  and tn-1. 

As little as possible should be included from the irrelevant 

randomness in this sequence, and its influence on the 

prediction of the next state should be minimal. 

The processor must identify the repetitiveness and 

eliminate the randomness. 	These features are strongly 

related to the types of environment, and in addition the 

level of the repetitiveness depends on the level of the 

environment. 	The storage system has therefore to be 

developed as a function of the environment. 	This is not 

surprising - we have already seen that the organism model 

cannot be designed independently and has to match the 

environment. 	Since the types and levels of the environment 
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are in fact extensions of one another in order of increasing 

complexity, we should expect that the storage systems 

needed for analysing them can also be derived from one 

another in the same order. 

4.1.2 The strategy. 

It is impossible to implement an organism model capable 

to adjust to a type 0 environment, at any level. 	There 

is no repetitiveness in a type 0 sequence and therefore 

no model can predict its states with a better than random 

accuracy, no matter how long it is observing such a sequence. 

Vve are not interested in such a random system and we have 

only studied the random environment for each level because 

this was the natural way to develop the other types. 

In a level 1.  environment the repetitiveness for types 

1 and 2 is represented by the succession rules between 

states. 	There is little randomness in type 1 and we will 

discuss this type first. 	The only randomness allowed by 

the definition is the first state and the number of states 

in each group. 	The organism processor can easily identify 

these two factors, both being related to the zero-states 

between groups. 	Therefore, although it can never learn 

to predict them it can at least completely eliminate their 

influence on the repetitive factors. 	Since the succession 

rules are fixed, the processor can assume that if a certain 

state occurred once after another state, then this relation 

will also hold in the future. 	It is enough then to store 
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the relations between the states, which indeed represent 

all the relevant information in the environment. 	Each 

succession rule must appear at least once in the sequence, 

after which the probability of a correct prediction for 

that rule should increase in a perfect model from random 

to certainty. 

The process of adjusting to a type 2 environment is 

much more complex. 	The repetitiveness is like in type 1 - 

in the form of succession rules. 	But, in addition to 

the type 1 randomness with which the processor can easily 

cope, there is the uncertainty introduced by the changes 

in the rules themselves. 	Each rule now has several versions 

and each of them may occur with a certain probability. 

One of the versions has the highest probability and is 

called the main version. 	Thus, for a particular state, 

the next state can be any of several others and each such 

combination will occur as a certain proportion of the total 

number of occurrences of the first state. 	In addition to 

this uncertainty (which simulates disturbances in the 

environment) there are the periodic modifications of all 

the versions for some of the rules. 	These modifications 

are random and although the new structure of the sequence 

is similar to the previous one, some of the knowledge the 

organism model might have gained in the previous interval 

is useless now. 

The degree of uncertainty of the sequence is decided 

by the parameters V, P, C and W in the environment generator. 

Since the values of these parameters do not affect the 
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the type 2 model by considering their influence only. 	ire 

do not wish the mechanism of the model to depend on these 

values. 

11'e will consider now the general strategy for adjusting 

to a type 2 sequence. 	e must view the sequence from the 

side of the organism, i.e. preset and available one state 

at a time, but we have to take into consideration all the 

features we know that such an environment has. 	V4e are 

designing an integrated system and the task of the organism 

model is not to find out these features but to adjust to 

them. 	TVe should therefore use in full all the knowledge 

we have on the way the sequence is produced. 

The actual version of a rule used, at each time step, 

is chosen at random and there is no way the organism model 

can ever learn to predict with certainty any state in the 

sequence. 	The best it can do is to identify for each 

rule the main version - the one that occurs with the highest 

probability. 	It can do this by observing the various rules 

over a sufficiently long period and counting the number of 

times each version occurred for each rule. 	Then it can 

decide that the version with the highest count is the main 

one, and predict it whenever its rule has to be used. 	If 

it does this for all rules (and assuming that it had identified 

correctly the main version for all of them), it can achieve 

a rate of successful predictions equal to the proportion 

F of the main versions - this proportion being common to 

the main versions for all the rules. 	(Slightly less in 

fact, due to the permanent type 1 randomness, also present 

o5 
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here.) 

The fallacy of this approach is of course that the 

various versions of the rules may be modified throughout 

the sequence. 	The organism model cannot afford to observe 

the environment for a large number of cycles because by 

the time it reaches its conclusions on the main versions it 

may not get the opportunity to use them before a modification 

occurs. 	Cr even worse - it may not reach any conclusions 

in one interval and carry on with the analysis of the sequence 

into the next interval without being aware of the modifications. 

No meaningful identification can then be made and clearly 

the whole sequence can be wasted without any conclusions 

being reached. 

The interval each modification lasts is set by the 

-parameter A and its power is now obvious: no matter how 

well designed the organism model is, if the value of 4 

is below a certain number of cycles it is impossible to 

identify the main versions simply because there are not 

enough occurrences of the rules for making a statistically 

meaningful decision. 	Such values for ,V are of no practical 

interest and for the adjustment process to have any meaning 

we require not only that the main versions can be identified 

for most rules in most intervals, but also that the number 

of cycles in which these conclusions can be used is a 

significant proportion of the number of cycles that structure 

lasts. 

In practice the proportion of occurrences of the main 

version is much higher than any of the others; in fact 
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the parameter F will always be at least 0.5. 	Ne must 

remember that the other versions are only a simulation of 

disturbances and in a practical application the main version 

should be easily identifiable. 	One of the effects of the 

parameter V (the number of versions for each rule) can 

also be seen in this context; for a relatively low value 

of P it will be easier to identify the main version if 

there are many other versions (a large V), than if there 

is only one other, because the ratio of the number of its 

occurrences to any of the others will be higher. 	The 

worst case is when V = 2, when the organism will need the • 

longest period to identify the main version (and it is 

obviously impossible to identify it if P is as low as 0.5). 

If V = 1 then we must set P = 1.0 and then the identification 

is trivial — we have in fact a type 1 sequence (except for 

the periodical modifications). 

We have seen that the organism model has to identify 

the main versions as quickly as possible, but this must 

be done at the beginning of each interval, after the 

modifications had taken place. 	Since it has no knowledge 

on the cycles on which the modifications occur, or on the 

rules that will be modified, it has to compare constantly 

its decision on the main versions with the actual proportions 

in the sequence. 	The appraisal of these proportions is 

based on a continuous observance of the occurrence of the 

versions over a sufficient number of cycles. 	The problem 

is that a momentary change in the predominance of the main 

version for one or several rules can be observed even inside 
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an interval, without a modification having taken place. 

This may happen because the choice of the version to be 

used at each time step is made at random in the environment 

generator. 	The organism model cannot decide to change 

its main version every time such a change is observed in 

the sequence and it must wait long enough to make sure that 

the change is indeed due to a modification. 	On the one 

hand then the response of the organism model has to be 

fast enough to minimize the length of the periods of 

adjustment when the new main version of a rule must be 

identified; on the other hand this response has to be 

slow enough to minimize the number of times the model will 

be wrong in its decision of changing the main version. 

The right speed of response to the changes in the environment 

- is very important for an efficient adjustment and it must 

be controlled by parameters in the organism model, in order 

to achieve the best match to a particular set of environment 

parameters. 

We have discussed the problems involved in the 

simulation of an organism model that has to adjust to a 

level 1 environment. 	Most of the problems were encountered 

for a type 2 environment, because the adjustment to a type 

1 sequence is trivial. 	It is obvious that an organism 

model that can adjust to a type 2 sequence can also adjust 

to a type 1 sequence, but its capabilities will not be all 
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used with this simpler environment. 	rye can therefore 

consider the type 2 model to be the general model of the 

level 1 system, as we considered the type 2 environment 

generator to be the general model for this level. 

The models for level 2 can be derived from the level 

1 models in a straightforward way. 	The difference between 

the level 2 and the level 1 environments is that the 

succession rules apply to groups of states rather than to 

individual states (we ignore type 0 at all levels, as far 

as the organism model is concerned). 	The mechanism of 

identifying and using these rules, as well as coping with 

the changes, can be the same in level 2 as in level 1, 

since the ways these environments are constructed are 

identical — except for the difference in the level at 

which the repetitiveness and changes apt ly. 	The stages 

from the input of the environment sequence to the adjustment 

mechanism are only an implementation aspect. 

The extension to higher levels is similar. 	There 

must be a process of separating the characteristic patterns 

for each level (recognizing them in the environment sequence) 

and then the adjustment mechanism is applied to these 

patterns. 	The type 2 model is the general one at each 

level. 	In the next section we will discuss the 

implementation of these models. 

4.2 Implementation 

Although we have to develop the models of the organism 

and the environment separately, their separate simulation 
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is meaningless. 	Ve are only interested in them when 

working together, as an integrated system. 	For the 

environment model this means that the only usefulness of 

its output sequences is for being input to the organism 

model. 	For the organism model itself it means even more - 

it cannot be simulated at all without having an environment 

generator to produce the sequences it has to adjust to. 

We are now at the stage where we can produce any 

environment sequence we need, and we can change its 

characteristics with the help of several parameters. 	rye 

also know the construction of the resulting sequences in 

all its details. 	we have decided on the general method 

for adjusting to these sequences and what is left is to 

find the best implementation of this method. 

The organism model sees the environment sequence as 

a continuous stream of states which is in fact a stream of 

decimal numbers (there is no need to regard them at the 

lower level of characters). 	The construction of the 

different sequences can be identified by looking for zero- 

states, these being represented by the number 0. 	Several 

consecutive zero-states may be used in a zero-state string 

in levels 2 and higher. 	In level 1 there are only strings 

of one zero-state, between groups of states; in level 2 

there are strings of one zero-state between groups of states 

(the characteristic patterns) and of two zero-states between 

groups of groups of states; and so on for higher levels. 

In terms of cycles, there are L zero states between the 

major groups in a level L environment, and each such group 



together with the following zero—states string form a cycle. 

Since we have different models for the different 

levels, the program knows that kinds of zero—state strings 

to expect. 	The input of the environment sequence is a 

scanning process for dividing it into cycles and further 

into the various levels of groups of states. 	The most 

important actions must take place at the levels of cycles 

and of characteristic groups. 	The characteristic groups 

(or patterns) are that level of groups to which the succession 

rules apply. 	They are therefore the main units on which 

the identification of the repetitiveness and its changes 

is based. 	In fact the groups at levels lower than the 

characteristic ones (if there .are any) are only needed for 

identifying them, like they were used when producing 

the sequence — as building units for the characteristic 

patterns. 

The cycles are the main time units in the sequence, 

both for the environment generator and for the organism 

model. 	The cycles themselves convey no particular 

information (there is a random number of characteristic 

groups in a cycle, and there is no relation between adjoining 

cycles), but being the largest logical unit into which the 

sequence can be divided, all the parameters for time 

characteristics apply to cycles. 	These include the 

parameters T, 4 and M for the environment generator and 

also the organism parameters, as we will see later. 	This 

means that their influence is geared to the particular 
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process being simulated. 	This is the logical way to use 

then► and we have adopted this approach at all stages. 

The time steps themselves are not absolute time units and 

they represent the smallest significant unit in the sequence, 

being therefore subject to each particular process themselves. 

The zero-states also have only a symbolic meaning: the 

number of zero-states in a string is needed for identifying 

the various levels of groups, but the actual length of 

time each such string stands for depends on the process 

being simulated. 	Their significance is the level of 

connection they provide for the adjoining groups and this 

clearly can only be defined in conjunction with the actual 

process. 	In practice the zero-state strings are likely 

to represent periods of time significantly longer than those 

of the corresponding level of groups they separate. 

As long as these facts are considered in parallel in 

both the environment generator and the organism model, any 

process can be correctly simulated, since the significance 

of all its logical parts is understood in the same way 

by both sides of the system. 	Ne will come again to this 

later, in the explanation of various decisions taken in 

the implementation. 

There is no organism model that can match the random, 

type 0 environments. 	As for the type 1 models, we 

implemented them although their task can be accomplished 
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by a type 2 model for the same level. 	The reason is that 

they are useful for the development of the more complex 

type 2 programs, which are derived from the type 1 models 

by adding the features necessary for coping with the changes 

in succession rules. 

The level 1 type 1 model only has to look for strings 

of one zero-state, one,string in each cycle of the sequence. 

Since the rules are fixed, no provision has to be made for 

more than one version of each rule and the predictions are 

certain to be correct after the first occurrence of that 

rule. 	The organism model does not know at the beginning 

of the simulation the number of different states in the 

sequence, i.e. the value of the parameter S1  in the 

environment generator. 	Therefore the succession rules 

-(there is one rule for each state) must be stored in such 

a way that new rules can always be added. 	The most 

efficient method is to use a list, in which new entries 

are added as new rules are being found, so that only the 

amount of storage actually needed is used. 	The program 

initially has no knowledge on the maximum number of digits 

in a state (set by the parameter N1 ), but this is of no 

consequence since it treats the states as decimal numbers 

and in practice N1  is always well below the hardware 

restriction. 	Each entry in the list contains two states, 

in the order in which they appeared in the sequence. 	hen 

the first state in a rule occurs again in the sequence, 

the program predicts that the next state will be the second 
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state of that rule. 	(A circular list would increase the 

efficiency by reducing the number of times the rules are 

searched for in each cycle. 	But such a list can only be 

formed after all, or most of the rules had occurred in the 

sequence, and we are not interested in the trivial response 

of the model after this point anyway.) 

The prediction will always be wrong at the end of a 

group of states (when the actual state is a zero-state 

because of the random number of states in a group. 	But 

there are two cases when the program knows that its 

prediction is likely to be wrong: for the first state in 

a group (which is random) and when a state occurs, for 

which the rule had not occurred before. 	In these cases, 

rather than predict a random state, the organism makes no 

prediction at all and only reads the next state in the 

sequence (and adds the new rule to the list in the second 

case). 	There is no danger for the simulation because 

the organism knows that the "missing" time steps are the 

logical time units for the unknown states (we could design 

the program to predict a special "don't know" state, with 

the same affect on the simulation). 	As we have explained, 

as long as the same logic is used in both the actual and 

the predicted sequences, we can safely simplify the models 

as much as necessary. 	The unpredicted states are obviously 

recorded as wrong predictions. 	(It is true that designing 

the program to predict a random state - from those already 

in the list - could reduce the overall number of wrong 

predictions, since sometimes the random ones may be correct. 



115 

But we are not designing here models for practical applications 

and we are only interested in their comparative performance 

for various parameters. 	Our policy is therefore to keep 

such trivial optimization techniques, which would apply 

to all models, at a minimum.) 

The organism model reads the environment states, 

predicts the next state whenever it can and continuously 

adds new rules to its list, until it detects the end of 

the sequence (after I cycles). 	Clearly the performance 

of this model will improve after the first few cycles, when 

the proportion of new rules in the sequence decreases. 

For a large number of different states and a low number 

of cycles, it may happen that the simulation ends before 

all the possible rules had occurred. 	It is mainly in 

such cases that this model is of interest, since after all 

the rules had occurred its response is trivial. 	But even 

before this its performance is highly predictable, due to 

the simplicity of the environment it has to cope with. 

The flowchart of the level 1 type 1 model is given in 

Figure 4.1. 

The model for the level 1 type 2 environment is derived 

from the type 1 model. 	The way the sequence is scanned 

is identical, since they are at the same level. 	There are 

only strings of one zero-state, as in type 1, and the groups 
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Figure 4.1. 	Level 1 type 1 organism model. 
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are similar. 	Therefore there will be wrong predictions 

at the end of the groups and there will be no prediction 

for the first state in each group and for those states 

whose rule had not occurred before. 	But the list used 

in the type 1 model for storing the succession rules is 

inadequate here, because the program must take into 

consideration several possible versions for each rule. 

ve must find now the best way of implementing the 

mechanism for adjusting to the type 2 sequence according 

to the strategy discussed earlier. 	Since the organism 

model has to identify the main version of each rule at 

a particular time by its superior proportion of usage, the 

obvious way to implement this would be by counting all 

the occurrences of the various versions and choosing the 

version with the highest score. 	The number of occurrences 

must be observed over a sufficiently large number of cycles 

in order to obtain significant results. 	But since the 

state that implies a certain rule is used in the sequence 

in a random way (due to tne random first state in each 

cycle), the usage of the rule varies and therefore if we 

want a minimal number of occurrences before making a decision 

the waiting period will have to vary. 	In other words, 

we cannot solve this problem without considering at the 

same time the other problem — the speed of response to a 

change in the main versions — and it is best to solve them 

together. 

A simple way to simulate a counting process and provide 
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at the same time the facility of controlling the speed of 

adjustment to a change in proportions, is by using an 

exponential function. 	Each version of a rule will have 

a value associated with it, which increases exponentially 

every time that version is used and decreases exponentially 

when it is not used. 	The speed of increase and decrease 

can be controlled by two (different) parameters and thus 

we can decide how fast the influence of each version is to 

grow or diminish. 	.lie need an exponential change rather 

than a linear one because the response is most important 

in the first few cycles of a change (for both the increasing 

and the decreasing influences), and the power of the parameters 

is much stronger in that period with an exponential function. 

he could adjust the values of these parameters for 

the optimal response — fast enough to identify immediately 

a change in the main version of a rule, and slow enough 

to cope with the randomness of the sequence and avoid wrong, 

premature decisions. 	But we can achieve better results 

and increase the flexibility of the model by adding another 

pair of similar parameters and changing the values associated 

with the rules versions in two stages. 	The first pair of 

parameters will provide a relatively fast response and 

will control an intermediate value, according to the 

occurrence of the particular version in the sequence. 	The 

second pair will provide a slower response and will control 

the actual value associated with that version, according 

to the intermediate value. 	The first pair provides changes 

which are faster than our requirements, and the second pair 
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slower. 	By adjusting the four of them we can have a 

.better control on the final response, than with one pair 

only. 	pith a combined exponential influence we have a 

wider variation in the speed of response and over a period 

longer than can be achieved with one function only. 

Like in type 1, the organism does not know the number 

of different states in the sequence and therefore a list 

is used for the first state of each rule. 	But since to 

each one of these states may correspond several second 

states for the several versions that may concurrently exist, 

the list has to be extended in two ways, as seen in Figure 4.2. 

first state 	second state 	second state 
version 1 
	version 2 

• • 

• • 

• 

• 

• 

Figure 4.2.  The storage system for the type 2 model. 

The first entry in the list for each rule is the first 

state. 	The other entries for each rule are linked together 

and each one contains the second state for one of the 

rule 1 

rule 2 

rule 3 

• • • 
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versions that are in effect at that time. 	In addition 

to the state itself, each such entry contains two values, 

called the primary and the secondary values, needed for 

evaluating the influence of that version, as described 

earlier. 	ire will return to these values shortly. 

The mechanism of the list is similar to the type 1 

model: when a new rule occurs the program adds the first 

state to the list and attaches one version—entry for this 

rule, initializing its values. 	Vvhen a new version of an 

existing rule occurs, the program only adds a new entry 

to the list of versions of that rule. 	In this way only 

the minimum necessary amount of storage is used for an 

environment with a certain number of rules and changes. 

The amount of usage of a version influences the two 

values associated with it. 	In order to keep track of 

this usage the program forms in each cycle a temporary 

list with those versions that occurred in the environment 

sequence at least once during that cycle. 	These versions 

are included in the temporary list regardless of whether 

they are new versions or not, or whether the prediction 

had been correct or not. 	This temporary list is identical 

to a type 1 list. 	At the end of each cycle the primary 

values of the various versions are modified according to 

this list. 

,ve have found experimentally that the best way to 

form the double exponential response with the two values 

is as follows. 	The primary value is initially 0 and it 

is always less than 1. 	If changes between these bounds 
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exponentially, the cycle being used as the time unit. 	The 

speed of its increase and decrease are set by two parameters 

called respectively AI  and AD. 	The values of these 

parameters can be between 0 and 1. 	At the end of a cycle 

the program scans all the versions for all the rules. 

For those which had been used in that cycle (according to 

the temporary list) it increases their primary value 

exponentially towards 1 with the parameter AI, i.e. if 

the current value is VP, then the new value will be: 

Vi  = 1 - (1 - VF) x AI 

For all the others the primary value is decreased 

exponentially towards 0, with the parameter AD: 

V/P  = VP 
 x AD 

After having modified the primary value, the program 

also modifies the secondary value of that version. 	The 

secondary values also lie between 0 and 1 and are initially 

0. 	Thwincrease and decrease exponentially but with 

different (and much slower) speeds than the primary values. 

The parameters for those changes are respectively B1  and 

BD. 	Another difference is that the secondary values do 

not tend towards 0 or 1 in their decrease and increase, 

but towards the corresponding primary values. 	Before the 

modification of the secondary value the program compares 

the two values and if the primary one (after its own 

modification) is higher, then it increases the secondary 

one according to the following formula (V6  is the current 

secondary value and V.11, is the new primary value): 

= V I  - (VF' - VS  ) x BI P  
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If the primary value is lower, then the program decreases 

the secondary value as follows: 

1 V = V x BD 

Before the beginning of the next cycle the temporary 

list is discarded and this process is repeated until the 

end of the sequence. 	For deciding which version of a 

particular rule to use in its predictions, the program 

compares the secondary values and uses the version with 

the highest one. 	Mien there is only one version the 

decision is trivial, and when there are no versions at all 

(either because the rule had not occurred before in the 

sequence, or because all its versions had been discarded -

as explained below), the program makes no prediction and 

adds the version to the list. 	The flowchart for the level 

-1 type 2 model is given in Figure 4.3. 

There is obviously no need to keep all the versions 

for all the rules in the list indefinitely. 	Due to the 

modifications made in some of the rules from time to time, 

some of the versions will never be used again (unless they 

are later selected again by the random process in the 

environment generatorl. 	The indication for the lack of 

usage of a version is the decreasing secondary value and 

therefore we can decide that when it gets below a certain 

limit the entry for that version is deleted from the list. 

The reason for this deletion is only for efficiency purposes - 

to free the storage space which is not needed any more, 

and to save the time taken by cAlparing values which are 

insignificantly small anyway. 	The value chosen for this 
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lower limit is only an implementation parameter and does 

not effect the response of the system in the sense of the 

other parameters. 	If it is chosen too high and versions 

which are still active are deleted, then the model will 

regard them as new versions wnen they recur in the sequence 

and will have to recreate their entries. 	The decision 

whether to delete an entry or not is considered on each 

cycle, after tne modification of the secondary value for 

that entry. 

The models for level 2 are derived from the level 1 

models. 	The succession rules (and their changes in type 

2) apply now to groups of states rather than individual 

states. 	This means that although we can keep the same 

basic mechanism for storing these rules (in both type 1 

and 2 models) the entries in the lists must be groups of 

states. 	Also, the scanning process must be changed so 

that both levels of groups existent in a level 2 sequence 

can be identified. 

For the internal representation of the groups of 

states we can use the same method we used in the environment 

generators, namely character strins. 	This is a compact 

form for storing several decimal numbers, and the states 

are easy to pack into and unpack from this representation 

when a fixed number of digits is used for all of them (by 

padding with blanks if necessary). 
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The program identifies the cycles in the sequence by 

the strings of two zero-states which separate the major 

groups. 	The groups of states are separated by strings 

of one zero-state. 	As it reads the states, the program 

packs them into a character string until a zero-state is 

encountered. 	The resulting string will be the internal 

representation of that particular group of states. 	After 

this point the states themselves inside the group are 

irrelevant and the group is treated as a pattern, in the 

same way the states are treated in the level 1 models. 

These patterns are stored in the list of rules, compared 

with one another and predicted as necessary. 	This method 

is also extended for the characteristic patterns at higher 

levels. 	This means that each entry in the list for the 

type 1 model will. be a pair of such strings, and in type 

2 just one string. 	For the versions in type 2 the primary 

and secondary values are identical to those in level 1, 

and so is their use. 

When a group is predicted from the list as the next 

group to occur, it is unpacked into its composing states 

which are then produced in their proper order. 	Both for 

input and for output then, the states have at level 2 the 

role the digits have at level 1 - that of forming the 

characteristic patterns. 	The extension to level 2 presents 

therefore only problems of implementation: in the scanning 

stage when the sequence is divided into cycles and groups 

and the internal representation of the groups of states is 

formed; in the production of states from this internal 

representation; and in the storage system itself, where 
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the entries are character strings rather than numbers. 

The mechanism for adding rules or versions to the list and 

predicting the next characteristic pattern is unchanged, 

although of course the comparisons are done with strings 

rather than numbers (since the comparison is on a yes-or-no 

basis, the results are tie same in both cases). 	The flow- 

charts for the level 2 models are given in Figures 4.4 and 

4.5. 

The level 3 models are derived from level 2 by a 

similar logic. 	The characteristic groups are now the 

level 2 groups, i.e. the groups of groups of states. 

There are strings of up to three zero-states, therefore 

the scanning process has to be one level,higher. 	The 

internal representation is as character strings, but here 

there are two levels of packing from states to characteristic 

patterns. 

Because of the large amount of storage needed for the 

list (in particular in type 2), and also the time needed 

for handling it due to the complexity of its entries (which 

affects mainly the comparison processes), some restrictions 

have to be imposed on the values of the parameters in the 

environment generator for this level. 	pe did not attempt 

to simulate higher levels. 	The rate of growth from level 

i to the next level i+1, for the amount of storage needed 

for the list is approximately equal to the parameter Ni+1.  

This is due to the internal representation in the form of 

character strings, and it is assumed that all other relevant 
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parameters remain unchanged and that Si+1  = Si. 	Any 

further increase in the level of the system would necessitate 

therefore severe constraints on the various parameters 

of the environment generator, resulting in much too simple 

sequences. 	For the simulation of a practical, real—world 

process, level 3 is probably the highest possible. 	Its 

level of complexity is probably enough for many applications. 

The flowchart for the type 2 of level 3 is given in Figure 

4.6 (like in the lower levels, type 2 can be considered 

as the general model since it can cope with type 2 sequences 

as well — there would only be one version for each rule). 



CHAPTER 5  

Tiff INTEGTED SYSTEM 

5.1 Introduction. 

In the previous chapters we have designed the models 

for the simulation of the environment and the organism. 

When joined together, these models form an integrated 

system and we have to study its behaviour as a function 

of the various parameters. 	There are parameters in the 

environment generator for changing the characteristics of 

the sequence of states (for each level and type), and in 

the organism model for changing its ability to adapt to 

these sequences (for type 2). 	In the implementation of 

the system it is possible to produce the states and 

simultaneously let the organism read them, one at a time; 

but we preferred to keep the two programs separate and to 

produce a whole sequence before presenting it to the organism 

model. 	Only the first three levels were implemented; as 

already mentioned, the implementation of higher levels 

would have imposed serious restrictions on the values of 

the parameters, for keeping the simulation within reasonable 

limits of time and storage. 

The parameters S/N are common to both type 1 and type 

2 systems. 	These parameters set the way in which the 

various levels of patterns are formed from the lower level 

patterns, from digits up to characteristic patterns. 	There 

1 3 1 
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are i such pairs for a level i system. 	ins defined in 

Chapter 3, in level 1 there are S1  different states, each 

one formed with up to N 1  digits; in level 2 there are 

5
2 

different groups of states, each one formed with up to 

N2  states, and Si/Ni  are similar to level 1; in level 3 

there are S
3 

different groups of groups of states, each 

one formed with up to N3  groups of states, and S2/N2, 

1
/N1 are similar to level 2. 	TheparameterS.1  at each 

level i is the number of characteristic patterns for that 

level (which are time patterns, except for level 1 where 

they are just states). 	The other parameters Ni, Ni-1, 

N1  and Si-1' 	S
1 
(if any) only decide the way 

the characteristic patterns are ultimately built (they also 

decide the maximum number possible for these patterns but 

in practice the actual number of patterns at each level 

is very much smaller than the maximum possible). 

From the viewpoint of the system behaviour at level 

i, from all the S/N parameters only Si  is important. 

Being the number of characteristic patterns, it is also 

thenumberofsuccessionrules.N.
1 
 only decides the 

format of these patterns, Si_i  (for levels 2 and higher) 

is the number of patterns from which the characteristic 

ones can be built, and so on down to digits. 	The decimal 

digits themselves are patterns for building the states and 

of course there are always ten such patterns. 	The parameters 

N have a strong influence on the storage and time needed 

for the implementation, their effect being multiplicative 
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(for level 3 for instance we need Ni  x N2  x N3  bytes for 

representing one characteristic pattern, this also affecting 

in a similar way the time needed for handling them). 	But 

they have no influence on the response of the system, nor 

do the S parameters - apart from Si. 	Furthermore, we 

shouldexpecttheparameterS.to have the same influence 

on the system irrespective of its actual level i. 	The 

mechanism (of both the environment generator and the organism 

model) is the same for all levels at the stage of characteristic 

patterns. 

Apart from storage and time differences the systems 

at all levels must display identical prediction capabilities 

for sequences that are similar in their characteristic 

patterns and cycle format. 	This point has to be explained. 

Our criterion for a good performance of the organism model 

is the proportion of correct predictions of characteristic 

patterns out of the total number of such patterns in the 

sequence. 	Since two characteristic patterns are identical 

only if all the lower level patterns from which they are 

built (down to states) are identical, this means that for 

a certain proportion of correct predictions of characteristic 

patterns there will in fact be the same proportion of 

correct states predicted, irrespective of the level of 

the system. 	The performance of an organism model for 

any level must ultimately be judged from the prediction 

of the states, these being the smallest logical time units. 

But since the result is the same, 'e can limit ourselves 

to the characteristic patterns and this makes it possible 
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to disregard the level of the system when only its behaviour 

is of interest. 	(For a type 2 system it would be possible 

to improve the predictions at levels 2 and higher by checking 

the correctness of the states themselves - inside the 

characteristic patterns - as they are produced and, in 

case of error, continuing with the version which has the 

second highest value. 	If still in error, the process can 

be repeated until the correct version is found - if it is 

in the list. 	Such a method would increase considerably 

the proportion of correct predictions but, as already 

mentioned, we are not interested in this kind of optimization. 

Mile they may be useful in a practical application where 

only the final results count, it is against the logic of 

our approach and we prefer to make the predictions level - 

-independent.) 

Although there are no limits to the values of the 

parameters S/N (except for the hardware restriction on 

the number of digits in a state), we chose low values for 

N1, N2 and N3 
(never more than 5) so that we can freely 

increase the value of Si  (the values of the parameters 

Si-1 , ... S1  do not affect the time or storage needed). 

This eliminates the restrictions at level 3 and allows us 

to use the same values of Si  for all three levels - this 

being the only parameter from all the S/N ones we are 

interested in. 	In practical applications of course each 

one of the S/N parameters may have widely different values, 

to match the particular environment being simulated. 
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The best way for representing the betmviour of the 

system and the influence of the various parameters is by 

showing the correctness of the organism's predictions as 

a function of time. 	The unit for time is the cycle - 

because it is the largest logical unit, it is level-

independent and all the parameters related to time are 

for cycles. 	For both types 1 and 2 the system performance 

is always in connection with cycles: the number of cycles 

required for adjusting to the sequence at the beginning of 

the process and, for type 2, after a modification. 	The 

choice of the number of cycles elapsed from the beginning 

of the simulation as the independent variable is quite 

obvious. 	For the dependent variable however there are 

several possibilities. 	It must represent the behaviour 

of the system at a particular cycle, but we measure this 

behaviour as the proportion.of correct predictions of 

characteristic patterns from the totality of such patterns. 

For a relevant result as many occurrences as possible must 

be used, certainly more than there may be in a cycle. 

But if we extend the count over many cycles for each 

instant in time, we lose the accuracy necessary in the 

description of the momentary behaviour of the system - 

particularly relevant in type 2. 	For this reason we 

decided to use an averaging method, as follows. 

The experiment for each set of parameters was done 

several (at least 20) times, each time changing the random 

order in which the first characteristic pattern in each 

major group (cycle) is chosen in the environment generator. 

This can be easily done by changing the starting value for 
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the random process which controls this choice. 	This results 

in a different sequence of characteristic patterns throughout 

the cycle, the succession rules being applied after the 

first pattern. 	Also, the random process for the choice 

of the length of a cycle was similarly modified in each 

experiment, but keeping the parameter M (for its upper 

bound) unchanged. 	For each cycle, the ratio of the total 

number (in all experiments) of wrong predictions, to the 

total number (in all experiments) of characteristic patterns 

in that cycle (the zero-state string at the end of the 

cycle counting as one pattern), was then calculated. 	This 

ratio effectively represents the probability of a wrong 

prediction in that cycle. 	These results apply to systems 

of any level (the experiments were made with the first 

three levels). 	The probability can be viewed as a result 

for the characteristic patterns in each cycle, or for any 

of the states themselves - the proportions are the same. 

The graphs will represent therefore the probability of a 

wrong prediction at any time step within a particular 

cycle, as a function of the distance of that cycle from 

the beginning of the simulation. 

The method of taking the average of many experiments 

for each set of parameters can also be used for eliminating 

all the uneven features introduced by the random factors 

when generating the environment. 	For this reason, in 

each of the experiments the other random processes (in 

addition to the two mentioned above) were modified as well, 
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but always keeping the parameters themselves unchanged. 

The various patterns (including the characteristic patterns), 

as well as the succession rules and for type 2 the various 

changes in these rules, are thus different in each experiment. 

The resulting graphs do not represent then an actual 

response, which would be much more irregular. 	They only 

represent the probability for such a response. 	(There 

were still irrepularities even in the average graLhs, but 

they were ignored in the drawings — a lot more than 20 

experiments are needed for producing a smooth average 

response.) 	Since no general conclusions can be obtained 

from separate experiments, in the following discussion 

whenever we mention the system response we will mean the 

average response. 

5.2 The type 1 system. 

The only parameters which affect a type 1 system are 

Si. for the number of characteristic patterns (for a level 

i system) and M for the upper bound of the number of such 

patterns in a cycle, which we will call the "length" of 

the cycle; this length is random, between 1 and M. 	The 

Behaviour of the type 1 system stabilizes after all succession 

rules had occurred at least once in the sequence, because 

after that they are unchanged until the end of the sequence. 

The system displays then the smallest probability for a 

wrong prediction and this probability is a function of M. 
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Men the organism model has all the succession rules in 

its list the only wrong predictions are for the first 

characteristic pattern in each cycle (which is random) 

and for the zero-state string at the end of the cycle 

(because the length of the cycle is random). 	Thus, there 

are two wrong predictions per cycle in the steady-state 

situation, irrespective of the length of the cycle. 	Larger 

values for M will increase then the average length of the 

cycles and decrease the proportion of wrong predictions. 

This effect of the parameter M is also seen in the 

earlier part of the response, before the steady-state is 

reached. 	At the very beginning there must be a probability 

of 1.0 for a wrong prediction and the value of M makes no 

difference. 	But as soon as some rules recur in the 

sequence and the probability is less than unity, the two 

permanently wrong predictions per cycle start influencing 

the probability, this influence growing relatively to the 

influence of the new rules until it is the only source 

of errors in the steady-state. 

In addition to this influence, the parameter M also 

affects indirectly the response of the system in relation 

to the occurrence of new rules. 	Since to each characteristic 

pattern corresponds one succession rule, an increase in the 

average length of the cycle results in an increase in the 

probability that after a certain number of cycles, a certain 

number of rules had occurred at least once. 	A large value 

for M improves therefore the performance of the system before 
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the steady-state not only by decreasing the ihfluence of 

the two permanently wrong predictions per cycle, but more 

strongly by providing more characteristic patterns per 

cycle and hence reducing the number of cycles needed for 

the rules to occur. 

The number of characteristic patterns in a type 1 

system is also the number of succession rules. 	There 

are therefore Si  succession rules (for a level i system )  

and clearly an increase in must result in an increase 

in the number of characteristic patterns in the sequence 

necessary for a certain number of rules to occur at least 

once. 	Since the first rule used in each cycle is random 

(due to the randomness of the first characteristic pattern), 

the distribution of all the rules in the sequence is random 

--and many rules may occur several times before others had 

occurred only once. 	The probability that the adjustment 

period will end after only Si  characteristic patterns is 

extremely low and the occurrence of new rules may extend. 

over a much longer period. 	However, the proportion of 

new rules, and hence of wrong predictions, decreases 

continuously. 

The response is measured as a function of cycles and 

therefore the influence of Si  must be seen against a fixed 

value of M, i.e. a fixed average number of rules per cycle. 

In Figures 5.1 and 5.2 the response of the system is shown 

for M = 10 and M = 20 respectively. 	In each case there 

are three values for Si - 50, 200 and 1000. 	The results 
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are based on· experiments \\lith all three levels of systems 

and the other (Jarameters were constant: Nl = 3 for level 

1; N1, N2 = 3, 51 = 50 for level 2; N1, N2 , N3 = 3, 

51' 52 = 50 for level 3. The only use of the parameter T -

in these and all other experiments - was to stop the sequence 

after the relevant period. 

5.3 The ty(Je 2 system 

There are more parameters in a type 2 sys tern than in 

a type 1 sys tern, and the re are in addi tion paramete rs for 

the organism model. The parameters in the environment 

generator are: the 5/N pairs, 1\1, W, C, P and V. The 

best way to see the affect of these parameters is by changing 

them one at a time, while keeping the others constant. 

We will see how these changes influence the system response. 

The discussion on the SiN parameters af:.,plies to all 

systems and therefore, as in tYIJe 1, the only lJarameter 

that influences the time resl'onse is Si' for the number of 

characteristic (Jatterns (for a level i system). The 

response of the type 2 system as a function of Si is given 

in Figure 5.3. The effect of 5 i from the beginning of 

the sequence to the cycle of the first modification in 

rules is similar to that in type 1: a large Si means more 

succession rules and therefore more cycles needed for a 

certai n number of them to OCC1Jr at leas t once. The number 

of versions per rule (V) is the same for all rules and is 
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constant, therefore an increase in Si means an increase 

in the total number of versions by the same factor and hence 

a decrease in the probability for the occurrence of each 

one of them, and in particular the main version. 

It may happen of course that it is not the main 

version which occurs the first time for some of the rules, 

but the influence of such cases is eliminated when taking 

the average results of several experiments because the 

probability for the occurrence of the main version is higher 

than for any of the others. 	After the first occurrence 

the selection by the organism model of a certain version 

depends on the relative frequency of occurrence of that 

version (the secondary value of each version in the list 

being ultimately a function of its frequency). 	The average 

results for several experiments are therefore again in 

favour of the main version due to its higher frequency, 

although in individual sequences there may be periods 

when the frequency of another version is higher and makes 

it the dominant version in spite of the slow response 

produced by the A/B organism parameters. 

When there is a modification in the succession 

rules after w' cycles, there is a sudden increase in the 

probability for a wrong prediction. 	The influence of Si  

on this increase is in conjunction with the number of rules 

changed: this number being constant (parameter C), an 

increase in the total number of rules Si results in a 

smaller probability for the occurrence of a rule which had 
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been modified, and therefore a smaller probability for a 

wrong prediction. 	If the value of Si is so large that 

the system does not reach its steady-state, i.e. its lowest 

probability of errors, before the modification in rules 

(this does not happen in Figure 5.3), then after the 

modification there are two sources for wrong predictions - 

the new rules and those whose prediction had also been 

wrong before. 	The probability for the latter decreases 

at the same rate as before the modification but for the 

new rules it is different, involving the change in the 

values associated with the old and new main versions, which 

depend on the A/B parameters of the organism model.Si  • 

influences both sources similarly, by affecting the frequency 

of occurrence of the main versions as explained for the 

earlier response. 

The graphs in Figure 5.3 are for Si= 50, 200 and 500, 

with the values of the other parameters unchanged, as shown. 

The parameter M (the upper bound on the number of 

characteristic patterns in a cycle) affects all the parts 

of the response graph, as seen in Figure 5.4 for M = 5, 

15 and 25. 	The reason is of course the fact that this 

parameter provides the link between the number of cycles 

(which are the unit the response is based on) and the 

frequency of all rules and versions (on which the predictions 

are based). 	It affects the early part, before a modification, 

similarly to the type 1 system, by influencing the average 

number of rules per cycle and thus the probability for the 

main version of a certain number of rules to occur at least 
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once in a certain number of cycles. 	As explained for Si, 

taking the average results of several experiments eliminates 

the influence of those cases where the main version is not 

the first one to occur, or occurs less frequently than 

another one for short periods. 

The parameter M also affects the response (including 

the steady—state if reached before a modification takes 

place) in connection with the fact that there are always 

two wrong predictions per cycle irrespective of its length, 

as explained for the type 1 system. 	Lower values for M 

increase therefore the influence of these two errors. 

M also affects the response after a modification, by deciding 

the number of occurrences of the main version for the 

new rules in a certain number of cycles (and thus the 

speed with which the change from the old to the new main 

versions takes place). 

The parameter P (for the proportion of usage of 

the main version out of the total number of occurrences 

of each rule) also affects all the parts of the system 

response. 	This is not surprising, since correct 

predictions mean predictions of the correct main version, 

and the choice of a certain version by the organism is 

influenced by its relative frequency of occurrence. 	The 

choice is always for the main version anyway, after its 

higher frequency had made it the dominant version in 

the list. 	An increase in P then obviously results in 

a higher proportion of cases the prediction turns out to 

be correct. 	There is in addition an indirect influence: 
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an increase in P reduces the probability of the main version 

losing its dominance for transient periods, due to the 

randomness in the sequence. 

The influence of P can be noticed in particular in 

the steady—state response, when the system had reached 

its lowest possible probability for a wrong prediction. 

M and P are the only parameters which affect this part 

of the response and if it was not for the two permanently 

wrong predictions per cycle, the performance in the steady—

state would be directly proportional to P and unaffected 

by M. 	The response of the system as a function of P 

is shown in Figure 5.5 for P = 0.60, 0.75 and 0.90. 

The only effect the parameter C has on the response 

is when a modification occurs. 	C is the number of 

_succession rules being modified (for each rule all its 

versions are modified) and it is the proportion of the 

new rules out of the total number of rules Si, that is 

reflected by the new probability for a wrong prediction 

immediately after a modification. 	We saw the influence 

of Si  with C constant in Figure 5.3, and in Figure 5.6 

the influence of C is shown for C = 20, 50 and 100, and 

Si = 200 and constant. 

The value of the parameter V (for the number of 

versions for each rule) was kept constant (= 4) in all 

experiments. 	This parameter has no significant influence 

on the system response in any practical situation. 	It 

has a powerful effect when its value is 2 (the lowest, 
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since V = 1 implies a type 1 system) and at the same time 

the value of P is low (P4;0.65). 	In this case the main 

version may lose very frequently its dominance on the only 

other version, in any of the rules. 	However we are not 

interested in such situations because the additional versions 

must be a simulation of disturbances only, each one's 

proportion being significantly lower than P. 

The parameter W sets the number of cycles between 

consecutive modifications, and its effect is trivial. 

If its value is large enough for a certain combination 

of values for the parameters Si, M and P, then the system 

had already reached its steady-state before the first 

modification, otherwise the effect of the still wrongly 

predicted versions will add to that of the newly modified 

rules (this can be seen in Figure 5.4). 	If the system 

reaches its steady-state before the first modification, 

it does not mean that it will reach it again before the 

second, or third, etc. 	This depends on the number of 

changes (parameter C) and the parameters 4/B of the organism 

model. 	But the probability of a wrong prediction in 

the steady-state, if reached, must be the same throughout 

the sequence, since it only depends on the parameters M 

and P. 
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The frequency of modifications is most important in 

conjunction with the parameters A/B which control the 

primary and secondary values for all the versions in the 

. organism model. 	These parameters effectively control 

the system's speed of response and if the response is too 

slow for a certain combination of values for the other 

parameters, in particular C and N, then the adjustment 

may be very poor: a new modification takes place before 

the main versions of the new rules from the previous 

modification had all become dominant. 	At the other 

extreme, if the response is too fast then the organism 

model will riot keep the dominance of the main version 

when its frequency diminishes for transient periods, again 

resulting in a poor performance, particularly with low 

_values for P and V. 

In Figure 5.7 the response is shown for three sets 

of values for the parameters AI, Apt  B1  and Bp, ranging 

from a fast to a slow one. 	These parameters only affect 

the response between consecutive modifications, but this 

part is also influenced by the parameters Si, M and P 

(and indirectly by C, which affects the initial starting 

value following a modification). 	The organism parameters 

therefore can only be decided in relation to a particular 

set of values for the environment parameters. 	In practical 

terms, the reason for this is that the formulas which 

control the primary and secondary values of the various 

versions (the secondary values ultimately control the 

selection, and thus the performance) are time functions: 
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these values are influenced by both the organism parameters 

and the frequency of occurrence (relative and absolute) 

of these versions, which is set by the environment parameters. 

For a given set of environment parameters and a 

required speed of response for the system, the range in 

which each one of the A/B parameters can lie is usually 

very narrow, but less so for AI/AD than for BI/BD (because 

the latter have a direct influence on the selection of 

the versions). 	It is possible to some extent to maintain 

the same response by changing the values of two or more 

of these parameters at the same time, but there are two 

features which are always present. 

First, we must have the relations AD  > AI  and BD  > BI. 

As seen in the values given with the graphs, the difference 

is not large, but since the parameters are used in exponential 

functions it is significant. 	The reason for these 

relations is the fact that in all practical situations 

the total number of rules (and thus of versions) is very 

large compared with the average number of rules used in 

a cycle (V x Si>> M). 	This means that even for the main 

version the frequency of occurrence in the sequence is 

very low, many cycles being required on the average for 

each occurrence. 	Both the primary and the secondary 

values must therefore decrease much more slowly than 

they increase, otherwise they would drop to zero soon 

after their rise (in fact if the primary value drops 

immediately to zero, the secondary value will hardly rise 
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at all). 	Clearly no meaningful comparisons among the 

secondary values can be made for selection purposes, unless 

they are above a certain minimum and there are significant 

differences. 	(These requirements are also needed for 

the decision of which versions to delete from the list, 

for efficiency purposes - a secondary value below a certain 

minimum must mean that the version had not occurred for a 

long time and had probably been changed). 

The second common feature is the relations AI < BI 

and AD  < BD. 	This means that the changes in the primary 

values are much faster than in the secondAry values (again, 

although the difference is not big, the exponential functions 

make it significant). 	These relations are implied by 

the different tasks the two values have. 	The primary 

value has to closely follow the changes_ in the frequency 

of occurrence of all the versions in the sequence, so that 

none of these changes is overlooked. 	The secondary value 

however, which is used for selecting the version to be 

used, must be more discriminating: the dominant version 

should be exchanged for a new one only if the frequency 

of the latter had been higher for a relatively long period, 

and this slow process requires relatively high values for 

B1  and BD. 

Ae must reemphasize the interpretation of the graphs 
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for the system response. 	As explained earlier they were 

obtained by calculating the average values (for the proportion 

of wrong predictions in each cycle) from several experiments 

made with the same parameters but with different random 

values, where such values are used in the environment 

sequence. 	(The averages were calculated by a special 

program which received the results from the individual 

experiments.) 

Such a graph does not represent then tne actual system 

response for a particular set of parameters, but rather 

the probability for such a response in each cycle, specifically 

the probability of a wrong i_rediction for any characteristic 

pattern - or any state - in that cycle. 	It is important 

to realize that the response on any one occasion is never 

as regular as in these graphs, because of the randomness 

in the sequence of states. 	Mien taking the average 

proportions, the differences between individual sequences 

are eliminated and only the common, general tendency 

remains. 

In particular, when there is a modification in the 

succession rules the graphs show a sudden increase in 

the probability of a wrong prediction, followed by a 

gradual imirovement. 	This is true only for the average 

of course - in each individual sequence the proportion of 

new rules (and thus of errors) in the cycles immediately 

following the modification may be smaller or larger than 

the average. 	For a specific case then, the graph may 

for instance rise gradually after a modification, before 
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it decreases, or show a sudden increase even hither than 

the average. 	Even in the steady-state (the type 1 system 

included) there has to be some irregularity in the 

individual cases because of the random length of each 

cycle (M only sets the upper bound). 

The average response is essential for studying the 

behaviour of the system with each set of parameters, 

because individual cases are meaningless for this purpose. 

On the other hand, such a response should not be expected 

from the system if we are only interested in one particular 

experiment. 

In Chapter 2 we showed that the system organism-

environment belongs to the category of feedback control 

systems, which are all considered in cybernetics as equivalent, 

whether they are natural or artificial. 	The common feature 

of these systems is their tendency to achieve stability, 

and the natural organism-environment system that we are 

simulating is called ultrastable because of its capability 

not just to reach a stable state but also to use information 

from the past interaction between its two parts for better 

performance in the future. 	\e also showed that from the 

three levels of stability in this system - the homeostatic 

processes, the organism's adjustment to the environment 

and the environment's adjustment to the organism - we are 



only simulating the second one, this being the characteristic 

responsible for the higher mental activities observed in 

such systems. 

It is interesting to see now after the implementation 

of the simulated system, that its behaviour closely resembles 

that of a feedback control system. 	Ve have designed it 

so that the requirement for the organism's adjustment to 

the environment is fulfilled - by requesting it to learn 

to predict the environment states. 	But since this is 

equivalent to requesting it to ensure the system's stability, 

the resulting simulated system can be regarded as a feed-

back control system, both from the viewpoint of its 

implementation and of its response (we are referring to 

the type 2 system, but with sequences of either type). 

The feedback needed for stabilization is provided by the 

values associated with the various versions of the succession 

rules and by the selection mechanism; the error to be 

corrected is obviously the number of wrong predictions. 

The role of the A/B parameters can then be naturally 

interpreted as setting the correct speed of response of 

this control system (a problem important in all feedback 

control systems, for precisely the same reasons we gave 

in Section 4.1.2 for the organism response). 

The peculiarity of this system, as mentioned in 

Chapter 2, is the fact that the observed errors are not 

used for the correction of the immediate response. 

Each succession rule is treated separately and the improve-

ment in the system's response applies to the occurrences 
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of individual rules, ti ich are spread throughout the sequence. 

The result is that the correctness of the response at each 

time step is unrelated to the response at the previous 

or next time steps. 	This feature is intrinsic to the 

relation organism-environment and is an accurate simulation 

of the natural system, where the occurrences of any particular 

situation that the organism has to master are spread over 

long periods of time and interspersed with other, unrelated 

situations. 

Here again we see the interpretation we have to give 

to the average results of the response in several, similar 

experiments. 	The response in an individual sequence is 

composed from the separate responses to each one of the 

rules, and this makes it irregular because all these 

responses are interlinked throughout the sequence. 	These 

irregularities are smoothed in the average response graph 

where the separate rules lose their influence and the 

general trend for all of them becomes clearer. 
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CHAPTER 6  

CONCLUSIONS  

We will summarize here the approach we have proposed 

for a general model in artificial intelligence, and see 

what problems still have to be solved. 	We started from 

the assumption that any task an artificial intelligent 

system would have to solve lies within the capabilities 

of the natural intelligent system, and therefore it is 

better to simulate directly this natural system rather 

than try to find separate solutions for the simulation 

of each task. 	In addition to the usual advantage of a 

general model - that of providing a solution for several 

problems at the same time - this approach is helpful 

because it reveals some general aspects which cannot be 

recognized when dealing with these problems separately. 

These common aspects become apparent when we consider 

the various intelligence tasks as an interaction between 

the organism and its environment. 	There is no need to 

simulate the actual internal processes in the natural 

organism - it is enough to know that the object is always 

to achieve an efficient adjustment to the environment. 

This requirement is essential for the survival of the 

organism and we adopted it as our general definition of 

intelligence. 	Ae have seen that this can also be 

interpreted as a requirement for the stability of the system, 

if we regard the organism-environment as an "ultra-stable" 
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feedback control system. 	The problem of simulating any 

aspect of intelligent behaviour can then be reduced to 

that of designing a model whose behaviour exhibits a process 

of adjustment to the simulated environment. 

The interaction between the organism and the environment 

in the natural system is achieved through several organs 

and we showed that in the simulated system these input/ 

output signals can be coded into the convenient representation 

of organism and environment states, and that the role of 

the organism is then reduced to learning to predict correctly 

the sequence of environment states. 	The states, which 

are only defined at specific time steps when the signals 

are relevant, contain all the information necessary on 

the particular process being simulated. 

Our next step was to find a +a ay for representing all 

the environment sequences the organism is likely to encounter. 

We needed this for two reasons: first for studying the 

behaviour of the integrated, simulated system, and second 

for having a ready environment generator for simulating 

the real environment in an actual application. 

Again, rather than analysing all possible situations 

in the real world, we defined several types and levels of 

complexity which must logically include all real environments. 

These definitions were based on those features which must 

exist in any environment - uncertainty and predictability - 

both being required at the same time if the environment is 

to provide novelty and complexity while still being 
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understandable to the organism. 	The repetitiveness provided 

by the succession rules, the different versions for these 

rules, their periodic modification, and the various random 

factors are the way those common features are simulated, 

while the .parameters provide the means for producing 

sequences with different characteristics, to match a 

specific process. 

The extension to the higher levels of environment is 

based on time patterns. 	At the first level the elements 

in the construction of the sequence are the states, which 

represent the pattern of the relationship organism— 

environment at certain instances in time. 	Both the 

repetitiveness and the uncertainty are at the level of 

these simple patterns. 	For higher levels, the elements 

are patterns formed by sequences of states, i.e. patterns 

in time; at each level these elements are based on the 

patterns of the previous level, producing thus an 

increasingly higher complexity. 	The construction of the 

environment sequence remains unchanged as far as the 

repetitiveness and the uncertainty are concerned, but 

these features always apply to the characteristic time 

patterns of each level. 

The logic behind these extensions is that since the 

individual states contain all the possible information 

that can be transmitted instantaneously between the organism 

and the environment (for a given set of input/output 

channels and ranges of signals), the only way to increase 
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the amount of meaningful information is by including the 

time dimension. 	nhile the individual states still 

represent the smallest logical step in the simulated 

process, the higher level sequence is based on more complex 

time patterns, each one thus containing more information. 

The general format of the environment, although at a higher 

level, must be the same because the increase in complexity 

should not detract from its predictability: a higher 

level environment must need a higher level organism to 

cope with it, but the system as a whole should be able 

to achieve the same degree of stability as a lower level 

system. 

We have designed organism models for the different 

levels of environment and provided parameters for enabling 

them to adjust to the various combinations of characteristics 

set by the environment parameters. 	We studied then the 

behaviour of these integrated systems and ascertained that 

the only restrictions imposed by the higher levels of 

complexity are on the implementation. 

In spite of its apparent logic, this development 

cannot be considered of course as a proof that any real—

world interaction between an organism and its environment 

can be simulated in this way, particularly for the higher 

mental activities of man. 	It is not known whether it is 

at all possible to find a formal representation for all 

kinds of such interactions. 	The types and levels of 

environment we have defined can clearly be used for 
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simulating many real—world processes, although it might 

be necessary to simplify these processes to some extent 

in .order to put them within the capabilities of the environment 

generators. 	Those processes which cannot be simulated 

must be converted into sequences resembling our predefined 

environments at a certain level, and then the organism 

models can be used in the same way. 

An obvious and straightforward application could be 

for pattern recognition and a simple example of this is 

given in the Appendix. 	A "training" sequence must be 

provided, with the patterns and their identification 

represented by the two elements of the succession rules; 

after that the model can identify similar patterns, and 

new rules can be inserted in the sequence constantly. 	A 

preprocessing stage is needed for reducing the patterns 

to a subset of possibilities to match the number of rules 

allowed. 	The complexity of the patterns themselves can 

be translated into either complexity of states or of time 

patterns. 	Such a system can learn by itself to recognize 

similar patterns within a preset limit of accuracy and 

without any previous knowledge (and of course the interpretation 

of any of the patterns can be modified at any time). 

Other, less obvious applications which can use a 

similar principle are game playing, the solution of logical 

problems and maybe highly complex behaviour such as 

understanding natural languages. 	The interaction with 

the environment can always provide all the necessary knowledge 



and amendments and it is not even necessary to distinguish 

between the "training" and the "production" periods — 

the performance of the model will simply depend at any 

time on the proportion of new data. 

It is best initially to test this method for specific 

applications only, in order to simplify the problems of 

interface with the environment. 	But such a system can 

be adapted to any number of different applications, and 

can cope with them simultaneously, by using the same internal 

mechanism. 	Since the internal representation of the 

environment sequence is in the form of patterns irrespective 

of the form of the original interaction (number of channels, 

type of signals, etc.), the only part of the system that 

has to be specialized for each application is the coding 

and decoding between the external signals and the states. 

Apart from this, the resulting patterns and rules can be 

processed and stored together without any danger of 

confusion, the patterns being in fact self—identifying 

units: each state represents a unique combination of 

signals transmitted between the organism and the environment. 

Such a system would be truly general and a direct 

result of the approach we have been following, namely a 

simulation of the integrated natural intelligent system. 

It is very unlikely that the brain uses different parts 

or different methods for dealing with each aspect of 

intelligent behaviour and there is no reason we should 

scatter research effort in different directions for each 

1 6 5 
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such aspect. 	Not only is a research which is concentrated 

on a well-defined concept more efficient and the final 

multi-purpose system a more attractive goal; as pointed 

out in Section 1.2, only by studying the intelligent 

behaviour as a whole is it possible to detect the basic 

processes which govern it. 

The use of the approach we have proposed in practical 

applications must be the subject of further research. 	It 

cannot provide an instant solution to all artificial 

intelligence problems. 	Rather, it must be viewed in a 

more general sense: all such problems can be considered 

as an interaction between an organism and an environment, 

but in each case the most convenient and efficient way 

of implementation has to be found. 	The environment is 

the process towards which an intelligent response must be 

shown and it should be either simulated or translated into 

an adequate form. 	The organism is that part of the system 

which must "solve" the problem of intelligence, by learning 

to predict the environment sequence. 	It may or may not 

be possible to simplify the actual environment into one 

of the sequences we have defined; if it is possible, the 

corresponding system can be used, otherwise a similar system 

must be designed, with an organism model to match the 

required environment sequence, and with a role identical 
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to that of the organism model we have studied. 

We can see then that even if our simulation proves 

to be an oversimplification for some of the real—world 

processes, the fact we have already emphasized several 

times still holds, namely that the organism and the 

environment can only be considered together as an 

integrated system, and that the intelligent behaviour is 

not a function of the level of complexity, or of the kind 

of process simulated. 	This is of course a result of our 

original decision to regard intelligence as equivalent to 

the basic requirement for adaptation, common to all organism— 

environment systems. 	kve have seen the implications of 

this fact for our implementations — the prediction mechanism 

was the same at all levels and naturally the responses 

were similar. 	The features which are particular to a 

certain level of complexity are internal to the system and 

recognized by both the organism and the environment, but 

they cannot be identified from outside the system and do 

not affect its behaviour. 

All this does not mean of course that it is equally 

easy to achieve a certain level of intelligence, i.e. a 

certain accuracy in the prediction of the environment 

sequence, regardless of the level of complexity. 	The 

price paid for achieving the same response at a higher 

level is a decrease in performance from the implementation 

viewpoint. 	This is a direct result of the fact that 

larger amounts of information have to be manipulated while 
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the process is basically the same. 	The generality of 

this approach must therefore be viewed in the context of 

its implementation. 

Traditionally there have been two views on the future 

of research in artificial intelligence. 	The negative 

view maintains that computers will never attain the level 

of human intelligence either because of practical difficulties 

or simply because an artificial system, being produced by 

man, will always lag behind man's intelligence. 	The 

positive view on the other hand maintains that artificial 

intelligence programs will in time be able to cope with 

any aspect of intelligent behaviour and after a certain 

point a self—development can be initiated, enabling thus 

the artificial intelligence to surpass the human one. 

This argument is not going to be settled for a long time 

yet and it is important to understand its meaning. 	In 

the context of the conventional approach in artificial 

intelligence research which we have discussed in section 

1.2, the argument usually refers not to the advance in 

our understanding of the natural intelligent behaviour, 

but only in our ability to simulate it. 	In other words 

the argument is whether or not it is possible to develop 

a software and hardware technology which is powerful enough 

to match the natural intelligent system. 	And this is in 
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fact a translation in terms of artificial intelligence, of 

a common problem valid in all fields of computer science. 

, The same argument has a different meaning however 

when the research is done according to the approach we nave 

proposed. 	ithereas the conventional specific-task research 

is mainly concerned with the practical means of simulating 

partial effects of intelligent behaviour, our object is 

first to understand the mechanism of this behaviour and 

then to attempt a straightforward simulation of the whole 

process. 	In the former, a successful implementation also 

means a solution for that particular problem (though not 

necessarily for other aspects of intelligence). 	These 

solutions depend therefore directly on the advance in 

hardware and software technology, and this is actually 

the process we have been witnessing in the past. 	In 

the latter, the solution itself is independent of the advance 

in the other fields and only its implementation will have 

to rely on them; but this, if at all feasible, should be 

a trivial matter. 

►chile looking for a quick solution to separate aspects 

of intelligent behaviour, the adepts of the conventional 

approach tried to ignore the natural mechanism, trusting 

in the power of their machines. 	They went deeper and 

deeper into technical details by trying to find in the 

separate aspects something which is only apparent in the 

integrated system. 	The more they simplified the problems, 

the farther they got from their solution and what started 
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as a short detour into software development has become a 

full-time occupation. 	The approach we are proposing 

avoids these pitfalls by concentrating on the intelligent 

behaviour of the integrated natural system. 	This is a 

difficult project which cannot provide a short-term solution, 

but when one is found it will be for all aspects of 

intelligence. 
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CHAPTER 7  

RELATED WORK 

The brain is the best information processing device 

we know of. 	This has been recognized long ago and it is 

not surprising that, as interest in computers increased 

also the research into the mechanism of the brain 

increased - either within artificial intelligence, or 

in psychology. 	This common research contributed to the 

creation of cybernetics. 	There are several approaches 

in this research and a favourite one, especially in the 

early days of the computer, was based on the apparent 

analogy between the brain and the computer from the view- 

point of their operating principles. 	The usefulness of 

this approach is doubtful, as explained in Chapter 1; 

even if we understand the biological mechanism of the brain 

it will be inefficient to implement it on a digital computer. 

It is advantageous to study only the high level activity 

of the brain and to regard the computer merely as a tool 

for simulating this activity, without caring whether or 

not the low level operations are similar to those of the 

brain. 

The classic work on the brain-computer analogy is 

probably that of von Neumann 20. He discusses in detail 

the similarities and differences between the two systems 

from the viewpoint of their construction, mode of operation 
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and capabilities. 	Although there are many common features, 

there are some fundamental discrepancies which produce 

strikingly different overall performances. 	He points out 

in particular the basically different internal representation 

of information — the natural system uses much more redundancy 

and sacrifices accuracy for the capability of generalization, 

complex pattern processing and protection from damage. 

Wooldridge21 on the other hand emphasizes a fundamental 

similarity, namely the fact that the operation of both the 

natural and the artificial systems is based on the execution 

of a large number of simple, primitive steps, at high speeds. 

Other similarities are the presence of innate and learned 

functions and of feedback mechanisms for controlling the 

performance at several levels. 

Sutherland22  discusses this subject from the viewpoint 

of the machine, showing that since it works according to 

principles basically simila'r to the brain it should be able 

to perform the same intelligent tasks and it is only a 

matter of time before ways are found for simulating all 

aspects of intelligence. 	George 23  approaches the subject 

from the viewpoint of the brain. 	He shows how the various 

facts normally accepted in psychology can be observed by 

viewing the brain as an artificial-device, similar to a 

general purpose computer. 

Much work has been done involving the use of 

computers for demonstrating and testing theories of 

the action of the brain. 	Although originally started by 
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psychologists, this research is recognized now as a field 

of artificial intelligence and it is extremely useful for 

increasing our understanding of the nervous system. 	Those 

who work in this direction are not concerned with practical 

applications of their computer models; the purpose of 

these models is mainly to simulate in a convenient way 

theories which would be more difficult or impossible to 

validate by other means. 

A good example is the work of Rochester et al. 25  who 

showed by implementing the model proposed in Hebb's 211  cell 

assembly theory that some results are different from those 

expected. 	Hunt 27  describes the research being done on 

models derived from psychological studies and Holland 28  

shows how we can use our knowledge on the structure of 

the brain in order to design more efficient artificial 

intelligent systems. 

Doran26 suggests that we should pay more attention 

to the natural intelligent system before designing artificial 

ones. 	Very little is known of its way of operation and 

little research is done in the way of seeing the brain in 

the general class of intelligent machines. 	Furthermore, 

we know virtually nothing about the relation between the 

structure of the brain and its working procedure. 

The study of brain models and their simulation is very 

important in its own right but, as explained in Chapter 1, 

we prefer a more direct approach to the problem of building 
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an artificial intelligent system. 	We prefer to study 

the interaction between the brain and the environment and 

the behaviour of this system as a whole rather than regarding 

the brain as a separate part. 	We are using the 	an 

inductive method for understanding its mechanism rather 

than the deductive methods necessary when the brain is 

studied on its own. 	We are less concerned with an accurate 

simulation of the actual action of the nervous system, and 

more with the simulation of its interaction with the 

environment. 

Closer to our approach are the studies made with 

learning models, i.e. models of the nervous system - at 

either a low or a high level - which modify their internal 

structure following their interaction with the environment 

so that their performance improves in time. 	This idea 

has been used in many applications but the principle is 

basically the same - the problem can always be described 

as one of concept formation. 	The model is presented with 

a sequence of signals in which it has to identify certain 

rules and use them in future instances. 	Hunt 29  discusses 

the requirements in such learning models. 	They need an 

internal representation of the features of the environment 

and the various objects or goals, which depend on each 

particular application. 	Decision trees may be formed and 

heuristics used for managing the information collected from 

the sequence and for deciding on the response. 

A simple application is described in Feldman", 
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namely a model for the simulation of the binary choice 

experiment, one of the most famous in psychology. 	The 

model is presented with a sequence of signals and there 

are only two alternatives for its response. 	There is no 

previous knowledge — as in experiments with human subjects 

the sequence of signals is the only source of information. 

Learning models however have been used mainly in conjunction 

with the problem of pattern recognition, i.e. the model 

has to learn to recognize patterns by analyzing their 

features, sometimes with and sometimes without previous 

knowledge. 	The program of Selfridge and Neisser31  

attempts to recognize hand printed capital letters 

but although it can learn from its own experienCe by 

modifying a number of operators, it is very inflexible 

in the specification of the features looked for in the 

letters. 	The program of Uhr and Vossler 32is more 

sophisticated: in addition to the learning achieved by 

the modification of operators according to past experience, 

the program also develops its own test features. 	It relies 

thus on less preset knowledge and the performance is 

improved by the additional levels of learning. 

As explained in Chapter 2, the main characteristic 

of a model which relies more on its interaction with the 

environment than on previous knowledge is the fact that it 

can display adaptive behaviour. 	In other words it can 

not only acquire knowledge about the environment, but also 

modify this knowledge at any time still using the same 
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mechanism. 	Sears33  and Kazmierczak
34  discuss this concept 

and although their works are in the field of pattern 

recognition the same principles apply to all aspects of 

learning. 	Indeed, the field of pattern recognition — 

which parallels that of perception in psychology — has 

been a favourite one for studies of learning models, as it 

has been for most other problems of artificial intelligence. 

The experimental results from psychology were particularly 

useful for the theories on which these models are based. 

White 35  and Steinbuch36 emphasize this close relationship 

and present the common aspects of adaptive models, as well 

as techniques for solving the basic problems. 

In all these models there is a certain amount of 

preset, "innate" information. 	They can all improve their 

performance by interacting with the environment but they 

have some knowledge at the beginning; this knowledge is 

usually in the form of an increase in the sophistication 

of the model through more detailed specification of the 

features it has to extract and analyze from the sequence 

of patterns, and the way it has to modify its operators 

as a function of its interaction with the environment. 

This is another way of applying the same principle we have 

followed in our approach, namely the organism model cannot 

be studied separately and we must take into account the 

expected environment features when designing the method 

by which it has to adapt. 	We must distinguish of course 

between this form of previous knowledge which is indispensable 
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for the organism (and comes in the form of "hardware" 

specifying what and how to learn rather than specific 

information) and the innate knowledge which, although may 

also be in the form of "hardware", is similar in nature 

to that acquired later. 	It is this kind of innate knowledge 

that we chose to ignore in our model and which is generally 

irrelevant in all studies of adaptive systems. 

The neuron networks are another field of research in 

the general area of learning machines. 	These networks 

- usually called perceptr.ons - mimic the internal structure 

of the brain which is viewed as a large number of randomly 

interconnected simple devices. 	The learning process in 

such networks is achieved by modifying the connections 

between the individual elements. 	The neuron networks 

followed the classic "cell-assembly" theory of Hebb 24  and 

the theory of neural nets proposed by McCulloch and Pitts37,, 

both based on the principle that the stored information 

is distributed throughout the brain rather than being 

localized. 

The first results were very encouraging and much 

research was done with relatively simple networks, e.g. 

Rosenblatt 38  and Uttley39, which were followed by many 

other works. 	Again perception, or pattern recognition, 

was usually the problem these machines had to solve. 	FarleYi 

discusses several aspects of the application of neuron 

models in pattern recognition, and Varmon and Lewis 42  bring 

examples of their use in the general field of learning. 
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Unfortunately the later results were disappointing 

because the machines could not be extended to more complex 

networks and their performance deteriorated rapidly for 

the more complex tasks. 	Minsky and Papert110 have suggested 

that this is due to our failure to understand some 

fundamental principles - which in fact apply to computer 

science in general - and they set out to study the general 

theory of perceptions, disregarding any practical applications 

they may have in specific situations. 	They argue that it 

is useless to experiment with the simple networks ignoring 

the limiting factors which assert themselves when the model 

is expanded in a practical application. 

This problem is of course common to all simulations -

unless they are based on a solid formal background it is 

impossible to prove, or even predict their performance for 

the various extensions and ramifications until these are 

implemented. 	Our approach is not immune either and it 

may very well prove to be impracticable for the simulation 

of complex intelligent behaviour without introducing some 

simplifications in the real-world environment. 	This is 

one of the reasons we consider that future research must 

concentrate on its implementation for specific applications 

since at this stage it is necessary to take into account 

those aspects which cannot be foreseen in a general model. 

Nevertheless we believe that this approach is more 

likely to succeed in complex situations, because it is only 

based on the simulation of the observed, high level behaviour 



179 

of the natural system, whereas such models as the perceptron 

are based on certain assumptions on the low level mechanism 

of the brain. 	It had been assumed that it is possible to 

simulate the entire structure of the brain following the 

understanding of its elementary parts but this was not the 

case. 	It is pointless to try to implement a system before 

fully understanding it and at the present stage we only 

understand the high level behaviour of the brain. 	Rather 

than trying to correlate it to fragmentary knowledge of 

the low level operations we must concentrate on its 

simulation from an external viewpoint and disregard whether 

or not this is the way the brain actually works. 	Studying 

the behaviour of the system is more important than studying 

its internal structure. 

There are several studies which discuss the behaviour 

of a learning device in a changing environment. 	Hunt29 

points out that the crucial problem is that of a device 

which interacts continuously with the environment and 

reacts to it, improving its performance not only from one 

instance to the other but also from one problem to the 

other. 	For a general purpose model like the one we have 

developed there is no distinction between different problems 

because they are all presented in the same way in the 

environment sequence, as described in Chapter 6. 	Such 

a general model would however be impracticable and it has 

to be tailored for each individual application. 
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Young" only discusses the natural system but he 

analyzes its behaviour cybernetically. 	The brain is 

part of the control system of a homeostat and as such its 

task is, like in all other control systems, to make a 

choice between alternatives, this being a process basic 

to life in general. 	The result is an increase in the 

correspondence between the system and its environment.
\  

Although we know that all adaptive changes depend on such 

processes of choice, we do not fully understand how they 

operate at the level of the brain. 	Ashby 16 also presents 

this subject from the same point of view and in addition 

he describes the mechanical implementation of an "ultra- 

stable" homeostat. 	We have explained in Chapter 2 	how 

our definition of intelligence corresponds to the 

requirement for stability of the system organism- 

environment. 	Another implementation which demonstrates 

the principle of stability was made by Walter 17  in the 

form of mechanical "tortoises" which simulate the behaviour 

of primitive animals. 

Apter 45  shows that the computer models of behaviour 

have to be viewed as simplified forms of the natural system. 

He emphasizes the importance of studying the behaviour of 

the organism as a whole when inside its environment and 

shows that evolution and development can be considered as 

a form of learning when the organism and the environment 

are viewed as an integrated system. 	Pringle 43  also points 

out the similarity between learning and evolution - both 
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involve an increase in the complexity of the system. 	We 

have pointed out in Chapter 2 however that in our model 

we ignore the changes which act at the level of the species, 

since they are too slow to affect an individual organism. 

Klir and Valach46, although regarding the organism as 

a special part of the system and the environment as an 

external, separate part to which the organism is connected, 

reach the same conclusion we have reached in our definition 

of intelligence. 	They show that all living systems can 

be viewed as information processors, their only purpose 

being in effect to anticipate the future and so prepare 

for expected changes in the environment. 	The learning 

process is then the acquirement of this capability through 

interaction with the environment. 	It is this quality that 

is called "self-organization" or "ultra-stability" - this 

is a higher level of adaptation, or an improvement in the 

adaptation capabilities. 

The same subject can be approached from the viewpoint 

of an artificial intelligent system rather than a natural 

one. 	Pedelty47  and de Latil" show that a machine can 

display intelligent behaviour when presented with a changing 

environment. 	Since they both regard the machine- 

environment cybernetically their conclusions are similar 

to those for a natural system. 	Ashby49  also discusses 

aspects of the interaction between a machine and its 

environment and emphasizes that it is impossible to study 

them separately. 	Indeed, any closed system can in fact 
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be regarded as composed from two parts - one corresponding 

to the machine, or organism and the other to the environments. 

Doran 50,51  describes the computer simulation of the 

behaviour of an animal in its natural environment. 	Both 

the organism and the environment are made as life-like as 

possible, with various states defined to represent situations 

which would occur in the real world, e.g. hunger, obstacles 

and temperature. 	The organism's behaviour is based on 

seeking to satisfy its needs and it can learn from its 

previous decisions. 	Similar simulations are described in 

Jacobs52  and Findler 53 	In all these models the organism 

starts with a blank memory and learns by itself from its 

failures and successes how to adapt to its environment. 

The simulation includes input and output for the organism, 

several levels of memory and a mechanism for evaluating 

its interaction with the environment. 	The environment is 

represented as a matrix with certain values for the various 

objects and features simulated and the organism acts inside 

this matrix. 

There are some obvious differences between the approach 

adopted in these organism-environment studies and the 

approach we followed for our model. 	Most simulations are 

concerned with real life aspects of the interaction with 

the environment and therefore they are specific simulations 

of the behaviour of an hypothetic organism. 	In addition, 

while the main object in our model is a continuous adaptation 

to a changing environment, the object in the above studies 
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is usually for the organism to achieve a certain goal given 

certain constraints, hence its behaviour is more a display 

of problem solving than of adaptation; this is unavoidable 

if the project is regarded as a specific-task situation. 

Most important of all, the simulation is of the behaviour 

of the device in an environment as seen by the device itself, 

while we have stressed that we regard the organism and the . 

environment as similar parts (at least externally) and used 

the full knowledge of one part's features when simulating 

the other. 

Theoretical models and computer simulations in 

particular have always been recognized as a convenient 

way of representing theories of learning, perception and 

intelligent behaviour in general. 	The common view is that 

they are simplified but accurate forms of the systems they 

are modelling and more concrete forms of abstract ideas45 

Nonetheless the use of models for developing a theory must 

be justified because it is not always obvious whether its 

extension to more general aspects or to a practical 

application will be possible. 	Hilgard and Bower54  for 

instance, while showing the importance of models in the 

study of behaviour, point out the danger involved in this 

approach and already mentioned in Chapter 1. 	It was 

thought that complex behaviour can be understood by studying 

first separate aspects under simplified conditions. 	It 

is now recognized however that this approach has failed and 
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we must try to model directly the complex intelligent 

behaviour. 

Popper55  also argues that models of theories cannot 

be proved to be true. 	that can be done is only show that 

they are consistent with the observed facts. 	Different 

models can only be compared according to their performance 

in relation to the modelled system. 	Klir and Valach116 

define the model as an instrument - the fundamental concepts 

remain the system, its behaviour and structure. 

In spite of their limitations models are invaluable 

in the study of complex systems like those representing 

intelligent behaviour, 	as in the case of Rochester et al. 

mentioned earlier. 	In addition, one can chose to concentrate 

on the simulation of those aspects which are of interest, 

while representing the others in the most convenient way. 

Chomsky56  for instance makes a clear distinction between 

the observed linguistic behaviour and the actual linguistic 

competence and this probably applies to any other mental 

behaviour. 	The implication is that we can build models 

of the mental competence and if these models are correct, 

we ought to obtain the same external behaviour displayed 

by the real system. 	This view is of course identical to 

the one we have expressed when we decided to ignore the 

internal mechanism of the natural system and to simulate 

only its behaviour towards the environment. 

Several models of human problem solving have been 

proposed and most of them have also been implemented. 
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They are all based on the principle of goal-directed 

behaviour and the division of the major goals into subgoals, 

etc. Newell and Simon57 describe their long project which 

resulted in many implementations. 	Problem solving can be 

understood in terms of a task environment, a space in which 

the problem solver represents the environment, the task and 

the knowledge he accumulates, and finally the program the 

problem solver uses for approaching the task. 	Information 

is extracted from the task environment and the solution is 

found by means of selective search through the problem 

space. 	Several examples are giVen of the performance of 

the simulated system for various applications. 	The drawback 

of this model, like all other general purpose models, is 

that it cannot by itself find the common internal 

representation for the different problems. 	Nevertheless 

it is an example of how a general model can be designed to 

accurately represent a theory of intelligent behaviour. 

A similar attempt is described in Reitman58159  

where the model is derived from an earlier version of 

the GPS and from Hebb's cell assembly theory. 	This 

project introduces such concepts as parallel processing 

and loss of information in the general goal directed 

behaviour, in order to account for evidence observed in 

human problem solving. 	Miller et al.6°  and Klix and 

Sydow6l suggest a theory in which the goal directed behaviour 

is structured hierarchically. 	The most elementary goals 
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should be considered as the units of behaviour and thus 

any problem solving activity can be represented by a temporal 

arrangement of subgoals, at several levels, the same strategy 

being used at each stage. 	As already mentioned, although 

this idea has been used in many implementations there is 

still no proof that complex mental behaviour can be 

represented in this way. 

For simpler forms of behaviour however, or for 

representing only certain aspects of intelligence, the 

models and their implementation have proved to be quite 

adequate. 	Willshaw and Longuet-Higgins62  for example 

describe a model for pattern recognition in which the 

emphasis is on the simulation of features observed in the 

natural system, namely influence of damage and forgetting 

and the way these effects are overcome. 	Klahr63 also 

concentrates on perception and describes experiments with 

a model based on grouping the information from input and 

applying certain quantification operators for producing 

the output. 

An important problem we have encountered when 

designing our model was that of generalization, or 

abstracting of the patterns in the environment sequence. 

This is a fundamental problem in any intelligent system, 

whether the application is pattern recognition, learning 

or any other form of intelligent behaviour. 	As explained 

in Chapter 4 	we bypassed this problem in the simulation 
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of the general system by evaluating the organism's predictions 

on a yes-or-no basis rather than according to "closeness". 

This followed our decision to work directly with states, 

ignore the interface with the environment and assume that 

a pattern can also represent a class of patterns. 	Itie 

pointed out that the problem of generalization is best 

solved for individual applications because it is in effect 

a problem of optimization - a trading of accuracy for 

efficiency - and therefore subject to attributes which 

cannot be considered in a general system. 	(In the 

Appendix we show an example of this problem in a specific 

application.) 

Hunt and Hovland711 argue that the reason the problem 

of generalization appears in all aspects of intelligent 

behaviour is that such behaviour always involve some form 

of concept formation - the machine has to map stimuli from 

predetermined subsets into particular responses. 	Although 

theoretically it is the same problem that must be solved 

in all cases, for practical reasons it is usually solved 

individually. 	The concept we have called "closeness" is 

discussed as "property classes" in Farley!" and as "strong 

discrimination" in Keller". Johnson72  also mentions that 

although the codes the brain uses when processing 

information seem to be unique, they are evaluated on the 

basis of closeness and not by a yes-or-no comparison. 

And Pedelty47 who uses the term "level of awareness" for 
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the concept of generalization argues that the information 

interface between a machine and its environment must be 

adequate for the level of sophistication of the machine. 

In other words the capability of classifying the input 

signals must be correctly related to the internal 

processing capabilities. 

When we defined the structure of the environment in 

Chapter 3 	we saw that the main problem was to represent 

all the main features found in a real-world environment. 

It had to contain a certain amount of repetitiveness in 

order to be predictable but it also had to contain some 

randomness to represent the changes to which the organism 

has to adapt. 	The levels and types defined made it possible 

to represent various degrees of complexity, a more complex 

environment containing in effect a larger amount of 

information. 	There is a strong evidence that the 

interaction between the brain and the environment is based 

on such an organization, i.e. the natural intelligent 

system is so built that it recognizes in the environment 

constructions similar to those we have defined. 	Miller64'65 

shows that the brain is quite limited in its capacity to 

process information and that the input from the environment 

is accepted in "chunks". 	The efficiency is increased by 

means of coding these short sequences which. are 

effectively processed by the brain as time patterns. 

The division of the environment sequence in our model into 

strings of states intersperced with zero-states was based 
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on these observations and the use of the same idea for 

higher levels of time patterns was a natural extension of 

the coding mechanism. 	The same idea is expressed by van 

Emden66 who shows that a higher level of complexity can be 

obtained by combining several systems of a lower level and 

producing thus a larger amount of information transfer. 

The theory of information grouping, or "chunking" 

of the input sequence, came largely as a result of the 

problems found when trying to apply the simple associative 

serial behaviour theory to experimental evidence. 	Lashley67 

who first discussed these problems noted that there are 

complex interdependencies among items in a behavioural 

sequence which are best described not as associations but 

as a coding process applied to groups of data and at several 

levels. 	Johnson 68,72  discusses the coding process and 

shows that it depends on the temporal position of each item 

in the sequence. 	The codes are therefore true time 

patterns employed by the brain in order to facilitate the 

information processing. 	Cermak69  and Herriot7°  present 

the concept of several levels of coding and suggest that 

the information contained in the input sequence is preserved 

and transferred through each stage of encoding up to the 

highest level. 	This results in a more efficient storage 

and retrieval of information than would be possible with a 

purely associative mechanism, but they admit that it is not 

fully understood how this transfer of information is performed. 

Posner71  shows that there is some experimental evidence 
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for the existence of parallel, multiple codes, i.e. the 

information is stored in more than one form and there are 

several encodings for each item in a sequence, in different 

contexts. 

Since this coding theory encounters some problems 

which can be solved by the associative theory, it has been 

suggested that a combination of both might provide the 

answer. 	Estes73 develops a model which can explain all 

empirical evidence and manages to avoid to some extent the 

main objections against the coding theory, namely that the 

encoding/decoding processes are never specified and the 

various levels are obscure. 	In this model there is an 

element of sequential learning, while the coding mechanism 

is retained for an increase in the information processing 

capabilities. 

It is this latter approach that was adopted in our 

model. 	Simple associations cannot produce a complex 

intelligent behaviour but they seem to exist in all real—

world environments and account for their predictability. 

They appear in the simulation in the form of succession 

rules at the level of characteristic patterns and the coding 

mechanism is employed for producing the time patterns at 

various levels. 	An environment of any complexity can thus 

be obtained by adding levels of encoding and increasing 

the amount of information transferred in the interaction 

with the organism. 	The learning process always applies 
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at one level only - that at which the associations occur. 

It must be emphasized however that, although based on 

psychological theories, our model represents a generalization. 

The psychological findings refer to the brain's response 

to an input sequence of signals, whereas in our model the 

sequence is a sequence of states (as defined in Chapter 

2 ) and represents the entire interaction between the brain 

and the environment. 
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APPENDIX. 

AN EXAMPLE 

We have indicated in Chapter 6 that more research is 

necessary in order to ascertain the practical value of 

this approach for solving problems in artificial intelligence. 

Although the approach is general and applicable to any 

problem, it will probably be best initially to test it in 

a more limited way, for obvious implementation considerations. 

The final goal is however to have a system capable of 

dealing with a variety of problems, the only part specific 

to each problem being the .stage of interaction with the 

outside world. 

Even when applying this approach to a specific, restricted 

problem only, the only way to see whether for practical 

applications it has advantages over the conventional 

specific-task methods is by regarding it as a serious 

project in its own right and devoting enough effort to 

ensure the best possible implementation. 	The example 

we describe here is only a small scale demonstration and 

no attempt was made to achieve a certain level of performance. 

Therefore it would be meaningless to compare the results 

with those obtained by other programs. 

The example involves a simple application in pattern 

recognition, namely the recognition of handwritten digits 
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(0, 1, 	9). 	The problem is to design a program that 

learns by itself to recognize the digits from a sequence 

of patterns and their interpretation. 	The program has 

no previous knowledge on these patterns, their number or 

variety. 	The digits are contained in a matrix of 30 x 20 

elements which can have the binary values 0 or 1, with 

their obvious meaning. 	For each digit, 3 to 5 pattens 

were produced to represent typical, widely different hand 

drawings. 	These patterns were subsequently distorted in 

various ways by a special program, while still retaining 

their original format. 	For each digit many different 

patterns were thus obtained (50 - 100 depending on the 

digit). 	Each such pattern was paired with another one 

which was simply its interpretation as a digit and these 

pairs (which are the rules in the environment sequence for 

this system) were stored in a table. 	The part of the 

system which acts as environment generator chooses at 

random pairs from this table and presents them to the part 

which acts as the organism. 

This system is still a simulation of the real-world 

situation, but this is unavoidable if we want to bypass 

the various technical details. 	As noted above, it is 

only intended as an indication on the use of our approach 

and the sequence produced is a very good approximation 

of many different hand-written digits as they would be 

represented internally after a preprocessing stage. 

For this simple application a level 1 type 1 system 
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is sufficient. 	There is no need for a type 2 system 

because we do not expect the interpretations given to the 

various digit patterns to be changed later (there may 

always be new patterns in the sequence, but the type 1. 

organism can of course cope with this by adding the new 

rules to its table). 	Also, the disturbance-type changes 

can be considered as slightly different, new patterns and 

are dealt with as such in a special way described below. 

For complex patterns and interpretations in this 

kind of application it is worth considering a higher level 

system, but the patterns we are using are simple enough 

for level 1. 	There is no reason to subdivide them into 

simpler patterns (rows of elements, or submatrices) and 

therefore they will also be the environment states. 	The 

digit interpretations following the patterns as the second 

part of the rule must also be considered as states but 

there is no need to bring them to a common internal 

representation, since they can be easily distinguished 

due to their fixed order in the sequence. 	This fixed 

order also allows us to make another simplification, namely 

to dispose of zero-states. 	Since the patterns and their 

interpretation always come in pairs which have no connection 

with one another (the recognition is of digits, not of 

numbers), the length of the cycles in the sequence is always 

2 states and the organism needs no zero-states for recognizing 

them. 

The comparisons of the interpretations in the environment 
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sequence with those predicted is made on a yes-or-no basis, 

as in the theoretical models. 	But the comparison of the 

patterns themselves when searching the table of rules 

during the recognition process is made according to the 

original definition, i.e. they only have to be as "close" 

as possible. 	This is desirable because there are only 

ten different interpretations, the recognition process,. 

being effectively a many-to-one mapping. 	Since some of 

the patterns for the same digit may only differ to a small 

extent from one another, the comparison based on "closeness" 

minimizes the number of different rules the organism will 

have to form and it also takes care of any disturbance-type, 

small random changes in the patterns, as well as of "noises" 

in the matrix in general. 

In. practice the comparison is done simply by counting 

the number of. corresponding elements in the two matrices, 

whose binary values differ from each other. 	If the total 

exceeds a preset maximum bound, then the two patterns are 

considered to be different. 	If no rule is found whose 

pattern satisfies the criterion of closeness, then no 

prediction is made and the new pattern with its interpretation 

are added in the table; otherwise the rule containing the 

pattern closest to the one in the sequence is used in 

prediction. 	Clearly a high value for the bound set for 

closeness means less cases when new rules have to be defined 

and more cases of wrong predictions. 	On the other hand a 

low value results in more accurate predictions but more 

cases when no prediction is made because the pattern is 
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considered to be new, this leading to a slower learning 

process. 

In order to further help reduce the overall number of 

different rules without detracting from the accuracy of 

the predictions, and also for increasing the flexibility 

of the bound used as criterion of closeness, the digit 

patterns are not employed directly as they appear in the 

environment sequence. 	Instead they are blurred, i.e. the 

lines forming the digits are made thicker (from 1 to 3 

matrix elements and from 2 to 4). 	Only the blurred 

patterns are used in comparison and this is the way they 

are stored in the table. 	The result is that patterns 

which would be considered as very different from one another 

in their original form, become "closer" because the proportion 

of matrix elements with different values (out of the elements 

with the value 1) is smaller. 	The criterion of closeness 

can accordingly be relaxed more freely without producing 

a large increase in the number of wrong predictions. 

The system was tested like the models described in 

Chapter 5, by calculating the average results from several 

experiments. 	Here the only difference among the various 

experiments was the order in which the patterns were 

presented (always random). 	The results, which show 

therefore the probability of a wrong prediction as a function 

of the number of pairs presented, are similar of course to 

those of a type 1 system (Figures 5.1 and 5.2). 	The 

difference is that for this application there are predictions 
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only for the states which are interpretations of the patterns,' 

therefore there are no permanent wrong predictions due to 

zero-states and the random first state in a cycle. 	The 

lowest probability that can be achieved in the steady-state 

is a function of the bound set for the criterion of closeness 

in the recognition of patterns. 	it can be as low as 0 

but in this case the number of rules is very large (pr,actically 

each different pair becomes a new rule) and the learning 

prbcess is very slow. 	More interesting are the cases 

when we are willing to sacrifice some accuracy for a better 

overall performance.. 	For example, for a permanent probability 

of a wrong prediction of 0.05, only about one third of the 

different pairs are considered as different rules and the 

graph reaches the steady state after less than 600 pairs. 
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