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1 Introduction

1.1 Is there life on other planets?

At present we are aware only of life on planet Earth. Many people argue
that Earth-like planets may be extremely rare. Thus, assuming that life
requires Earth-like planets, life on Earth may be unique. Others propose
that in a large enough universe, possibly with many Earth-like planets, that
life elsewhere is inevitable [30, 17]. But, the form of this life is unknown.
Indeed, no-one is sure that other life will even display signs of intelligence.
In fact, there is even debate into the exact nature of life and intelligence. This
makes recognising and measuring intelligence in other beings very difficult.
Despite efforts to find life on other planets, no conclusive evidence has been
found, and given the massive distances to even our closest neighbour stars,
we may never be able to solve this debate with certainty [3]. Thus the fields
of artifical intelligence and artificial life attempt to find answers by turning
to life in the digital medium. Intelligent organisms have been evolved in
artificial life simulators. However, the best methods of encouraging organisms
to learn and the computations that they will be capable of performing remain
uncertain. This report examines research into these areas and past attempts
to understand where we have come from and what intelligence may exist in
our universe.

2 What is Life?

2.1 Definition of life

What is life? Still no-one is able to give a complete answer to this age old
question. The question arose again in a slightly different form in the early
1950’s as the rise of digital computing prompted the question, “What is
intelligence?” Could computers be capable of displaying intelligence? Could
we create “artificial” intelligence? Would that intelligence be considered
alive? In 1950, the Imitation Game, later known as the Turing Test was
suggested by Alan Turing as a way of defining intelligence [35]. Intelligent
behaviour was defined as being the ability to act in a (restricted) manner
such that an observer could not tell if the entity was human or not. Since
then, the Turing Test has been used as a guide to both life and intelligence
in the field of computer science [23]. But life and intelligence, while perhaps
related, are very different. It is easy to imagine or find living organisms that
exhibit intelligence but would fail the Turing Test. Even humans who speak
another language may have great difficulty. I, and many others, believe that



the Turing Test is more useful as a benchmark and definition only of human
intelligence rather than of the intelligence of any entity [6, 10, 13]. Therefore,
we must find other means of defining and testing for life and intelligence when
searching in the digital realm.

2.2 Artificial Life

Life forms as we know them are based in the medium of carbon chemistry.
Assuming that the Darwinian theory that life on Earth evolved through the
process of natural selection is correct, we imagine that life on other planets
would be similar. But we have only seen an instance of life on Earth; life
may take many forms. Biology and an attempt to understand life on our
planet helped to spawn the field of artificial life, where computer programs
attempt to simulate evolution and/or grow artificial life in the digital medium
with the general goal of achieving life of comparable complexity to our own
[29, 21].

However, there has been significant debate as to whether life produced in
other media is just a simulation of life in the physical world or whether this
other life is a true realisation of life in its own right. Some argue that the
physical medium is crucial to life and that true life is not possible in other
media [11, 22]. Others, including Thomas Ray, believe that life is a process
or set of processes that may be implemented in any physical medium that
is able to facilitate these processes [16, 25]. Although this issue is far from
resolved, I tend to agree with those who believe that some sort of physical
environment with its own “physics” is required for life and that it is likely
that the symbolic environment of a computer program in the digital medium
is able to provide this [24, 5]. Indeed, it has been suggested that the carbon-
based medium in which we live is itself a simulation [4].

Regardless of whether or not digital life is “real” life, the digital medium
as implemented on computers is an attractive place to simulate life as count-
less variables and values of experiments can be measured and analysed, and
experiments can be repeated exactly, unlike in biology where slight variations
in conditions or hidden variables may cause different results. Vast improve-
ments in computational power and storage space have enabled researchers to
watch evolution in “fast-forward”.

While many simulations have been run to gain insights into evolution in
our world, the results are only useful as far as the model that implements
them will stretch; the more detailed and realistic the model, the more accu-
rate the results. But forcing the digital medium to imitate our carbon-based
world of chemistry and physics becomes increasingly difficult as more detail
is added [29]. Although much insight may be gained through such experi-
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mentation, organisms that evolve on such systems will never be the same as
in the real world because they are not in the real world; they are influenced
by the medium in which they live.

The digital medium is almost completely independent of the carbon-based
one in which we live; it has its own rules, its own chemistry and physics.
Organisms that evolve in the digital medium will adapt to and belong in the
digital medium. This new environment is likely to produce very different life
and intelligence to that with which we are familiar. Thomas Ray believes
that we will never be able to guide evolution into producing a particular form
due to lack of foresight - the “algae to corn” problem [28]. For example,
having never seen anything more complex than single-celled algae, it would
be virtually impossible to have the insight to devise a fitness function that
would guide the organisms through many levels of complexity to produce
corn. Transferring this across to the digital medium, we have no idea where
digital intelligence may go or what forms it will take and thus we should not
try to impose too many fitness functions or other restrictions, but rather let
evolution find its own path. While I believe that this is true I suspect that it
will be possible to teach organisms skills that may be useful in guiding their
paths.

3 Using Digital Evolution to Solve Problems

Biologists have been attempting to recreate biological life in digital form for
a number of years. Nevertheless, there have been other attempts to harness
the power of evolution. Genetic algorithms (GA) have been used to find
optimal solutions to problems [20]. GAs are limited, however, as the form of
the solution must already be known; GAs merely attempt to find the best
values of the solution. This method is thus not useful in discovering new
forms of intelligence or computation. An improvement comes in the form
of Genetic Programming (GP), where the form of the solution is subject to
change according to a pre-defined fitness function. Genetic programming
appears to be more likely to find new forms of intelligence but, as predicted
by Thomas Ray, it is limited to the fitness function. A fitness function may
provide a strong guiding force for evolution to begin with. However, unless it
is extremely well thought-out, it will become weaker as the organisms grow
towards it until the fitness function becomes a ceiling beyond which evolution
cannot pass.

Fitness functions that change as organisms evolve have been used to
counter this problem, the most successful being co-evolution [20]. Co-evolution
involves the fitness function also being subject to evolutionary processes



rather than being fixed or embedded in the medium. The organisms grow
towards satisfying the fitness function while the fitness function tries to max-
imise the gap between itself and the level of the evolving organisms. Effec-
tively, instead of the fitness function being a fixed bar, the bar is raised as
the organisms evolve closer. However, this is only a successful method if the
fitness function stays ahead (but not by too much) of the evolution of the
organisms. Finally, at the far extreme is Thomas Ray’s idea of letting the
medium dictate the selective forces, and observing what happens. Thomas
Ray has attempted to implement this idea in Tierra [26, 28].

3.1 Tierra

Tierra is an Artificial Life (AL) simulator written by Thomas Ray that at-
tempts to use evolution in the “digital medium” to bring forth life (usually
inoculated with a simple reproducing program) [26]. Written in C, Tierra
implements a virtual computer complete with “Darwinian” operating system
and architecture that allows machine code to be evolved through randomly
changing bits, “mutation”, and interchanging sections of code, “recombina-
tion”. The system supports evolving programs or “organisms” and overcomes
the “brittleness problem” - the fact that most random changes to valid code
will produce invalid code. Tierra allows for the inevitable lines and sections of
code that are not executable by ignoring them. Over time, beneficial changes
are made to the code that enable the digital organisms living in the system
to evolve and increase in function and complexity.

There are a number of control and monitoring tools built into the sim-
ulator. Tierra records all births and deaths and keeps a “genebank” of all
successful genomes (sequences of creature code) and is able to monitor and
record creature interactions. In principle, Tierra provides an environment
that is able to foster parallel learning. This means that the time taken for
organisms to learn to perform several tasks should be less that the time re-
quired to learn each of the tasks sequentially. Thus Tierra is an extremely
useful tool with which to observe, measure and experiment with evolution in
the digital medium.

Organisms in the digital world of Tierra face the obstacles of various
inherent natural limitations and finite resources. The RAM available on
the computer running the simulation forms the space or “soup” that the
organisms must occupy and share. Likewise, in the digital medium, the CPU
is likened to energy as it is the only “force” that allows creatures to change
state, reproduce and perform other actions and is therefore in high demand
[28]. Competition for these resources creates evolutionary pressures for the
organisms to adapt to their environment and outperform their competitors.



The instructional set used by the CPU forms the “physics and chemistry”
of the digital medium together with the methods used to allocate resources.
In Tierra, the instructional set is deliberately designed to occasionally in-
troduce errors in calculations, feeding evolution. Organisms in memory may
read or execute instructions from anywhere (or in some implementations,
within a certain proximity of an organism) but may only write to memory
that it “owns”. These rules help to define the ways in which digital organisms
may interact with others.

Organisms age through the use of a “reaper queue” in which the organisms
at the front of the queue (usually the oldest organisms) are killed to make
way for new organisms [25]. However, organisms that attempt to perform
illicit operations, such as writing to the memory space occupied by another
organism, are accelerated through the queue. This is done by regularly com-
paring the number of illegal operations performed by an organism with the
number performed by the organism in front of it in the reaper queue. If the
organism has performed more illicit operations than the other organism, the
two switch places in the queue. This is a way of punishing organisms that are
not abiding by the “rules” of the world and constitutes a “natural” fitness
function provided by the Tierra environment. It is also possible to reward
organisms that are performing “good” operations by moving such organisms
backward one place in the reaper queue, meaning that the organism will
live for longer. This is one way in which the user may implement a fitness
function that guides organisms by encouraging them to perform certain op-
erations. Distributing bonus CPU time to organisms that perform certain
actions is another method of providing a fitness function in Tierra.

Thomas Ray has produced an array of different organisms in Tierra by
inoculating the simulation with a simple creature capable only of reproducing
itself [26]. Thus all other knowledge or skills that the organisms developed
had to evolve (through mutations or other means). Eventually, mutations
were not required as the creatures learnt to sexually reproduce, having off-
spring that were a mixture of the parents. Thomas Ray, pointing to the
Amazon rain forests as another example, argues that as organisms increase
in complexity, the interactions between the organisms often form a much
stronger evolutionary force than the medium upon which they are imple-
mented [28].

3.2 Extensions to Tierra

Tierra was extended to “Network Tierra” through the use of a global “Digital
Reserve” [27]. The idea was that organisms would be able to roam over a
form of the Internet, migrating between different computers on the network
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in search of resources. People were able to donate CPU time in a similar man-
ner to SETT [1]. It was hoped that this expansion in the digital universe and
introduction of further, complex interactions would set about an explosion of
multi-cellular digital life equivalent to the explosion of multi-cellular life on
earth thought to have occurred during the Cambrian period [36]. However,
the amount of traffic generated over the networks of participating organisa-
tions was larger than expected and placed a substantial strain on both the
finances and the network bandwidth of the participating organisations. A
cluster model with reduced bandwidth was tried but failed to produce any
interesting results [29].

Tierra is among the most widely known Artificial Life simulators, though
there are a number of others, such as Avida. Avida is a Tierra derivative that
allows the introduction of fitness functions in addition to the natural ones
intrinsic in the medium and implementation [21]. All artificial life simulations
may be viewed as tools that allow us to gain an insight into our own world
and the life around us and make educated predictions about life elsewhere in
the universe.

4 Search For Non-Standard Models of Com-
putation

Hand-held calculators are able to perform mathematical computations. Hu-
mans, too, are able to perform many different computations, some of which
are the same as a hand-held calculator. Hand-held calculators that are work-
ing correctly will always perform a certain calculation in the same amount
of time and will always produce the same answer. However, the method
that humans use, especially when done without the use of paper and pens
or other tools, is somewhat haphazard and the same calculation may even
produce different results on different occasions. Likewise, calculators must
deal with finite values whereas humans can perform calculations that include
abstract concepts such as infinity. Clearly different models of computation
are being used. While some methods of performing computations are much
faster and more efficient than others, some are also more powerful and are
able to compute a larger range of problems. Models can be tested for Tur-
ing Completeness; if a model is Turing Complete then it is able to compute
any computable function. It is possible that other models of computation are
much more efficient or even more powerful than those currently in use [6]. For
example, Jack Copeland has suggested an “accelerated Turing Machine” that
is theoretically able to compute uncomputable functions, such as the halting



function [7]. Research into quantum computing and biomolecular computing
is also attempting to find new models of computation [8, 19, 20, 32].

While many of these areas hold great promise, others turn to the in-
telligence and capability to compute seen in living entities. Humans are
intelligence beings (at least compared with all creatures that we have discov-
ered). Humans have used their intelligence to create machines: cars, hand-
held calculators, printing presses and computers. None of these machines are
considered intelligent themselves, rather they have had intelligence imbedded
in them by humans. But what about other entities, whether aliens, dolphins
or digital agents? Do/would they display signs of intelligence? Their intelli-
gence and abilities may be very different to our own [34, 10|, so how would we
measure it? Discovering and measuring their intelligence or computational
ability is an issue that many have considered, but still there are few solid
answers.

4.1 What is intelligence?

Intelligence is not an easy thing to define. It is commonly agreed that sys-
tems are intelligent if they use all available and as much previously available
knowledge as necessary when solving a problem [37]. Lack of knowledge is
different to a lack of intelligence. Therefore it is best to compare two systems
which both have access to the same knowledge - i.e. imbed the information
required to solve a puzzle in the problem. But this is more of an observation
than a definition. The Merriam-Webster Dictionary defines intelligence as
“(1) the ability to learn or understand or to deal with new or trying situ-
ations (2) the ability to apply knowledge to manipulate one’s environment
or to think abstractly as measured by objective criteria (as tests)”. John
McCarthy, commonly known as the father of artificial intelligence, states
that “Intelligence is the computational part of the ability to achieve goals in
the world” and adds that intelligence can be seen in humans, many animals
and even some machines [18]. While these are reasonable descriptions of
intelligence, there is no full answer; it is an elusive concept.

4.2 Collective Intelligence

The idea that a group of entities might display an overall intelligence greater
than any of the individual entities is known as collective intelligence and is re-
lated to both physical synergy and problem-solving that involves a number of
individuals. It is an area that encompasses such organisations as ant colonies,
human populations, bacterial colonies and even groups of molecules. Hofs-
tadter considered the relationship between a human mind and an ant colony



in that while each individual part (ant or neuron) may not have much intelli-
gence, collectively the intelligence of the mind or ant colony is relatively large
[15]. Szuba has used the Random PROLOG Processor to model collective
intelligence in social structures such as bacterial and insect colonies and the
model extends to include human social structures [33]. Together with Al-
mulla, Szuba went on to question the links between intelligence and life [34].
They reasoned that collective intelligence can be found in both life and in
non-living groups of molecules. As the requirements for collective intelligence
are weaker than for life, perhaps collective intelligence appeared on Earth in
collections of molecules before life emerged. Unfortunately, no definite con-
clusion is reached as to exactly how collective intelligence emerges and Szuba
and Almulla’s proposed relationship between life and intelligence cannot be
considered any more than a draft hypothesis at this stage. Thus there is still
much to learn about this powerful and interesting form of intelligence and
method by which computations may be done.

4.3 Measuring Intelligence and Ability

The question of how to measure intelligence and an entity’s computational
or problem solving abilities is also an area of hot debate, running to the core
of the field of artificial intelligence. Intelligence Quota (IQ) tests are used by
humans and appear to be the most obvious choice. However, many believe
that I(Q) tests are not suitable and/or flexible enough to be used to measure
the intelligence of entities other than humans [10, 12, 14, 31].

Most accept that it is possible to determine the intelligence of an agent
if the agent’s behaviour and knowledge are known [37]. As Hajek and Dowe
explain, the agent should be tested as a whole but the internal workings or
architecture of the agent must also be analysed [9, 31]. Gudwin agrees, and
believes that both black and white box testing must be considered in order
to evaluate an agent’s intelligence [14]. Gudwin suggests that the type of
architecture should be placed into one of six categories. Then, by classifying
types of knowledge into a hierarchy, intelligence can be given by a pair of
coordinates into a lattice (X,Y), where X = type of architecture, and Y = the
number of different types of knowledge the system can handle. However, I
don’t believe that this system compares the levels of knowledge that different
agents may have fairly. It is also based upon the assumption that the internal
workings of the agent are both available and are understood. It is often
difficult to specify all of the agent’s knowledge which then must be inferred,
perhaps from tests. To avoid this problem, Behavioural Bounding together
with a general algorithm can be used to determine an agent’s intelligence [37].
However, it may require impractical amounts of computational resources to
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run and in practice this technique may be difficult to apply.

Perhaps a more general type of 1Q test based on the general intelligence
factor and the theory of multiple types of intelligence is the answer [12].
These could include testing an agent’s performance and response in various
known and unknown environments and situations. However, while useful
guidelines are available for the criterion of ideal intelligence tests, it is not
always evident how these may be implemented and how it can be known
if a complete or fair set is being used. It appears that the exact nature of
intelligence and the manner in which intelligence can be measured and fairly
compared between different types of agents is as elusive as ever.

4.4 Evolving Intelligence and the Ability to Perform
Computations in Tierra

Chris Adami used Tierra to investigate the evolution of intelligence and the
ability of self-replicating digital organisms to learn to perform computations.
He ran a number of experiments to examine the learning capabilities of the
organisms in the hope of discovering some universal features of the learning
process [2]. The general learning characteristics of organisms in Tierra are
thought to be independent of the particular learning task, making the choice
of learning task somewhat arbitrary. Adami also experimented with how fast
organisms could reach a certain level of intelligence by altering the mutation
rate of the simulation.

A number of simulations were run in which evolving organisms learnt
to compute the sum of two numbers. This was done through the use of a
three-stage fitness function which rewarded or punished organisms by varying
the allocated CPU time to each organism whenever they were successful or
unsuccessful in performing certain tasks.

The number of offspring that an organism produced in a certain time pe-
riod (where the time period was a certain number of instructions executed)
was found to be a useful measure of the fitness of the organism. As organ-
isms were rewarded for performing “intelligent” operations, the fitness of an
organism was related to it’s intelligence. By averaging this value over all
organisms in the simulator, a universal measure of the overall fitness or in-
telligence of the system was estimated. Often there were periods where the
fitness of the system remained fairly constant as organisms were in a sort
of equilibrium. After some time there was often a “break-through” as some
organisms evolved a new ability that increased their fitness. This new ability
or increase in intelligence usually spread through the system and the overall
fitness of the system rose noticeably before reaching another plateau.
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After running a set of simulations, the mutation rate was modified and
another set of simulations were run. The results showed that the amount of
time required for a simulation to reach the goal varied greatly even when the
starting conditions (with the exception of the random seed) were identical. It
was also found that increasing the mutation rate increased the rate at which
the overall fitness of the system improved and thus increased the learning
rate of the organisms. However, if the mutation rate went above a certain
threshold, organisms were not able to reproduce before they were subjected
to further mutation. This situation rapidly led to a “melt-down” and ex-
tinction of organisms in the system. Thus the environmental variables do
help to determine the rate of intelligence growth, which is highest when the
random mutations are almost too frequent for life to be maintained. Adami
also defined a “learning fraction” that effectively gives the probability of a
particular Tierra simulation run producing organisms that have the ability
to add within a certain time limit (amount of CPU time). It is possible that
future research will uncover a learning fraction can be generalised to predict
the probability of organisms reaching a certain level of intelligence within a
certain amount of CPU time.

5 Conclusion

In conclusion, the concept of life has been examined and has been found to
exist on Earth and quite possibly elsewhere in the universe. Artificial life in
the digital medium may provide us with a way of exploring life and intelli-
gence. Digital evolution has indeed already been used to solve a number of
real-world problems and provide insight into how our carbon-based universe
may operate. The Tierra simulator has pioneered much research into these
areas and has been used to successfully evolve a variety of digital organisms.
After considering the search for non-standard models of computation, the
possibility of evolving an intelligence capable of performing computations
was examined. Different forms of intelligence such as collective intelligence
were studied along with the inherent difficulties in both defining and mea-
suring intelligence. Finally, research by Chris Adami was detailed in which
he experimented with evolving and measuring the intelligence of Tierra or-
ganisms and the factors affecting the rate at which the organisms learnt to
perform basic computations.
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5.1 Relevance of my Research

My project looks at evolving and “teaching” digital organisms. It is hoped
that insights gained from the field of artificial life will help us understand life
on our planet and perhaps be a guide to the possibility of life elsewhere in
our universe.

[ will modify Tierra to allow a specialised sort of fitness function (or
“teaching function”) to regulate the allocation of CPU time to the digital or-
ganisms. The goal will be to try to nurture intelligence so that the organisms
are able to perform computations, quite possibly in a manner that we have
not seen before. Thus the project attempts to find a balance between allow-
ing the digital organisms enough freedom in their natural digital medium to
evolve and display complex behaviour, and causing the organisms to display
behaviour that is useful to us in the real world. That is, we want to be
able to see and measure what computations the digital organisms are able to
perform. I would like to be able to gain some insight into their “intelligence”
by seeing how they react to new calculations that are similar to those that
they can already solve. I hope to evolve digital organisms that are capable
at least of the most basic mathematical computations.

My project will be beneficial in the quest to understand life on Earth
and how intelligence might evolve. It will contribute to the search for non-
standard models of computation by attempting to discover the potential of
finding new models of computation through evolution in a digital world.
It will also examine how practical it is to guide evolution into performing
computations and whether or not teaching functions will speed-up the evolu-
tionary process. A teaching function may be a method of providing a ratchet
mechanism to prevent degeneration of learnt ability, thus allowing the cre-
ation of building blocks that allow organisms to move up the evolutionary
chain towards a Digital Cambrian explosion of complexity. Will the digital
organisms be able to use their new knowledge for new purposes? Is this a
way of evolving intelligence? Are such teaching methods are a useful way of
guiding evolving organisms towards an end goal or at least speeding up the
evolutionary process? Thus my project will build upon the existing knowl-
edge that has been considered in this report and will probe into new methods
of evolving non-standard models of computation.
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