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Summary
The aim of Code Generation Design is to experiment with the ground-breaking 

designs (or “designs patterns”, “components” etc.) that will work with programs that 

can re-write, create and modify themselves, and other programs. This paper looks at 

the following designs:

1. Asexual Mutator – A program which can recompile itself, change itself, kill itself 

and run the new copy (or mutated copy) of itself.

2. Splicer – A program that uses other program(s) code or reference material, to

create and run child programs, which may or may not include code from the

original program.

3. Asexual Mutator Splicer – A combination of the 2 designs above.

4. Program Introspection – The ability of a program to parse it's own code, and to

some degree follow the execution paths of the code without actually running the

code.

This paper proves that programs are capable of rewriting, creating and modifying 

other programs, however, greater research in each design will be necessary, as this 

paper only answers the question of “how” the designs are/ or can be achieved.

There are no or very few frameworks from which to develop theories of Code 

Generation Design or any code generation techniques. For this reason the researcher 

has created “guiding” theories so that practical programs can be produced, and later, 

when they are proven, to form the basis of a framework for future study.

Each of the experiments where appropriate listed will be measured against 3 criteria.

1. Combinatorial Explosion

2. Keeping the Code Generic (includes learning, extendability, ease of use)

3. Keeping Artificial to Intelligence Ratio as High as possible 

And a short qualitative analysis of the conclusions that can be draw from the results.

The holy grail solution of code generation design is writing a generic program 

capable of solving all problems. The theoretical solution is explored in chapter 7.



Chapter 1: Introduction

A justification of the likely value of the project:

More and more it is not enough to be able to simply write program to solve a problem 

and never have to touch it again. Many programs require continuous updates to keep 

them from becoming obsolete. Programs are becoming increasingly larger, and being 

able to handle the large code base is becoming harder and harder. To address these 

issues, many programmers turn to “Design Patterns” (Gamma et al, 1995), 

Component Based Software Engineering (Szyperski, 2002), Extreme Programming 

(Extreme Programming, 2006, p1) and other software methodologies to help write 

their code in such a way that it becomes easier to update and maintain. It is the 

purpose of this paper to explore the “Designs” of program that can modify 

themselves or create programs by themselves. It is hoped it may be the solution to 

the software crisis (as described in the glossary) (Software Crisis, N.D, p.1).

The true problem with all current programs today is that the part that makes 

decisions in a program is unchangeable, except via human programming in the 

changes. Design patterns and software methodologies to date only deal with creating 

structures and system that theoretically reduce the number of changes required. 

When data needs to be manipulated in a particular way, only programming changes 

will fix it. For example, one may write a physics system that works using Newtonian 

Physics. One can change the mass, and force applied to objects and it will work with 

every conceivable object, and therefore the system is said to be data driven, generic 

and object oriented. But is it really that good? Fast forward to when Einstein 

develops his Theory of Relativity, which is a replacement for Newtonian Physics. Your 

program has been outdated and no amount of changing the data is going change the 

way the physics to calculated. The only way to fix this is via rewriting the code. This 

happens all the time. The changes are usually based upon some of the following: new 

operating systems, new libraries (libraries are “modules” of code that perform fairly 

generic tasks –

ie a “game library” will have instructions on how to draw to the screen.) new 

hardware, new techniques(and Designs), new requirements and new compilers.

A programs inability of changing how it uses data makes every program non-generic, 

and non object-oriented (code can, and should be considered an object). (definition of 



object orientation (Object Oriented Programming, N.D., p.1) It is this flaw that makes 

a program unable to solve anything except what it was programmed for. To solve any 

problem generically, one must look at the solutions that can potentially solve any 

problem, in any format. Indeed, programs that can change there source, or write 

other programs, are one of the few designs that are capable of such a high level 

requirement. This brings us to traditional methods of solving a problem via a 

computer program:

A suggested new strategy is:

That leads to an ideal generic solution that has has the smallest possible amount of 

human involvement. Ideally the only interaction a human has is the presentation of 

the problem. 

Keep in mind the above is intentionally simplistic. Getting a program to write another

program involves training, program self-learning through introspection of itself and 

splicing other programs, observing the change in variables, generic question asking, 

a method of attempting to solve this problem (eg. genetic algorithms) and verification 

the answer is correct (testing).

Problem
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 programmer
 writes program to 

solve problem

Solved

Problem
 Computer

 programmer
 writes program that can  

 solve the problem
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Problem
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program to solve problem Solved



“Feed a man a fish and you feed him for a day. Teach him how to fish and you feed 

him for life.” (Anon) Without doubt, training a program how to solve a problem is 

vastly, vastly more difficult than just writing the solution. However, time and time 

again the same problem arisen, perhaps in a slightly different context, and in these 

cases, the computer program can do your work for you. 

Chapter 7 takes a fascinating look at the human brain through thought experiment 

and theorizes on how it works. It's not necessary to get this perfectly right, an 

investigation into the brain is reference tool for someone wanting to know what's 

probably required to make a program intelligent. Unfortunately, it is beyond the 

scope of this paper to prove practically. It's like an artist that looks at reference 

images to paint what's in the reference images. Our true goal is to prove intelligence 

theories in simulation, therefore we can add it as another future theory we can use. 

The theories will be subjective, because the brain is to complex to test the theories in 

practice.

Almost all designs to-date ignore the fact that programs can learn. I have not yet 

seen a program that is completely aware of it's own programming. It is a goal of this 

degree to allow a program to learn it's own programming. (coined “Program 

Introspection”). The benefits of Program Introspection are virtually limitless, when 

combined with proper training and learning.

Some emotions are theoretically translatable to code/algorithms. Although obvious

differences are apparent, we are most interested in an emotion's reason for existence 

in terms of survival and learning (and it's practical use). Eg. Program Introspection 

could be considered imagination, and imagination can keep us safe from danger. ie. 

We imagine will die if we jump off a cliff, even though we have never actually jumped 

off a cliff. Program Introspection can similarly predict if a set of code will crash the 

program, and therefore a program can then decide not to execute the code.

Some questions are universal to all problems. Questions like “Where do I start”, 

“What do I do at the end?”, and “What type of problem is this?” are examples 

universal questions that we mentally and automatically ask ourselves when we are 

presented with a new problem. These sorts of questions can aid us in giving structure 

on how to learn things and how to actually do it.

The biggest issue with creating generating code is fighting Combinatorial 



Explosion  as addressed in the Lighthill report (Lighthill, 1973). Combinatorial 

Explosion

occurs in code generation when there is an excessive number of code fragments that

could be be inserted into a program, so many, that it's practically impossible to find 

the right one. You must keep in mind, that a computer program knows nothing, and 

will use a pseudo “trial and error” approach if it doesn't already know the answer. 

The paper will use a combination of statistics, learning, training, giving objects 

meaning, breaking up elements into nouns and verbs and abstraction (eg. Making 

words instead of characters the smallest elements) as a means of reducing the 

combinations in a problem.

The inevitable conclusion is to create a program that can take a problem, research 

and test smaller components, that in combination, will lead to a solution to the 

problem.  Getting program to write themselves in an intelligent format is considered 

the holy grail of programming. It isn't the purpose of this paper to solve this problem, 

rather it is the formal declaration of the designs that may be used to solve it.

The key benefits of using Code regeneration are the following:

• Save time coding. Automatic reuse of known algorithms can save the time to

implement them. Usually to implement a known algorithm, you don't have to

understand the algorithm, you just have to make sure you send it all the right data.

• Requests in English could, theoretically be transformed into programs. This would

relieve the need for programmers altogether. Non-programmer could then customize

software in anyway they wanted.

• Tedious tasks could become capable of greater level of automation. Because of the

generic way it can solve problems, tasks that the original program was not designed

for can, at least, be addressed and worked upon, and in some cases solved without 

the need of human interaction.

• Code written in one language could be transferred into another language.

• Code repair, if there is a hardware failure, then the program can change itself so 

that the offending code s no longer executed.

• Program could be able to determine the speed they run at, and hence be able to

“speed” optimize themselves.

• Programs could determine that there design is flawed, and rewrite themselves with 

a better design much faster than a human could.

• Immunity to viral attacks, through interpreting and rewriting all programs before 



they are run.

• Autonomy. Programs could discover and fix problem we did not even know was 

there.

• Scalability. The more complex a problem becomes, a program can assign more

“thinking” resources into solving it. 

Disadvantages

• Fairly difficult to understand and originally create, however once the first program 

is written there won't be a need for anyone else to understand it. This is because it 

can understand itself and therefore modify itself without the need of a programmer to

understand it.

• Many groups have a negative outlook on “thinking” programs. (A typical article 

inflating the paranoia that computer programs that will “kill us all”. ) (ZDNet, 2001, 

p.1)

Relationship with Creative Media

Media are tools used to store and deliver information or data. Programs are both a

complex and interesting form of media. The focus of this degree is the literal 

definition of the degree name. It seeks the design that will make it capable of 

programs creatively creating program, or, Media creatively creating Media. Via 

processes of learning, introspection and understanding, the experiments learn how to 

be creative from the expressed knowledge of others. It is hoped through these 

experiments a new from form of media will emerge, significantly change what we 

consider program media and the way that people interact with programs.



Chapter 2: Terms of Reference/Objectives & Literature 
Review

Each of the experiments will be measured against 3 criteria, as well as their 

qualitative benefits.

1. Combinatorial Explosion

2. Keeping the Code Generic

3. Keeping Artificial to Intelligence Ratio as High as possible 

A brief description of each follows:

1. Combinatorial Explosion

“Occurs when a huge number of possible combinations are created by increasing the 

number of entities which can be combined--forcing us to consider a constrained set of 

possibilities when we consider related problems.“ (Principia Cybernetica Web, N.D, p.1)

For this paper, combinatorial explosion represents a very low chance of success. If for 

example the chance of getting the right answer is 1/24484627495932534345, one 

could assume that one could never find the right answer. Combinatorial Explosion 

occurs when too many “combination” variables are brought into the problem.  This 

problem was first addressed in the Lighthill report (Lighthill, 1973). In his report 

Lighthill expresses disappointing results in some AI based research, noting that it 

was due to combinatorial explosion of problems trying to solve problem via brute 

force. 

2. Keeping the Code Generic

Code that is able to be used in as many ways as possible is considered generic. As 

one becomes more familiar with programming, you design programs that are not 

'locked' in using one type of object or action. 



Computer learning is perhaps one of the most important aspects of generic coding. 

The ideal generic solution is a computer program that is able to learn in a wide 

variety of situations and adapt to solve the problem. The true holy grail is one 

solution that can can potentially solve any problem,  knows when it can't solve a 

problem, and knows when a problem will take too long to solve (usually due to 

Combinatorial Explosion).

One methodology that borrows from natural languages like English, treats objects 

and objects that store data as nouns, and code that 'acts' upon the object as a verb. 

By doing this one can apply any action ( or verb ) to any noun object. In this case the 

code is said to be very generic, because verbs are not locked into working with just 

one object which is so often the case with programming.

Another type of generic coding is data driven design, whereby the program does 

what it does according to the data that it's given. Code Generation Design borrows 

greatly from this design, but with a quirk, that the code itself can be considered data.

3. Keeping Artificial to Intelligence Ratio as High as possible

(Genetic Programming, 2003, p.1)

Deep Blue was the chess program that managed to beat the current world champion, 

Garry Kasparov in 1997 at chess. However, it achieved this by monumentally large 

amount of work by human programmer and technicians between to years 1989 to 

1997. Although Deep blue was was quite clever, the fact that it took so much human 

intelligence to put it together meant that it had a low AI ratio.

The trick to getting a high Artificial to Intelligence ratio is by making the program do 

as much work as non-humanly possible.

Why choose Combinatorial Explosion, generic coding and  AI ratio as criteria 

for a qualitative testing  framework for code generation design?



Combinatorial Explosion makes programs run slowly, or run forever. Generic 

programming make it easier to extend and reuse code, and AI ratio is design to make 

sure you're doing a little work as possible for maximum gain. Traditionally most 

programs are judged on efficiency and how fast they can solve a problem. In this 

paper we present a different philosophy. We want to give the computer the ability to 

solve things by itself, not necessary the optimal way. In fact, one of goals is  getting 

the computer to understand the problems better, and in doing so we solve problems 

in multiple different ways, which yields greater computer program understanding of 

the problem often to the expense of efficiency.  



Similar research

There are few examples of self modifying (or re-generating) programs (except for

incredibly simple ones, or viruses). Every AI attempt that I have seen, attempts to be 

1 program that solves specific problems. I greatly suspect that this mentality has 

pinned AI into a “local minima” (local minima is mathematical way of saying your 

stuck in a rut, and there's a slightly better rut out there, but you don't know how to 

get to it because your current rut isn't too bad). (Maths Works, 1984, p.1) The style of 

programming that is being used in this paper has a bad reputation, which is sad and 

undeserved. The 2 reasons why is because it's relatively easy to use destructively 

(hard to use creatively) and science fiction has painted it badly. Most of presented 

ideas are fresh, novel and exciting, and really do have substantial potential.

The researcher has focused on getting the most out of this project for myself as a 

programmer. It concentrates on getting AI to program, which is exactly my job. If it 

can learn enough, there may be aspects of my job that I can get it to do for me 

instead.

Some close examples of code generation are noted in the glossary.

Correlations with Nature

How do you start writing a program that learns and adjusts to problems and figure 

out new solutions to the problems. One answer is via reference. You need to looks 

closely at one of the best references to a machine that does this and that is the 

human brain. So how does the human brain learn and figure out new solutions to 

problems?  We don’t know exactly, but we do partially know. And if you look at the 

golden rule of learning (in the glossary), then this will become an area we should 

focus on. At this point we can make an educated guess at how the brain works, and 

actually test it on a computer. Please review chapter 7 for some new insights on how 

the brain works.



Program Introspection. (programs that parse there own code)

The ability of a program to parse it's own code, and to some degree follow the 

execution paths of the code without actually running the code. Code from it's very 

interception was meant to be interpreted by a compiler. Program introspection is 

an interesting concept, the program will know what it's going to do before it does 

it, and in some cases, may change what it will do. 

“The process of introspection involves observation of one's own mental processes, 

thinking and emotional states. “ (About.com, N.D, p.1)

I predict that program introspection will be able to help solve the following 

problems:

1. Place extreme values into the variables of the introspected code to see if it 

handles them correctly. With a reasonable understanding of the code it's 

possible the code could be repaired, or made to handle extreme values

2. Prevent the program from crashing. If the program itself has added code to 

itself, then introspection may find bugs in itself so it won't die before it fixes 

itself.

3. A program can know perfectly what code will do, however, there may be 

cases where it is testing the code to make sure it will work as expected. If 

the introspection reveals that the expected answer is wrong then the exact 

position of where code goes wrong can be determined.

 

To achieve program introspection, the program must have the following:

1. Access to it's source (ie where it came from)

2. From the point where the introspection shall begin, at least some of the 

variables values should be known, other wise it could become impossible to 

track the execution path of the program. Another use of introspection is 

that variables can be assigned a particular value, or an extreme value, to 

test that the program handles unusual data correctly.

3. The ability to break ( tokenise ) the code into understandable parts.

4. The knowledge of what the code tokens do.

After a program has introspected itself,a program has a number of options:

1. Don't execute then code, for any reason – ie crash prevention, causes an 

error, calculates to the wrong answer.

2. Continue the execution, all is well.



3. Change the code and re-introspect, or recompile

It is interesting to note that program introspection seems to be closely related to 

human imagination. When we imagine something, we choose a starting point, run 

through a simulation with the variables we suspect will make it work. 



Chapter 3 Methodology
The Methodology will of follow a basic model of action research as proposed by 

Kremmis (cited in Hopkins, 1985)  as proposed below:

Each experiment can be thought of as a reflection as show in above diagram.

Plan:

The experiments listed will be addressed via a qualitative analysis of the of there 

ability to reach the following criteria: 

Reducing Combinatorial Explosion ( and hence keeping operations in a reasonable 

time frame.)

Keeping the Code Generic

Keeping Artificial to Intelligence Ratio (AI Ratio) as High as possible 

The relationship between these three factors is not straight forward. For example, a 

program may take a long time to write, and then you get a very small benefit. The AI 



ratio would then be small, because there was a large amount of work in for little 

return. However, if the code was written generically, and could be applied to multiple 

problems, then when it is applied to the 2nd problem, the AI ratio suddenly becomes 

high, because most of the work is already done. However, the first problem may not 

have had a Combinatorial Explosion, whereas, the second problem may have one. 

Many of the the experiments are for communication purposes only. They are put 

there to describe a methodology, or to bring the reader up to speed with the what 

works in some areas but lacks in others. It it hoped the initial experiments will keep 

the reader “on the right path”, so that when the more complex experiments come to 

light, the reader doesn't stray to methodologies that have been proved to be flawed.

Given the large amount of time it takes to program and test the outcomes of different 

solutions, some of this project will be focused upon utilizing thought experiments. 

(Standford Encyclopedia of Philosophy, 1996, p.1)

The researcher, who has worked as a programmer for many years, can predict the 

outcomes of the programs before they  are written. Occasionally this isn't possible, 

and in these cases programs can be written in a style known as “faith programming”. 

Faith programming is when you write a program that you haven't fully thought out, 

but have “faith” that you will be able to solve the problems when they arise. 

Experiments are simply proofs that the thought experiments work.

Setting up the Practical Experiments

The experiments will use the G++ compiler. (GCC, 2008, p.1)

The reason why this program was chosen is because it is free, runs on both windows 

and Linux, has been used for many years and  is very well tested.

Integrated Development Environments (IDE's) are (K-Develop K-Develop, 1998, p.1) 

on Linux, and Code:: Blocks on windows. (Code::Blocks, 2008, p.1)

K-develop and G++ come with the Ubuntu installation of Linux, which is the 

recommended  flavor of Linux to use. (Ubuntu Operating System, 2008, p.1)

When working on windows mingw is required to be installed. Mingw is a collection of 

freely available and freely distributable Windows specific header files and import 

libraries, augmenting the GNU Compiler Collection, (GCC), and its associated tools, 

http://www.seop.leeds.ac.uk/entries/thought-experiment/
http://www.codeblocks.org/
http://www.codeblocks.org/
http://www.codeblocks.org/
http://www.codeblocks.org/
http://www.codeblocks.org/
http://www.codeblocks.org/
http://www.codeblocks.org/
http://www.codeblocks.org/
http://www.codeblocks.org/
http://www.seop.leeds.ac.uk/entries/thought-experiment/
http://www.seop.leeds.ac.uk/entries/thought-experiment/
http://www.seop.leeds.ac.uk/entries/thought-experiment/
http://www.seop.leeds.ac.uk/entries/thought-experiment/
http://www.seop.leeds.ac.uk/entries/thought-experiment/


(GNU binutils).

(MinGW, 2008, p.1)

To setup code::blocks and mingw, it's recommended that the user follows the 

instructions setup here. This also include the setup of the ogre 3d engine, which can 

be ignored. (Ogre3D, 2008, p.1)

After setting up the IDE's and compilers it is a simple matter of making a project and 

importing the code of the experiment.

Video's of the experiments were made with Camtasia Studio 5. ( Camtasia Studio, 

2008, p.1)

Reliability and Credibility of Experiments.

In most cases, the credibility of the experiments is self-evident from the videos. The 

experiments either works or it doesn't, with reference to whether it meets the criteria 

stated above. It is with the video communication tools, and the experiment write-up it 

is hoped that anyone, even non-programmers, can see and understand the value of 

the research.

ACTION

The researcher  has chosen action research and experimentation as the means to test 

the programs for there ability to meet the aims of this paper. Due to the experimental 

nature of the work, it's possible experiments of greater value may become apparent 

during the work flow. In which case, the new experiment will be created instead of 

the old one. 

To really simplify it, these experiments grab a brunch of “code fragments”, jumbling 

them up and spits out as a program to see what happens. I have submitted using 

video examples of what of the experiments + source code and documentation. It 

won't be necessary for the examiner to have to “run” the experiments themselves.



A detailed description of how the project will be prepared, implemented and 

evaluated.

Project:

1. Chapter 4 will indicate the portfolio activity of the experiments. Chapter 5 will list 

the results of the experiments. 

Designs

1. Asexual Mutator – A program which can recompile itself, change itself, kill itself 

and run the new copy (or mutated copy) of itself.

2. Splicer – A program that uses other program(s) code or reference material, to

create and run child programs, which may or may not include code from the

original program.

3. Asexual Mutator Splicer – A combination of the 2 designs above.

4. Program Introspection – The ability of a program to parse it's own code, and to

some degree follow the execution paths of the code without actually running the

code.

Experiments

Experiments details will be greatly expanded in the project report. I would like to 

note unlike traditional programs, some of these experiments have no real end goal, 

except to see what happens. They're mainly for building blocks for later programs, or 

“artful” programs.

1. Write a simple program that proves you can use run-time code modification to

make a program create a new (modified) version of itself. (Asexual Mutator design)

2. Write a simple program that can write a modified version of a 2nd program and be

able to use the new program. (Splicer design)

3. Write a (never-ending) genetic algorithm to prove the dangers of combination

explosion.

4. Write a program that can parse it's own code, and code of other programs, and

break them up into “code elements”. (First part of Program Introspection)

5. Write a program that can build new random compilable programs from “Code

Elements”. The programs will do completely random things. (Splicer design)

6. Write a program that can learn it's own code, and from this knowledge write a 



program that has been requested by th user. ( Program Introspection)

Observations

The experiments listed will be addresses via a qualitative analysis of the of there 

ability to reach the following criteria as described above and placed below (for 

convenience).

Reducing Combinatorial Explosion ( and hence keeping operations in a reasonable 

time frame.)

Keeping the Code Generic

Keeping Artificial to Intelligence Ratio (AI Ratio) as High as possible 

The focus isn't necessarily on “How fast does this design/experiment run”.  Rather, 

It's more about whether or not the combinations will be too many to reach an answer 

in a reasonable time frame. The emphasis is on generic programming rather than 

getting the program to perform as fast as it possibly can.

Using Scientific Method for Computer Learning and Reasoning

Mill's Methods (Mill, 1843 (2002)) formulated the 5 principles of inductive (scientific) 
reasoning. They are:
(further describe in the glossary)

Method of agreement
Method of difference
Method of agreement and difference
Method of residues
Method of concomitant variations

An example of using Mill's Method for computer learning follows:



How Learning and Observation are Linked

feature_info

In order for a computer to learn what code does, it must strip away as much as it can 

from test so that only the code in question is being tested. In order to do this the 

researcher has created  the simplest program possible and only added one line of 

code. The one line of code is the object that we are testing (TEST) as shown above. 

What are we expecting the code to change ? Everything that we suspect that might 

change value needs to be recorded (observed), before the test. After the test, we 

check to see what variables have changed. Provided that there are no other 

influences, if the observed variables change then we can assume that code made 

those changes and hence, the program can learn what has changed. Eg. Say we are 

testing to see if printf(“a”) produces output. We record the output at the start of the 

experiment, then  run the test, then record the output, in this case is “a”. So 

therefore, by the Method of Agreement, ( after we repeat the test a couple of times) 

we can say ( and have learned) that the printf(“a”); produce “a” as output.

If however, none of our variables change after an experiment, we have also learned 

that the code we are testing does not affect the variables. We may also wish to 

expand the variables we are observing to find what the code affects.

Reflection

This paper guides the reader through each Experiment, reflecting and building on the 

results. 

Decide what variables
 will be observed

Test Record the changes
 made to the variables



Ethical Concerns

Justification: Overcoming the fear of writing programs that can modify themselves 

and others.

In recent times, the propaganda stylized bombardment of the belief that one day 

smart AI systems will one day destroy mankind, has halted all research into programs 

that modify themselves. There is a misdirected belief that such a program would 

indeed become smarter than humans, and eventually conquer and kill us all. I believe 

that instead, a computer program capable of thinking in a way that takes the best of 

human thinking, and the best of analytical thinking, will pave the way to a utopia for 

mankind, and indeed may be man-kinds only chance of survival.

Without technology, we will become extinct. At some point, earth will 

experience a cataclysmic event, which will wipe us out. Whether this be an 

asteroid, climate change, virus or (nuclear) war, without technology to save us 

and predict and manage these events, we face a very real prospect of 

extinction.

1. Humans have a limited intelligence. There will come a point when a technology 

is so complex, no human will have the mental discipline to learn and 

understand it, and later utilize it. However, we may be able to build machines 

and programs that can grow more and more intelligent.

2. Mankind will destroy itself. As humans become more technologically advanced, 

some will use the technology destructively, due to lack of understanding of the 

outcomes, or for greed, or maliciousness. The technology in this paper should 

be guarded against these threats.

3. Mankind will evolve. For the first time that we are aware of in history, mankind 

is able to build intelligence. Perhaps it is mankind’s destiny to evolve into 

machines, or for machines to genetically alter humans into far more efficient 

machines. The rules for natural selection and evolution take no prisoners, we 

will evolve into something better, or face extinction. (Darwin, 1859) 

4. There is no difference where intelligence is derived from. Intelligence can be 

derived from a machine as well as from biological creatures.

5. There is nothing more dangerous than a little bit of intelligence.  For example, 

oil is not very dangerous, but dig up enough of it and turn it into carbon 

dioxide, it becomes an extremely dangerous hazard for the environment. 

Humans are smart enough to use oil, but not smart enough to figure how to 



stop using it.

For the above reasons, I believe it is dangerous not to develop self-developing 

programs. Self developing programming are likely to become our only chance of 

survival.



Chapter 4: Project/Portfolio Activity

Please refer to the video's of the experiments from 1 to 6.

Experiment 1

Write a simple program that proves you can use run-time code modification to 

make a program create a new (modified) version of itself. (Asexual Mutator design) .

Part 1.

Hypotheses: Prove that a program can compile itself, creating an exact copy of itself. 

This is design to be an introduction to Code Generation Designs.

Part 1.

Please refer to the file on disk instead of Appendix A for the source listings.

The program is very simple and consists of 2 elements:

if (system("g++ -o asexual_mutator asexual_mutator.cpp")!= 0)

{

// some sort of error - quit for now

      exit(0);

}

The first part of the program above takes the source code of itself ( 

asexual_mutator.cpp ) and compiles it using the “g++” compiler, to create the 

executable of itself ( asexual_mutator). The system command, runs the compilation 

from within the program. 

system("./asexual_mutator");



The last thing we do is now execute the new version of our program. This creates an 

endless cycle whereby the program compiles itself, and then runs the new version of 

itself, which then recompiles itself etc. to infinity. It is extremely unlikely for 

mutations to occur like this. The computer would have to corrupted memory, or some 

error for a mutation to occur. The next part of the experiment, Part2, has mutation 

built into it.

Summary

The program proves it is possible that a program can compile itself and run the new 

version of itself.



Part 2.

Hypotheses: Prove that a program can take it's source code, slightly modify it, and 

create a new program and source from the modification. ( Design: Asexual Mutator) 

Again, this is a slightly more complex example of Code Regeneration Design.

Please refer to the file on disk instead of Appendix A for the source listings.

The program when run, will do the following. 

1. Generate a new mutated file of it's own source, with a different name.

2. Compile the new source and create a new (differently named) executable.

3. Exit and run the new executable.

When one runs the program, you can see it creates a new source file Part3.cpp, and 

then compiles a new program from it, Part3( the executable). Part3 runs and creates 

a new executable Part? ( where ? is a random number between 0-9) and a new 

executable Part?. Part?  runs and creates a new source Part? and executable Part?, 

and so on and so forth. The program continually gives birth to new programs, and 

dies immediately afterwards, theoretically forever.

Explanation of source code:

Declare the code that will get mutated at the top. In this case it's called 

int self_modified_int = 3;

The program will change the value “3” into a random number from “0” –“ 9” by 

changing the source code.

The  self_modified_int is then used to give source code a new filename. For example 

Part2.cpp will now be modified to Part3.cpp. 

Part3.cpp will have the code int self_modified_int = 3; modified to a random value, 

which will be stored in Part3.cpp. Part3.cpp is then compiled to produce Part3 ( the 

executable). 

Part 3 is then executed, which does the same thing as the previous executable, and 

randomly create a Part?.cpp (where ? is a random number between 0-9) and Part? 

executable.



The program jumps between executables forever.

Summary

The program proves  that a program can take it's source code, slightly modify it, and 

create a new program and source from the modification.



Experiment 2 

Aim:

2. Write a simple program that can write a modified version of a 2nd program and be 

able to use the new program. (Splicer design) 

Splicer Design

A splicer program uses code elements from itself or other sources to generate a new 

programs.

Hypotheses: Prove that a program can use code elements from other sources and 

generate and run a new program.

Requirements:

Must have access to the g++ compiler.

Runs on Linux or Windows operating system.

Procedure:

Copy the Splicer program, along with Michael.cpp, Alanah.cpp, Rawden.cpp and 

Sharon.cpp into the same folder. Run the splicer program. It should extract the code 

from  Michael.cpp, Alanah.cpp, Rawden.cpp and Sharon.cpp, and insert it into 

new_spliced_program.cpp. It will then compile new_spliced_program.cpp into 

“new_spliced_program”. “new_spliced_program” will then be automatically run, 

demonstrating that it has the code from  Michael.cpp, Alanah.cpp, Rawden.cpp and 

Sharon.cpp.

Please refer to the video tutorial for demonstration.

Write up.

The Splicer program reads in the files  Michael.cpp, Alanah.cpp, Rawden.cpp and 

Sharon.cpp, and extracts the “cout” command inside them. It then copies each “cout” 

instruction into the newly spliced program.

Conclusion

The experiment successfully proves that a program can generate new programs from 



source from itself and other programs. It is made purposely simple to make the 

concept easier to understand.



Experiment 3

3. Write a (never-ending) genetic algorithm to prove the dangers of combination

explosion.

Hypotheses

Reducing the possibilities to find the solution to a problem, reduces the  time it takes 

to solve the problem.

Theory

One ting that I thought might work is the following:

Randomly placing text into a file and attempting to compile it, in the hopes that it 

will eventually write a program that can achieve the goal of becoming a 

completely generic learning machine.

Given infinite time this will work, except we do not have infinite time. For example 

take the simplest c program possible:

int main()

{}

It has 14 characters. Now to randomly guess the text in the simplest program, we 

can choose from all alphabet  characters (26 lower case + 26 upper case) + 

characters '{', '}','<space>', '<end of line character \n>'. That's 56 characters. 

Now it needs the correct character in each space so, the actual chance of getting 

the 14 character right is 1/56 * 1/56 *1/56 * 1/56 ... (14 times). Calculating that 

out the chance of getting it right is 1/2982856619293778479415296. That's 1 

correct chance in  2982856619293778479415296. That number is so big, you 

could argue that it would never get the right answer in a meaningful time scale. 

Also, we don't actually know it's 14 characters long, so in reality the probability of 

getting the right answer is much, much higher. What we need to do is greatly 

reduce the wrong answers. 

Now lets add genetics and the rules of natural selection to above case. The way 

that natural selection works is that for a given population, the fittest individuals 

survive and mate together to create fitter offspring, and so on through the 



generations, until you have very fit individuals.

The problem is that every time we create an individual, how do we assess it's 

fitness? You could score 0 for every wrong answer, and 1 for the right answer. In 

this scenario every single answer except for one, would be wrong. Therefore, 

getting the right answer would still be 1/2982856619293778479415296. For a 

genetic algorithm to be effective, you must be able to score it's fitness in gradual 

increments. 

Just say we test via the individual character being right in the right location. Ie 

the 'i' in int is in the first position. In this example, 'i' will always be followed by 'n' 

and 't'. Testing for the position of i being in the first position isn't really a great 

way to teach a genetic algorithm how to program, because theoretically the first 

character can be a <space>, #include or any number of possibilities. A better bet 

is to let it know it's got it right by getting the sequence of 'int' in the right order. 

That's still going to take a while to do. For this essay, a collection of code elements 

that can be tested to work in a system and forms a pattern will be called a 'gene'. 

eg. “int” would be considered a gene.  

Requirements:

Must have a g++ compiler

Run on a linux or windows computer

Procedure

Run the executable for this experiment as shown in the video demonstration. 



Experiment 4

Write a program that can parse it's own code, and code of other programs, and

break them up into “code elements”. (First part of Program Introspection)

Hypotheses

Prove that program can parse there own code. This experiment is a precursor to 

introspection.

Introduction

Parsing, or syntactic analysis, is this case is the process of breaking down the 

complex structure of c++ code into a more easily understood grammar.

This experiment will attempt to build a program that can parse it's own code. In later 

experiments this parsed information will be used to generate new programs.

C++ is considered one of the hardest languages to 

parse and build a syntactic analysis of. This is because 

one of the only successful parser build for it are known 

as a GLR parser ("Generalized Left-to-right Rightmost 

derivation parser").

In this experiment we are not aiming to build a fully 

fledged parser, instead, a parser that breaks down the 

code into manageable pieces that we can generate 

code from.   

Requirements:

Must have a g++ compiler

Run on a linux or windows computer

Procedure

Run the executable for this experiment as shown in the video 

demonstration. 

Write up

This experiment proved to be very difficult. C++ has many, many quirks, 

and capturing them proved to be a very time consuming process. It's not a 



perfect parser, but it can parse itself which was the main objective of the 

experiment. 

Diagram 1 is of a typical compilation process.

The methodology of GLR parser is the following:

Lexical Analysis

1. Tokenise the code – ie break each part up into it's smallest, logical pieces.

2. Organize into statements.

3. Make the statements form into codegroups. Codegroup, or blocks, is code 

surrounded by bracers '{' and '}'.

4. Make the statements and codegroup from into a program.

5. Follow #include "x" and pass the included files as well. Include the “x.cpp” as 

well. Make sure the inclusion of file is not cyclic and form an infinite loop.

Syntactic Analysis

6. Identify starting point. Ie “int main()”

7. Read in Statement formats, and form grammars from the statements.

8. Create symbol identifiers for the identifiers.

9. Reduce the expressions.



Experiment 5

Write a program that can build new random compilable programs from “Code

Elements”. The programs will do completely random things. (Splicer design)

Hypotheses

The theory is that, if the computer can write “random” programs, it can later learn 

from them, and accurately write new programs as required.

Requirements

Must have a g++ compiler

Run on a linux or windows computer

Introduction

From the parsed code in experiment 4, the experiment creates a genetic algorithm 

who's fitness is based upon how much output the program produces, and it's length. 

The longer and more output the program produces, the greater likelihood it'll get 

passed to the next generation.

The program uses the following program to generate the genes from which it creates 

the new program. Any statement that ends in a semicolon and some special cases in 

considered a gene.

#include <iostream>

using namespace std;

void playgame();

void loadgame();

void playmultiplayer();

int main()

{

  int input;

  cout<<"1. Play game\n";

  cout<<"2. Load game\n";

  cout<<"3. Play multiplayer\n";



  cout<<"4. Exit\n";

  cout<<"Selection: ";

  //cin>> input;

  switch ( input ) {

  case 1:            // Note the colon, not a semicolon

    playgame();

    break;

  case 2:            // Note the colon, not a semicolon

    loadgame();

    break;

  case 3:            // Note the colon, not a semicolon

    playmultiplayer();

    break;

  case 4:            // Note the colon, not a semicolon

    cout<<"Thank you for playing!\n";

    break;

  default:            // Note the colon, not a semicolon

    cout<<"Error, bad input, quitting\n";

    break;

  }

  //cin.get();

}

It always uses int main() {}  as one of the genomes in the sequence. It then attempts 

to create a compilable program. Any programs that do not compile get a much lower 

fitness value, so that they do not pollute the population of programs with incorrect 

code. 

Here is an example of one of the thousands of programs generated randomly from 

the above program. If left to run indefinitely, it continuously produces larger 

programs with greater outputs.

  using namespace std ; 

#include <iostream>

 

#include <iostream>

 

#include <iostream>



 

int main ( ) { 

cout << "3. Play multiplayern" ; 

cout << "Thank you for playing!n" ; 

cout << "1. Play gamen" ; 

using namespace std ; 

cout << "2. Load gamen" ; 

void playgame ( ) ; 

cout << "1. Play gamen" ; 

cout << "Error, bad input, quittingn" ; 

cout << "Error, bad input, quittingn" ; 

cout << "3. Play multiplayern" ; 

cout << "1. Play gamen" ; 

//cin>> input;

 

cout << "2. Load gamen" ; 

#include <iostream>

 

using namespace std ; 

//cin>> input;

 

//cin>> input;

 

cout << "4. Exitn" ; 

cout << "3. Play multiplayern" ; 

cout << "Thank you for playing!n" ; 

cout << "Thank you for playing!n" ; 

}



Experiment 6

Write a program that can learn it's own code, and from this knowledge write a 

program that has been requested by the user.

To prove this concept, what we will do is create a program that take text as an 

argument, then writes a program that displays that text.

Eg

Neuro3 “hello world”

will produce a program called main1.exe, that will display the text hello world.

Methodolgy

The methodology to get this to work follows:

1. Write a program with all the “pieces of code” that can have a “combination” 

that can perform the requirements of the user.  Eg. If the user requires you to 

display “hello world”, then inside your program you need to have each piece of 

code that displays each element of “hello world”. For example:

printf("a");

printf("b");

printf("c");

printf("d");

printf("e");

printf("f");

printf("g");

printf("h");

printf("i");

printf("j");

printf("k");

printf("l");

printf("m");

printf("n");

printf("o");

printf("p");

printf("q");

printf("r");

printf("s");

printf("t");

printf("u");



printf("v");

printf("w");

printf("x");

printf("y");

printf("z");

The program will learn what each line of the above code does and reaches a 

solution like this:

 printf ( "h" ) ;

 printf ( "e" ) ;

 printf ( "l" ) ;

 printf ( "l" ) ;

 printf ( "o" ) ;

 printf ( " " ) ;

 printf ( "w" ) ;

 printf ( "o" ) ;

 printf ( "r" ) ;

 printf ( "l" ) ;

 printf ( "d" ) ;

2. We need to inject a piece of code into the new program that will learn what the 

program does. In the case of this experiment, it will be 

Introspection::Get().Change_Output_To(argc, argv);

This code changes the output of the program to what the user specified. 

3. The program parses itself and and separates out each statement.

4. The program then looks for the simplest program that will compile by itself. eg 

int main ( ) { }

5. Once the simplest program has been found, then we build up a “sphere of 

observation”. The “sphere of observation” is simply all the objects that we 

watch for changes. In this example we'll be watching for changes in output 

that the test programs produce.

6. Nearly all statements need an “#include <file>” preprocessor in order to get 

them to work. We must determine what statements depend on what 

preprocessor. In the case of printf(), it requires an #include <iostream> before 

the main statement to make it work. So, in order to make this process easier, 

the program builds up a list of statements that are preprocessors.

7. We now insert one statement into our  simplest program eg.

int main()

{

printf( “a” );



}

The print(“a”); is the inserted statement and automatically compile.

8. Our observation of the output of the compiler reveals that this program didn't 

compile. We know it does compile, so it must be missing something that the 

original program had, and in this case, it's an #include preprocessor. We now 

cycle through every preprocessor we know about and insert it into the top of 

the program. When the program compiles we know that we've found the right 

#include preprocessor for this statement. To extend this experiment, any 

statement could be dependent on any other statement. Therefore each 

statement has a “dependency list”, a list of statements that have to be in the 

program before it in order for it to compile. eg

#include <iostream>

int main()

{

printf( “a” );

}

9. Now that the program has “learned” what preprocessor each statement needs, 

we can now compile our test program, produce an exe, then run the exe.

10.Once the test exe is run, we observe the output of the program and can then 

conclude that the statement must be the cause of the output. Therefore, we 

have learned what the statement outputs.

11.Repeating the process from step 7 will reveal what preprocessors each 

statement needs and what it produces as output.

12.We now compare what we want as output to what we know each statement will 

produce. If the statement produces the same thing as the desired output then 

we insert that statement into the end program.

13.After we have the statements to produce the correct code, we must check 

statement for what preprocessor it requires to work and insert the required 

preprocessor at the top of the program to make it work. We also must check 

that we don't put the same preprocessor at the top more than once.

14.At this point we can now compile our new program and create the program 

that the user has specified.



Chapter 5: Project Findings

The results are that the designs do work, at least on simple examples. However, it is 

incredibly challenging to get them to work on more complex examples. One could say 

that  it doesn't scale well. This is due to the massive supporting infrastructure 

required to do even basic self-program manipulation. Theoretically though, was the 

supporting infrastructure there, it could simplify programming immensely. 

Experiment 1.

Part 1

1. Write a simple program that proves you can use run-time code 

modification to make a program create a new (modified) version of itself. 

(Asexual Mutator design)

Is the program Generic?

Although being a relatively simple program, it was extremely important to get the 

correct foundation for further programming, and wasn't as easy as it appears. Part 1 

doesn't solve the problem above, it's design as a precursor to Part 2, in effort to 

understand why I've chosen “programs compiling programs” as a methodology

There is another way of doing self modifying code. It is:

1. Writing code to the stack, and modifying the code at runtime. This can be quite 

complex to do it this way. The main drawbacks are – placing wrong code in the 

program will kill it, requires knowledge of assembly language (which is one of 

the most difficult languages to learn) , has limitations on the amount of space it 

can use, very difficult to develop learning algorithms for, is different for each 

operating system ( ie it's different in windows 95 and Windows NT) and may 

Combination Explosion NA
AI Ratio NA



change in future versions of operating systems. Self-modifying code is 

described here for it's use as a security system. (Code Breakers Magazine, 2006, 

p.2-6)

The advantages of using the methodology outlined in this experiment are:

1. It's much simpler.

2. The program can test methodologies and unknown code, with reduced fear of 

destroying itself. There are rare conceivable conditions whereby a child 

process may cause destruction of the parent, by consuming too many 

resources or destroying vital data.

3. A programmer need only know how to program in one language (ie c++).

4. The language is easily interpreted by humans, some assembly language 

versions can be quite time consuming as what has been written.

5. The program can write it's own “tools”. Tools are supporting programs, to a 

main program. Eg. A level editor supports the process of game creation, but is 

not part of the final program. The theory behind this can be greatly extended, 

in fact, a parent program could remain the same, while all the extensions of 

the program could be in the form of child programs. The parent program 

simply calls or creates child programs to extend it's functionality, the parent 

program remaining the same except for the knowledge on how to call the new 

program. One of the draw backs is that the overhead of calling programs 

would currently make this process slower than incorporating the code into 

itself. 

6. The program can be given access to other programs to learn from. The 

“ultimate” version of code generation design would be for the program to 

interpret binary programs, and write from there. However, this is hard for 

human to read and understand how to debug it if things go wrong. Once the 

theoretical side of Code Generation Design is complete, then using binary files 

as learning input would be the way to go. 

7. The program is operating system independent. It can run as well on Linux as 

windows, or any other system due to the fact it compiles into the native 

machine code of that operating system. Other methodologies are very much 

dependent on operating system.

As one can see, although the program is quite simple, and was deliberately made that 

way as an introduction to Code Generation Design, the reasons “why” it's like that is 

quite complex, and gaining an understanding that using this methodology was quite 



difficult.



Experiment 1.

Part 2

1. Write a simple program that proves you can use run-time code 

modification to make a program create a new (modified) version of itself. 

(Asexual Mutator design)

This program, was surprisingly, a vision of the future, it took 200 lines of code to 

modify 1 part of a line in the program, and generate a new program. In other words 

the support programming for Code Generation Design is massive, you have to do an 

awful lot of work to get a very small return. Originally I had thought it would take 

about an hour to write, but ended up taking a day or two.

On a historical note, this may be one of the first program ever written in this fashion, 

and, although its answered the above questions, it raises thousands more. Clearly, the 

program  from a human perspective doesn't do that much, or anything that useful, 

and perhaps the biggest question it leaves is “How can we make this better, now that 

we know that programs can modify and create other programs”. Also, “Will the 

program ever come “full circle”, and actually reduce the amount of time it takes to 

write programs, rather than greatly increase the time.” These questions are explored 

in later experiments. 

Combination Explosion Can only solve 1 problem
Generic Not at all



Experiment 2

2. Write a simple program that can write a modified version of a 2nd program 

and be able to use the new program. (Splicer design)

This experiment, although purposely made as simple as possible, explores the notion 

that a computer program can learn from other programs and create a unique new 

program. The program works, so it is proof that it is possible. The real drawback is 

how much learning is required before a program of this nature can start to be useful. 

Theoretically, one would assume that the more the program “knows” the more useful 

it becomes, however, this is only partially true. 

“There's nothing more dangerous than a little bit of intelligence”. My 2 year old son 

knows how to climb on the table, but doesn't know how to stay up there without 

falling off. There are quite a number of dangers in the self-programming world, for 

example, if an endless loop was programmed into a test program and run, it might 

not ever return, killing the parent and child process.

Also, the more you know, the more possible combinations there are for a solution. 

This leads to “Combinatorial Explosion”, - there are simply too many possibilities to 

find the correct one. This has already been describe above.

This experiment too, is probably one of the first splicer programs ever written.

Combination Explosion Can only solve 1 problem
Generic Not at all
AI Ratio Normal, Doesn't do very much and hence didn't require much code



Experiment 3

3. Write a (never-ending) genetic algorithm to prove the dangers of 

Combinatorial Explosion.

This experiment shows that a genetic algorithm needs to progressively get closer to 

the right answer in order to solve it. Genetic Algorithms can make poor learning 

algorithms when trying to learn how to write code. The reason for this is:

Typically programs are extremely picky on what actually works, and what 

doesn't. Eg One misplaced semi-colon will cause the program to not compile, 

even if the rest of the program is 99% accurate. Unless the genetic algorithm 

has some way of evaluating the correctness of an incorrect program, then the 

fitness of a program that's 99% correct is 0. Genetic Algorithms work on the 

premise that you gradually get to the right answer, ie you go from 2% correct 

to 5%, 10%, 30%, 66% 70%, 90%, 92%, 93%, 95%, 98%, 100 % correct. Not 

from 0% to 100%. In such cases where the jump required is 0 to 100% correct, 

the algorithm simply falls into trial and error, and can take a massive amount 

of time to solve, hence the dangers of Combinatorial Explosion.

Essentially, programs need to learn at the simplest level, what each command does, 

when to use it and where to use it. Three very difficult things to learn.

The dangers of Combinatorial Explosion are explained below.

The code in this experiment takes “code elements”, and reconstructs them into a 

program, and then attempts to compile it. It attempts to create the simplest c 

Combination Explosion Blows out and the program doesn't find a solution

Generic

AI Ratio

100% generic. It could write any program, but you need to be too lucky 
for that to happen
Brilliant, hardly any human work, except could only work for very simple 
problems



program possible which is:

int main()

{}

The program above does nothing except run and exit.

What we are going to do is take every “code element” and attempt to rebuild the 

program. The elements are:

“int”,

“ “, (space)

“main”,

“(“,

”)”,

'\n”, (new line)

“{“,

“}”,

These elements are placed in random order in an attempt to get the right answer. 

The right answer, is a program that compiles. The “code elements” are considered 

genes, and the genes are placed in order to form a genome. ( a genome is a 

sequence of 9 genes or “code elements”). The probability of getting a compiling 

program is 1/8*1/8*1/8*1/8*1/8*1/8*1/8*1/8*1/8 ( 9 places, so 8 to the power of 9) 

is 1/134217728, ie 1 in 134 million.

That means after we run the program 134 million times we can expect to have 

found the right answer once for the simplest program!

However, if the program we write “progressively” comes to the right answer, then 

the time it takes to find the right answer is greatly reduced. In the case of this 

experiment, I've added in the correct sequence, called “perfectsequence”. The 

generated programs are tested against this program and given a “fitness” score. 

Only the fittest individuals are  kept, hence greatly reducing the number of 

combinations required to get the correct answer.

eg.

    PerfectSequence.push_back(Find_Gene("int"));

    PerfectSequence.push_back(Find_Gene(" "));



    PerfectSequence.push_back(Find_Gene("main"));

    PerfectSequence.push_back(Find_Gene("("));

    PerfectSequence.push_back(Find_Gene(")"));

    PerfectSequence.push_back(Find_Gene("\n"));

    PerfectSequence.push_back(Find_Gene("{"));

    PerfectSequence.push_back(Find_Gene("\n"));

    PerfectSequence.push_back(Find_Gene("}"));

    PerfectSequence.push_back(Find_Gene("\n"));

Most of issues with Code Generation Designs are related to reducing the 

Combinatorial Explosion that occurs when you have too many possibilities to solve 

a problem.



Experiment 4

4. Write a program that can parse it's own code, and code of other programs, 

and break them up into “code elements”. (First part of Program 

Introspection)

Getting a program to parse itself is quite a difficult proposition!

It needs to know a key set of information to be able to parse correctly. Specifically 

they are:

1. Every operator. There's about 60 of them.

2. The end of statements.

3. How to handle “blocks” of code.

4. It breaks down each element of code into it's type eg UNKNOWN, 

IDENTIFIER, NUMBER, OPERATOR, END_OF_STATEMENT, PREPROCESSOR, 

SLASHSLASHCOMMENT, SLASHSTARCOMMENT, 

DOUBLEINVERTEDCOMMAS, INVERTEDCOMMA 

5. Converting the program statements into it's type yields code that is 

syntactically correct. Eg. Int six_times_six = 6 *  6

 ;

  IDENTIFIER  IDENTIFIER  OPERATOR(=)  NUMBER 

OPERATOR(*) NUMBER  OPERATOR(;)

so therefore, any syntax that follows the “syntactical grammar” of the above is 

valid. Eg int eight_time_eight = 8 * 8; is also valid.

This is a very rough Backus-Naur form. (Backus Naur Form, 1998, p.1)

6. It follows #include links, and is able to follow large code bases.

7. Handles programs with “#ifndef” so it doesn't include the same information 

twice.

 

Combination Explosion

Generic Can parse most c/c++ code
AI Ratio A lot of work needed to get the program to be able to understand itself. 

This program was designed to learn it's own code to reduce combination 
explosion



By breaking the code up into it's syntactic representation, hopefully the computer 

will be able to learn via brute force the correct syntaxes of a program. This 

theoretically will make it very generic, and save time. The alternative is to write out 

the hundreds of possible syntactic grammars for c++. That would be human work 

intensive and make the AI ratio bad.



Experiment 5

Write a program that can build new random compilable programs from “Code

Elements”. The programs will do completely random things. (Splicer design)

The results of this experiment confirmed that genetic algorithms can only create very 

limited programs, with a lot of help. It seems the ideal conditions would be that the 

programs knows what it wants to achieve and correlates it with what it knows it can 

do.

I would suggest using a Memetic Algorithm, with the ability of the genes to learn.

Another insight was that the genetic algorithm produced “dirty” code like that shown 

below.

“

using namespace std ; 

cout << "2. Load gamen" ; 

void playgame ( ) ; 

cout << "1. Play gamen" ; 

“

I call it “dirty” because it is a non-optimal solution. The “using namespace std ; “ and 

“void playgame ( ) ; “  do not increase the fitness much, but is within fitness tolerance 

levels. When you think about genetics creating “dirty” solutions, you realize that 

because nature was formed through genetics, then anything produce from nature has 

the potential to be “dirty”. Looking at my arm I see freckles and moles, - are freckles 

Combination Explosion

Generic

AI Ratio

In this exercise the combination explosion doesn't get out of hand. 
However, using the same algorithm with different data could a 
combination explosion.
Genetic algorithm are perhaps one of the most generic ways to 
program. However, they do tend to fail due to lack of “learning” 
when the problem has many combinations
Not much work is required, although the number of problems this 
can solve is fairly limited.



and moles a dirty solution when forming skin ? It leads the researcher to wonder 

whether or not our brains have “dirty” neurons in them, and in all likelihood, it 

probably does. This would mean that the brain would have to be able to compensate 

for irregularities, strengthening the researchers arguments that the brain holds a 

large amount of redundancy.

 



Experiment 6

Write a program that can learn it's own code, and from this knowledge write 

a program that has been requested by the user. ( Program Introspection)

OK, this experiment is extremely hard.

The question being asked is “Write a program, that is capable at least in part, to be 

able to solve a problem without initially knowing what the problem is.”

Theoretically the problem could be anything, therefore we need to write an algorithm 

that can solve any problem whatsoever.

The above, for a number of reasons is impossible, and therefore most logical thinking 

people would dismiss it. But it is at least partially solvable, and, knowing that you 

can't solve a problem is actually a solution, although probably not the one you want.

The idea is maximizing the number solutions you can solve, and identifying the 

solutions it can't solve and the ones it can. 

The work flow is therefore:

1. Create a test for the correct solution.

Combination Explosion

Generic

AI Ratio

This experiment reduces combination explosion by learning what 
each code piece does. When it “knows” the outcomes of each 
code piece, it can place the code piece in the right spot. This 
particular problem can be solved in one iteration, once the learning 
process is complete, so the combination explosion is as small as 
it can get.
The solution can be applied to nearly every problem, and can be 
expanded to include new ways of learning. Learning what the 
program does instead of hard coding the answer makes this an 
extremely generic solution.
Can solve a wide variety of problems, and the work required is 
relatively minimal.



2. Test the program, did the right answer come up ?

3. What is the difference between the expected result? 

4. Learn what the program does, at the highest level, then break the program up into 

it's parts, learn what the parts do, and see if the new solution can be formed from 

those parts. If it can't then keep breaking the problem up into smaller parts until the 

answer can be achieved through a combination of the parts. Eg Does “printf(”a”); 

output “hello world”. No then break it up and learn what the element of printf does. 

Ie What does printf do? What does '(' do? What does “a” do? What does ')' do? What 

does ';' do. Try omitting, and changing these values and see what happens.

5. Once you have reached your lowest level and there still isn't a combination of 

answers that will solve the problem, or the number of combinations to solve the 

problem is too high, then you can say that the solution cannot be reached in a 

reasonable time frame.

The first thing we need to determine is whether or not the problem can be solved. 

Finding the “nature” of the problem, will yield the algorithm to solve it, and , whether 

or not it is solvable, and solvable in a realistic time frame. 

Finite and Continuous solutions

In reality, there is no such thing as a finite set of possibilities. The chaos theory 

realizes that nothing is completely predictable, because we can't measure infinitely 

small things that could affect the outcome of an experiment. Eg. Consider defining a 

planet, as separate from space. At what point are you considered in space, and at 

what point is it considered that you are still part of the planet if the atmosphere is 

considered part of the planet? In cases like this, we take an estimate, and, use that 

estimate instead. By lumping things together, we can predict what will happen, most 

of time, even if it's not perfect. That is why scientists remove as much as they can 

from the experiment, and measure as accurately as possible to get the most accurate 

result they can, but, because they can't measure to infinity, their results will always 

be an average.

We are going to concentrate on finite, discrete elements, as these can provide at least 

a close (avg) answer to our problems. Solving a problem with discrete elements can 

also solve it for continuous systems as well, if the formula is the same for both. 





Chapter 6: Conclusions and Recommendations
Unfortunately this master only explores a tip of a very large iceberg. Hopefully others 

using this paper as a framework will begin to develop there own deeper levels of 

research. The research was successful in what it set out to achieve, and that was the 

framework and designs of code generation.

The designs were all successfully implemented

 

Lessons learned:

Experiment 1 showed us that Code Generation Design was possible and not insanely 

hard as had been attempted previously. In retrospect, it had taken the research a 

number of years to come to this conclusion! Previously, the researcher had used 

scripting languages that generated new pieces of script on the fly, however, this 

method proved bad because it could never grow beyond it's original set of commands. 

I can't say enough about how good the methodology present in experiment 1 really is, 

and in future, will not doubt lead to some very interesting discoveries.

As far as the researcher is aware, there has never been another splicing program 

written, except for the one in experiment 2. This I believe is because the methodology 

in experiment 1 was difficult to “find” as the good foundation methodology for doing 

code splicing. Splicing is another concept that has enormous potential.

Genetic algorithms by themselves are not a particularly good method of generating 

programs due to large Combinatorial Explosion, and the fact they will often made the 

same error numerous times. They are good for generic solution for simple problems, 

and problems that can get “increasingly” correct – ie 10% correct , 15 % correct, 

20% correct etc. Problems that jump from 100% wrong to 100% right, as with the 

case of most programming problems, cause the genetic algorithm to form an answer 

Design Results
Asexual Mutator Successful
Splicer Successful
Asexual Mutator Splicer Successful
Introspection Successful



that is based upon trial and error, and hence take a long time. This is what the 

researcher wanted to show in experiment 3.

In the beginning of paper the researcher linked introspection to the concept of 

imagination. In a sense, experiment 6 has achieved this lofty goal. The program 

learned what it did, imagined the correct answer because it knew what the outcomes 

of the code were, and then translated it's idea into code, and then a program.

In experiment 3, it was the lack of the emotion “boredom” which meant the code ran 

forever. If the program got bored of doing the same thing over and over, then it 

wouldn't end up trying to solve a problem that was ridiculously hard.

Experiment 6 was “just” able to be able to fulfill the requirements writing a program 

whereby the only input a human gave, was the problem itself. In the experiment 

when I changed the code, it was still able to solve the problem, or when I asked for a 

different program to be produced it was able to do it. It's intelligence is limited at the 

moment, but with modification can grow to learn and do more complex problems. The 

goal was to show how the above diagram was achievable, without massively over-

complicating the problem. It is hoped that other researchers, looking at the code, 

would be able to “grow” there own programs from this foundation work. 

The ultimate program learns from a variety of sources. If we could get the program to 

be able to read and understand English, then it would be able to read web-pages that 

have coding instructions inside them. From there it could build it's own tests to verify 

what was said was capable of being backed up via testing.

In this vain, I had written a web-crawler (in the hopes it infinitely crawl the Internet 

for new information), and key-logging program for learning other programs (not 

included in this paper). Also, in Experiment 4, the parser is a GLR parser, which is a 

generalized parser. It's capable through tweaking to be able to parse English, as it 

does code, because it doesn't make rigid assumptions about the grammar of the test 

Problem
Program writes

program to solve problem Solved



it's parsing. Instead, like the way experiment 6 learns, it is capable of build a set of 

valid grammars from any language just from reading as many “correct” examples as 

it can. However, natural language processing are at a PHD level and was beyond the 

current scope of this masters. It didn't stop the researcher from trying though!

Experiment 5 yielded a very interesting results. The programs that were output were 

“dirty”. The programs weren't optimal to the fitness algorithm used as the governing 

factor for there success. The research wondered if we are therefore, “dirty” being the 

product of a genetic algorithms. The researcher suspects that moles, and freckles on 

our skin may be an indicator of this. The code behind what drives our brain, would 

therefore, probably be quite a mess. 

  

One of the key lesson learned in chapter 7's thought experiments was that multiple 

solutions to one problems yielded reliability and flexibility of the solution. 1+1=2 is 

much, much more than simply 1+1 =2. 

1+1 = a value >1.

1+1 = a non-negative number,

1+1 = a number < 3.

1 apple +1 apple give me 2 apples. etc.

All these pieces of information help us verify that 1+1 =2. If a computer 

malfunctioned and said 1+1 = -15,345,345, it wouldn't have any clue that it was 

wrong. Multiple solutions = greater reliability. Different solution can be linked with 

other solutions too, and is the backbone of intelligence. 

Getting a program to figure out answers lay in the battle between Combinatorial 

Explosion, generic coding and AI ratio. Experiment 6 (introspection) has a good 

result for all 3 criteria, and forms a framework by which future code generating 

programs can be written.

Identify what the user wants.
Does the program do what the user wants
Break the code up into manageable pieces
Build up a list of variables that you can observe
Build the simplest test
Add each piece  of code to the test, and observe 
the variables, if any change then this is what the 
code does.



This paper has allowed for the development of future theories that have been placed 

in Chapter 7 as they remain unproved except as thought experiments. This paper is 

for “Masters in Creative Media Practice”. Chapter 7 is the creative solution to 

problems that are difficult to prove, but can serve as a backbone for practical 

application in the future.

Reflection:

Doing this masters would have to be one the hardest things I've ever attempted. I 

view this as quite a good thing as I enjoy being challenged. many times I would sit at 

my desk and do “thought experiments” and work out in my head as to whether a new 

design would work or not. By doing this, I've found many fundamental flaws in the 

way we currently program. However, to fix the flaws, it takes a great deal of work 

and time, much more time than I actually had, so a lot of good ideas had to sit in the 

back-burner while I compromised. Compromise meant that the project would actually 

be able to be finished, and, later, after studying I could perfect it.

The important achievement for this masters was the development of a framework, for 

which future study and exploration could be done. The thing I valued most in the 

masters was creativity and uniqueness. Nearly everything In my master represents 

the implementation of unique or original ideas. That originality is the part I'm most 

proud of. The last thing I wanted was to do a masters degree whereby I perfected my 

parroting and regurgitation skills. I strongly believe that mastery of an area of study 

requires you to be able to build upon it, not just to be able to recall how to use it. 

As with anything new, communicating it is always very difficult. Creating video 

seemed to be a good idea, as teaching the marker how to compile and build the 

examples would have been quite a painful process. It's much easier to understand, 

and follow a video, rather than trying to understand text. As the saying goes, “A 

picture says a 1000 words”.

The project was certainly was at risk of becoming a never ending project. It was hard, 

but I had to make the decision to scale it back. I was simply too creative. There was 

still definitely enough material for a masters degree, perhaps too much. Possibly 

getting more focused on a single less broad topic would've been easier to get the 

degree, but my overall goal of understanding as much as possible about Code 

Generation Design would not have come to fruition.



As when trying anything new, I made a lot of mistakes. Despite many years of 

programming, some ideas that I had were failures, and very costly in time and 

resources. When this occurred, it was a rewarding learning experience, almost like I 

“had” to make the mistakes in order to get to the next level of understanding.

Programs and projects that were intended for the final project, that were completed 

but weren't included were:

A key-logger program - I was hoping that with Code Generation Design that 

eventually it could understand how to use programs as well, and be trained by users 

by recording there input.

The study of intelligence, which is at the heart of Code Generation Design, is perhaps 

one of the most profound areas of research anyone can partake in. When one perfects 

the ability to create intelligence,  by default, you have mastered all areas of research. 

Simply knowing how to create machines that can learn and use the knowledge in an 

intelligent way, would allow you to research all things easier. From the start I realized 

that achieving this would likely be impossible, but it was  certainly something I could 

lay down the framework for.



Chapter 7

Future Theories

In this chapter are unpinning theories that the researcher didn't get to fully explore 

due to time constraints or were simply impossible to prove. That doesn't mean they 

are incorrect. Einstein theory of relativity was a thought experiment until he was 

proven correct a number of years later. Coincidently, he didn't include any references 

or a bibliography in his work either. 

Differences between a brain and a computer program.

Ok, so what is the difference between a brain and a computer? Well, there is a lot of 

differences, but they both can take in commands and give out responses. The brain is 

designed for stability. It has the following properties that computers have not yet 

mastered:

1. Rare or no crashing

2. Runs for up to 120 years. 

3. When damaged it still runs.

4. Can repair itself.

5. Can learn information in one form and act it out in another form.

6. It can apply the golden rule of learning.

How do I make a computer program have the above properties? How can I make a 

computer program run for 120 years without crashing. To make a computer program 

run in a similar fashion, we need identify what the brain doesn’t have as compared to 

what the computer has, that causes it to crash.

1. No internal loops, no repeating functions.

2. No single points of execution

These 2 points are huge. It goes against the 30 years of computer programming to 

suggest such heresy. Yet the brain manages to avoid them. So what does the 2 

points entail?



So why are internal loops bad? Ok, I think it’s best to understand this is from a 

story from nature. 

There is a forest of trees whose seeds only germinate after a fire has gone 

through. For as long as Europeans have lived near the forest, they have never 

seen a fire in this forest. This raises 2 questions:

1. How did the seeds germinate?

2. Why is the forest filled with these seemingly evolutionary defective trees?

On taking soil samples, it can be seen that a fires do actually occur at the rate of 1 

fire every 400 years. The life-span of the tree is about 1200 years. So you can see 

that the trees gear themselves to this one cataclysmic event, because it is a near 

certainty to occur in there lifetimes. The same thing occurs with our brains. It is a 

near certainly that our brain will take damage over our life-time. It is a near 

certainty that our brains will malfunction in some way over the course of our life-

time. I’ve never met a computer programmer who gets this philosophy. Many 

programmers are exuberant when they can get a computer program to last 2 days 

of continuous use, without it crashing, locking, up, confusing the user, and 

actually doing the task required of it. And indeed, to get a computer to do that is 

an incredible feat.

But no-one has identified why this is the case, and year after year we produce 

more and more unreliable systems. The reason why computer will never be stable 

in their current form is because of the 2 rules above, internal loops and single 

points of execution.

Proverbially speaking, computers don’t address the problem of the once every 400 

years forest fire. Say we replace you brain with a computer, and it had to control 

your heart and internal organs. How long do you think you’d live, knowing that if 

the computer has 1 error, your dead? With the complexity of modern computers, a 

misplaced bit, is almost guaranteed to occur, at some point.

So what has this got to do with no internal loops, and no single points of 

execution? Take a loop for example:

Int I = 10;

while (I==10)

{

// live();



}

Any computer programmer, worth his weight in salt, will tell you this program will 

never stop running. So are they right? The answer is no, this program will die. Try 

running this program on your own PC, and see what happens. It may take 1sec to 

1000 years, but I can guarantee you, at some point, it will die.

How did it crash, it’s meant to never stop running? It can’t even run as long as a 

tree can live!  At some point, the variable “I” will get corrupted, due to the result 

of damage, age or some other catastrophic event and changed to the wrong value, 

and the program will cease. Our brain hardware understands this concept, and 

never relies on a single point of execution, because no single neuron can be 

wholly trusted. Can you imagine if 1 neuron in your brain died, then you die too, 

as in the program above? In fact, neurons will even stop firing, if they’ve been 

fired too much, and sometimes for no apparent reason at all.  

Almost all computers right now have a single point of execution, that is repeatedly 

executed millions of time a second. It's an incredible miracle of engineering that 

they even run at all! There is absolutely nothing to fear from single point 

execution computers taking over the world, because they have their death built 

into them at the hardware level.

Now these discoveries open the door to a huge amount of research and ideas, 

some of which I’ll address in this document. 

Brain Vs computer revised:

Knowing that the brain cannot be allowed to die, or perform an action that will 

lead to it’s downfall, and can only perform one global loop, what do you suppose 

the make-up of the brain would mainly contain? That’s right! Masses upon masses 

of redundancy.  I’ve always found the notion that we use only 10 percent of our 

brains a bit misleading. We use the rest for backup! So then, only about 1 percent 

of our brain is probably used to do actual real work. Imagine how smart we could 

be if nothing in our brains was redundant. Sure, we’d die all the time, but we’d be 

oh, so smart. This is actually the case in most computer systems, because a 

computer system is a evolutionary misfit, where a brain that dies all the time 

hasn’t caused it’s downfall. A computer system can think with perfect clarity, 

never second guessing it’s function, and that’s why it can easily out perform the 



human brain in some areas. The huge number of checks that the human brain 

does is actually it downfall. It can’t add up 1,000,000 numbers in 1 second, 

because it would be unhealthy for it, and it’s data storage medium could be 

regarded as extremely unreliable (or extremely reliable, if you consider it’s lack of 

crashing and rejecting  potentially hazardous problem that could lock it up).

No internal loops, would mean a program internally cannot ever go backwards, or 

repeat an action that has already been executed. It can however store the same 

segment of code in a later section and execute it again. Many programmers can’t 

see how you can write programs without loops, and indeed it’s silly not to use 

loops in a “single instruction at a time” processor. This because loops are an 

integral part of “single instruction at a time” processors. What we can do is 

simulate massive parallelism with loops, and later, when hardware allows for 

massive parallelism, we can easily transfer across.

In this paper, we are aiming for smart computers, or as smart as they can get. 

Directly copying the way a human brain functions may not be the best way to 

create the most intelligent entity. It is a combination of the two that I believe will 

yield the best results. 

Overlapping Redundancy (Two generals problem)

It's very important to note that redundancy does not have to be an exact copy of 

the data that it is trying to be redundant for. In fact, back up or redundant data 

can be completely different, so long as the end result of a simulation has meaning. 

An interesting fact is that neurons inside the brain a neuron will occasionally stop 

firing. It is believed that this can happen when a neuron fires too much, or is 

damaged. I believe also that this is protection mechanism  against the possibility 

of loops inside the brain. If neurons form a loop, then it's possible the same 

neuron will will fire again and again pointlessly until it can't fire anymore. When it 

does fail, oddly enough, it will actually “cure”  the internal loop. So, ironically, 

failure can actually be used as a cure for other failures (just as some poisons can 

cure ailments). 

Neurons that “stop firing” means that the communications lines inside the brain 

are unreliable. However, it is assumed that all transmissions inside a computer are 



considered reliable. This is a very bad thing as discussed earlier because if even 

the smallest part of computer dies, then the system will die as well. Brains solve 

the untrustworthiness of it's neurons in a similar fashion to one of the solutions to 

“The 2 Generals Problem”. 

The 2 Generals Problem.

Two armies set up camp on two different hills, separated by a valley, filled with 

enemy soldiers. The two armies need to attack a city at the same time to succeed. 

otherwise attacking by themselves is a failure. They need to communicate with 

each other by sending messenger(s) through the valley. Note that it is quite simple 

for the generals to come to an agreement on the time to attack. One successful 

message with a successful acknowledgement suffices for that. The trick of the Two 

Generals' Problem is in the impossibility of designing algorithms for the generals 

to use to 100% safely agree to the above statement.

There are many possible scenarios to “The 2 Generals Problem” as described by 

Lamport, Shostak, and Pease in 1982. 

“

● One solution considers scenarios in which messages may be forged, but which 

will be Byzantine-fault-tolerant as long as the number of traitorous generals 

does not equal or exceed one third. The impossibility of dealing with one-third 

or more traitors ultimately reduces to proving that the 1 Commander + 2 

Lieutenants problem cannot be solved if the Commander is traitorous. The 

reason is, if we have three commanders, A, B, and C, and A is the traitor: when 

A tells B to attack and C to retreat, and B and C send messages to each other, 

forwarding A's message, neither B nor C can figure out who is the traitor, since 

it isn't necessarily A - the other commander could have forged the message 

purportedly from A. It can be shown that if n is the number of generals in total, 

and t is the number of traitors in that n, then there are solutions to the 

problem only when n is greater than or equal to 3t + 1. 

● A second solution requires unforgeable signatures (in modern computer 

systems, this may be achieved through public key cryptography), but maintains 

Byzantine fault tolerance in the presence of an arbitrary number of traitorous 

generals. 

● Also presented is a variation on the first two solutions allowing Byzantine-fault-

tolerant behavior in some situations where not all generals can communicate 

directly with each other. 



“

(The Byzantine Generals Problem, 1982, p.1)

However, the cause of the failures isn't really important, because failure can occur in 

an infinite number of ways. Whats important is that it can fail, and no matter what 

that failure is, we need to handle it. There is one solution that is the most likely to 

succeed, regardless of the failures, and it is this:

One way to deal with the uncertainty is to send multiple messages, say 100. With 

each message send what number they are eg 1,2,3,4 ..100 and validation messages 

1,2,3,4 ..100.  If any messages are missing you know then the communication channel 

is unreliable. 

The brain solves the problem of the 2 generals by sending many messages, but it's a 

little more than just sending more of the same message.

Many people consider that remembering the wrong way to do something a waste, 

but how can you check to make sure what your doing is correct, if you don't know 

what is wrong. So, in this regard, even completely wrong answers are useful. Eg. 

If there are 2 possible answers to a problem, say 1 and 2, and we know 2 is wrong, 

the fact that we know all possible outcomes means we can deduce correct answer 

is 1 even though we haven't stored that answer anywhere.

 This has 4 advantages :

1. It serves as a backup of the original program or data.

2. The redundant program/code/data can check the original answer to help 

determine it's correctness or incorrectness. The more things you can check 

about a problem, the greater the likelihood that you can confirm it's 

correctness.

3. The redundant program/data/code may be able to predict different things to 

the original program.

4. The redundant part of the program/data/code can be run simultaneously 

with other program/data/code. Hence there is little speed loss.  



When one is learning something new, we try a number of different possibilities to 

make something work. These possibilities get stored away internally in our 

memory as overlapping redundancy. Our memories of past events gives us a 

reasonable “set” of possible answers. Answers that fall outside the reasonable 

“set” of answers, can be flagged as an unusual case, and one could conclude that 

something else is in play that would cause the unusual answer. Memory therefore 

acts as overlapping redundancy, and is useful in determining the correctness of a 

given answer.

Making an exact copy of something as a backup is extremely wasteful of 

resources, but is useful to recreate exact simulations, especially in the fields of 

mathematics and programming. However, in the real world creating exact 

simulations can be very difficult, usually impossible. One aspect of the Chaos 

theory is that because we haven't found the smallest element in the universe (and 

hence measurement can only ever be an estimate), we therefore can't precisely 

predict what will happen in real life. (Alligood, 1997) (Chaos theory). Therefore, it 

is  best to record the different ways in which things works, all of which are 

different, and all which help conclude if an answer is valid.

So it's easy to see the the brain has the best of everything:

1. Failing neurons keep the brain safe from destructive loops.

2. Built in failure allows the brain to be fault tolerant.

3. Neuron failure is kept in check generically via massive parallelism. ( ie. The 

“send 100's of slightly different messages ” solution to the  “The 2 Generals 

Problem.”)

4. The correctness of an answer is checked via the fact that neurons deliver the 

same answer even though it's calculated differently. 

5. Problem solution do not have to be programmed, instead all relevant outcomes 

to an event can stored and generalized to find the generic solution to any 

problem. Solutions to problems can be learned.

6. The neurons don't store exactly the same information, so therefore the stored 

data is not a waste of space. 

http://en.wikipedia.org/wiki/Erich_Gamma
http://en.wikipedia.org/wiki/Erich_Gamma
http://en.wikipedia.org/wiki/Erich_Gamma


Generic Pseudo-Code Solution to all Problems

This section describes a theoretical solution that can potentially solve unknown 

problems, or determine that they can't be solved within a reasonable time. Every 

problem in the programming world is solved through the combination of smaller 

pieces of code. Establish that you have all the necessary code pieces  to be able to 

solve the problem. The bigger the pieces of code, the less combinations and hence 

the easier it is to solve an unknown problem. However, when all combinations of 

bigger pieces of code have been exhausted, and  we have to look at smaller and 

smaller pieces, generating more combinations. When the combinations are too many, 

it could cause a Combinatorial Explosion, and hence the problem become unsolvable.

Have access and be able to observe the variables at each change in the system, or be 

able to generate and test the variables. All variables that are being observed are in 

the “sphere of observation”. If the result changes, and there was no changes in the 

“sphere of observation” it means that something is causing the result to change that 

is not currently being observed.



Solving Numerical Mathematical Problems Generically

“

Gygax: Greetings! It's a ... [He rolls some dice.] ... pleasure to meet you! 

Gore: And our summer intern, Deep Blue, the world's foremost chess-playing 

computer. 

Deep Blue: Bishop to knight 4. 

[Gore pats Deep Blue.] 

Gore: Not all missions can be solved with chess, Deep Blue. Someday you'll 

understand that. 

“

Futurama, The Neutral Planet, 24/01/03

The best way to solve mathematical problems generically, where it's more important 

to be able to get a generalized answer a wide variety of problems, is ironically, to use 

the smallest subset of mathematics that you can. 

This will sound like an over-simplification, but all you really need to do is remember 

all the values produced from your tests. We've grown accustomed to optimize, 

optimize our code, but is it really the right thing to do? Often in optimization, we strip 

everything out we don't need, which leads to to conclusion that it will only solve one 

problem really well and nothing else. But, what if we the program writes an 

optimized version of a program but remembers what it did and pitfalls. Next time, 

when the problem is slightly different, it will be able to solve it more effectively. This 

is probably one of the biggest mistakes made in programming today.     

Example 1

Take a simple square, with a side length of 1cm:

square



The area of a square is side squared, or S^2 (Side to the power of 2). Lets write a 

program to calculate the area of the square :

int main()

{

int area;

int side = 1;

area = side * side;

}

This is the “perfect” answer. It will work for all squares. But what about rectangles 

and circles? If anything is not a square then it won't work. How are we going to write 

a single program that can solve both the area of a square, the area of a rectangle, 

and the area of a circle, or the area of anything else? In other words, how do we write 

a program to be able to generically find the area of anything ?

The solution is to start really thinking outsdide the box (or square or rectangle etc.). 

One regularly overlooked approach is to remember every single area that the box 

might take. eg

1 x 1 = 1;

1 x 2 = 2;

1 x 3 = 3;

1 x 4 = 4;

2 x 1 = 2;

2 x 2 = 4;

2 x 3 = 6;

2 x 4 = 8;

3 x 1 = 3;

....

etc.

The first and quite sound argument against this is that you can't remember every 

single combination of dimensions because there is an infinite number of them.  In 

addition, side * side, will solve all areas and it's small and easy to remember. An often 

overlooked issue is that there is also an infinite number of problems.



However, as stated above, Side * Side is not generic and will fail on anything but a 

square. By remembering every single number, our solution is generic (meaning it can 

to some extent solve all area problems). It will give you the right answer if you 

happen to ask it one it's seen before. However, what if you ask it one it hasn't seen 

before?

eg.

2 x 1.5 = ??

Ok, at this point we need establish the notion of the “right” answer. What does 

“right” really mean ? We know that 2x2=4, and 2x1=2, so are we right if we say the 

answer is:

> 2 and < 4 ? (greater than 2 and less than 4). We can even apply an average here – 

(2 + 4)/2 = 3; so, it's probably around 3, and in fact, it is 3. I think however, that 

between 2 and 4 is a correct answer too, it just isn't as precise as we may like. In 

fact, with nearly all things in reality, finding a square that is exactly 2cm by 2cm is 

theoretically impossible, because we can't measure the square's side to infinity. eg. In 

reality our square might really be this length:

2.00000004554353504053350340535... * 2.000000345504354354359430435..... = a 

bit above 4

So, how is this information useful? Well, it's like the 2 generals problem. The more 

ways you calculate an answer the greater likelihood you'll get the correct answer. 

Say, for example we are working on a very dodgy computer, and it sometimes gets' 

things wrong. We put our 2x1.5 rectangle in and calculate it using our length 

multiplied by breadth formula and it give us back the answer –15,234,234 (ie. 

negative 15 million). To us, this is clearly wrong, however to the computer it's 

perfectly fine. How so we make the program “know” when the answer may be wrong? 

By calculating the same problem in different ways  if the answer is not consistent, it 

could mean that there is a problem. In fact, -15,234,234 fails a number of tests. 

It's not between 2 and 4.

All areas must be greater than 0.

15 million is an awfully big number to come from 2 small number.

It's consistent with what happens when there is a memory failure with integer 

numbers -ie  The number become a random number between +/- 2 billion.

You've never seen that number before.



Because of the above factors you can reject the answer of negative 15 million. The 

computer program accepted the negative 15 million response because it knows no 

better. How can we make a computer program “know” when the answer it's seeking 

is wrong. The answer is in the above, ie by sampling the data and extending between 

the unknown values, you can get and approximation of the “right” answer. 

Furthermore, it's finding the area of other object would lead to the conclusion that all 

areas are positive. The more pieces of information you take into consideration, the 

more likely you will be able to recognise mistakes. The mathematical solution actually 

only forms one seventh (1/7) of the methodologies for finding out the right answer. 

Another point about remembering all the numbers and averaging between them is 

that you can “work out” the formula for the area. With a length of 2 and breadth of 

1.5, you know the area is going to be around 3. So, you could randomly try some 

formulas as the following illustrates:

L+ B 

2 + 1.5 = 3.5 -> close ? best so far but a bit wrong.

L – B

2 – 1.5 = 0.5 -> fairly wrong this is unlikely to be correctly.

L * B 

2 * 1.5 = 3 -> this is exactly what we expect the answer to be.

L / B

2 / 1.5 = 1 remainder .5 -> probably not right 

So, out most likely candidate for the right anser is L * B. We can go on the test it 

further with other value we know are correct. eg

2*2 = 4 -> correct

2*1 = 2 -> correct

and try the L+B as well, just to be sure

2+2 = 4 -> correct

2+1 = 3 -> wrong!



So, upon further investigation we could work out the formula from the generic test. 

This means that, if you do not know the formula, or can't remember it, then you can 

figure it out  again by using all your other methods of reasoning to find it. And when 

you have it, you have another thing we could use to help determine the correct 

answer.

So, back to the main point, how do we make a computer program with these new 

found abilities? It's actually easier than you'd think. 

Writing the program

Variable2

Answer

Variable1
1 or
 less

2 3 4 5 6 or
more

<=1 1 2 3 4 >=4

1 or
 less

2 3 4 5 6 or
more



Variable 1 * Variable 2 or (L * B). Called variable1 and variable 2 because variable 1 

and variable 2 can generically represent any variable, not just L (Length) and B 

(Breadth). The black lines originate from “1 or less”, so following the a black line 

through you can get “1 or less” * ”1 or less” = “<=1”, 1*2 = 2, 1*3 = 3. The green 

lines and the red lines work in a similar fashion.  

The answer is very similar to writing a neural network as shown above. Remember 

our goal is not to find 1 perfect answer. The above diagram has gone through a 

training period, and learnt the results of a sample of L*B equations. 

As you can see the above could be applied to great many problems, and allows the 

computer a methodology to solve unknown problems with less human interaction, or 

none at all. The answers can be optimized for squares, rectangles etc., but if the 

answer fails then the computer can work out a different answer, and it remembers 

it's mistake. 
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Glossary

Golden Rule of learning 

Golden rule of learning:

“After testing a population of events, if the outcome of a single event is partially 

predictable, then learning should focus upon this event. If the event(s) are completely 

unpredictable, then it is currently too hard to understand and hence focus should be 

driven into underlying events, or other events. When you can determine that a 

population of events is completely and/or relatively predictable, then learning on 

those events is complete.” (Michael Swan)

An example “relatively” predictable: The outcome of individual dice rolls may not be 

know, but you do know that after 600 rolls, you are likely to roll the number “six” 100 

times, and hence outcomes are “relatively” predictable.

Example: A poker machine is only interesting to people when they can only partially 

predict the outcome of the game. For example, if you had a poker machine that you 

won every-time you played it, you would assume people would play it all the time, but 

in truth, the only time they would play it would be when they needed money. If you 

lost all the time in a poker machine, nobody would play it because the outcome is 

predictable, and hence, boring. However if you make the game so that the player 

wins sometimes and loses sometimes, then it is interesting, and the human brain 

attempts to figure out the pattern of the game, playing it for hours on end. This is a 

hallmark of learning, and it tells us exactly when to start learning and when to stop 

learning.

Now, whats “interesting” to me here is that we can now form an algorithm for the 

human emotions of “boredom” and “interest” and it indeed does play a major role in 

learning.



Software Crisis:

The most visible symptoms of the software crisis are

“

• Late delivery, over budget
• Product does not meet specified requirements
• Inadequate documentation

• Some observations on the software crisis
• “A malady that has carried on this long must be called normal” 

(Booch, p. 8)
• Software system requirements are moving targets
• There may not be enough good developers around to create all the 

new software that users need
• A significant portion of developers’ time must often be dedicated 

to the maintenance or preservation of geriatric software

“

(Software Crisis, N.D. p.1)



Similar Research

Genetic Programming

“

Genetic programming (GP) is an automated method for creating a working computer

program from a high-level problem statement of a problem. Genetic programming 

starts from a high-level statement of “what needs to be done” and automatically 

creates a computer program to solve the problem.

“

(Genetic Programming, 2008,  p.1)

Gene Expression Programming

“

Gene Expression Programming (GEP) is a new evolutionary algorithm that evolves

computer programs (they can take many forms: mathematical expressions, neural

networks, decision trees, polynomial constructs, logical expressions, and so on). The

computer programs of GEP, irrespective of their complexity, are all encoded in linear

chromosomes. Then the linear chromosomes are expressed or translated into 

expression trees (branched structures). Thus, in GEP, the genotype (the linear 

chromosomes) and the phenotype (the expression trees) are different entities (both 

structurally and functionally), and because of this apparently trivial fact, this new 

evolutionary system can finally make a difference, successfully assisting researchers 

in the design of robust and accurate computer models.

“

(Gene Expression Programming, 2008, p1)

Both Genetic Programming and Gene Expression Programming are focused towards

solving mathematical problems.

Recurrent Neural Networks

“

The human brain is a recurrent neural network (RNN): a network of neurons with

feedback connections. It can learn many behaviors / sequence processing tasks /

algorithms / programs that are not learnable by traditional machine learning 



methods. This explains the rapidly growing interest in artificial RNNs for technical 

applications:

General computers which can learn algorithms to map input sequences to output

sequences, with or without a teacher. They are computationally more powerful and

biologically more plausible than other adaptive approaches such as Hidden Markov 

Models (no continuous internal states), feedforward networks and Support Vector 

Machines (no internal states at all). Our recent applications include adaptive robotics 

and control, handwriting recognition, speech recognition, keyword spotting, music 

composition, attentive vision, protein analysis, stock market prediction, and many 

other sequence problems.

“

(Recurrent Neural Networks, 2008, p.1)

Recurrent Neural Networks do not actually “write” programs, but the basic idea of

remembering what was done, is one I'll investigate further at a later date.

Additional Notes:

Much AI research have “overstated” the capacity of there project and have hence 

failed to live up to promise. It caused what some people call it “AI winter”.

(NationMaster Encyclopedia, 2003, p.1)

However I believe I taken into consideration many of the factors that caused these, 

and have marked experiment which I believe will be challenging.

I am somewhat inspired by the ELIZA chat program, and indeed some of the 

programs will have a similar appearance. The big difference is that the programs that 

I generate are design to learn code & test rather than just random test.

(Weizenbaum  , J., 1966, p.1)  

Is the latest ELIZA style of program if you want an example.

(Jabberwacky, 2008, p.1)

http://en.wikipedia.org/wiki/ELIZA
http://en.wikipedia.org/wiki/ELIZA
http://en.wikipedia.org/wiki/ELIZA
http://en.wikipedia.org/wiki/ELIZA
http://en.wikipedia.org/wiki/ELIZA
http://en.wikipedia.org/wiki/ELIZA


Mills Methods of Inductive Reasoning
Mill's Methods (Mill, 1843 (2002)) formulated the 5 principles of inductive reasoning. 
They are:

“
1. Method of agreement: If a single common factor exists in all cases where a 

phenomenon occurs, then we can attribute the phenomenon to that factor. 

2. Method of difference: If one set of circumstances leads to a given phenomenon, 
and another set of circumstances does not, and the sets differ only in a single 
factor that is present in the first set but not in the second, then the 
phenomenon can be attributed to that factor. 

3. Method of agreement and difference: Also called simply the "joint method of 
agreement and difference", this principle simply represents the application of 
the methods of agreement and difference. 

4. Method of residues: If a range of factors are believed to cause a range of 
phenomena, and we have matched all the factors, except one, with all the 
phenomena, except one, then the remaining phenomenon can be attributed to 
the remaining factor: "Once you eliminate the impossible, whatever remains, 
no matter how improbable, must be the truth." 

5. Method of concomitant variations: If across a range of circumstances leading 
to a phenomenon, some property of the phenomenon varies in tandem with 
some factor existing in the circumstances, then the phenomenon can be 
attributed to that factor. For instance, suppose that various samples of water, 
each containing both salt and lead, were found to be toxic. If the level of 
toxicity varied in tandem with the level of lead, one could attribute the toxicity 
to the presence of lead. 

“ 
(Mills, 2002, p. 24)



Appendix A

Please refer to the experiments 1-6 that should be part of this research paper. 

They're too big to fit in this section!
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