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Abstract— In this paper evolvability of uniform and non-

uniform cellular automata is investigated in relation to the
level of detail in the behavioural description. An experimental
approach was taken to test how increased information, from
only initial and final state to an approach including intervals of
interest in the state space, influenced the evolutionary process.
The results are promising as it seems that a more detailed spec-
ification of the behaviour, i.e. trajectory, was not annihilating
regarding evolvability. The presented work is part of a larger
goal of applying artificial evolution and development to achieve
the goal of designing cellular machines that can be applied to
complex computation and modelling. The specification of the
sought problems for such machines is often of a nature that
includes incomplete knowledge of the behaviour.

I. INTRODUCTION

In a traditional von Neumann architecture, computation

is based on the principle of a program being sequentially

executed on a single complex processor. However, alterna-

tive architectures for computation exist and may be more

effective (e.g. improved speed, scalability and technology

independence).

Cellular Computing [1] is such an alternative computation

system exploiting a vast amount of simple computation ele-

ments operating in parallel with only local interconnections.

In fact, each computing element has access only to the states

of a small number of neighbours. These new paradigms,

such as cellular computing, may offer massive computation

power. However, the potential is hard to exploit. Logical

design of hardware and lack of programming methods make

it difficult to unleash the potential computational power. Even

though various unconvential computation machines may be

computation universality proven, it is important to note that

potential usable computational power of such unconventional

machines seems to be rather specialized, —see [2] for

examples.

The research of which the presented work play a part is

toward using artificial development [3], taking inspiration

from biological development [4] to design and build (by self-

assembly) highly parallel machines. Computation in these

machines is based on the parallel operation of a vast amount

of simple autonomous computational units and local com-

munication, i.e. no global control. In previous work artificial

development has been applied to generate such machines —

see [5] and [6]. However, in the referred work the target was

the machine itself or functional properties, e.g. adaptivity.
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In [7] the view on behaviour and developmental process was

related to trajectories and basins of attraction at different

hierarchical levels.

Here we want to investigate how a similar approach can

be applied for behavioural specification of such cellular

machines. In particular we want to investigate how the level

of detail in a behavioural description for a dynamic system,

i.e. Cellular Automata (CA), influences on the evolvability.

The interest is based on an urge to be able to find ways

of specifying computational tasks for such massive parallel

machines.

In this work an experimental approach is taken. The

behaviour of the machine is specified by including different

degrees of information describing the desired behaviour.

The behaviour description is given as partial information

on the sought trajectory from initial state to final state. In

the work of Huang, e.g. [8], a boolean regulatory network

was used to model the cell cycle, the network dynamics

modelled the cell cycle attractors. The problem was modelled

by defining the sought behaviour out of a boolean network

with defined initial and final states. Here we want to take a

similar approach to define behaviour out of defined states in

the state space. As a first step we want to investigate how

evolvability is influenced by increasing the level of detail

for the description of a trajectory from initial to final state.

Knowledge of possible influence on evolvability can help us

to specify behavioural descriptions that are evolvable.

Due to the extensive knowledge of the dynamics of 1D-

CAs, —see [2], the first experimental cellular system chosen

here is such an architecture. The interest in developmental

machines, particular machines based on non-uniform CAs,

leads to target a second experimental architecture in the form

of 1D non-uniform CAs.

The article is laid out as follows: In Section II background

information regarding the CAs and behaviour description by

trajectories in the basin of attraction is given. Section III

relates trajectories and the work herein to developmental sys-

tems. Section IV presents the applied evolutionary algorithm.

The experimental setup and results are given in Section V.

Finally Section VI concludes the work.

II. TRAJECTORIES AND ATTRACTORS AS BEHAVIOURAL

DESCRIPTIONS

Cellular automata are idealized versions of the massively

parallel, decentralized computing systems described above.

A CA is a large network of simple processors, with lim-

ited communication among the processors and no central

control, which can produce very complex dynamics from
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(a) Behaviour of Rule 238. (b) Behaviour of Rule 252. (c) Trajectory of rule 238 and 252.

Fig. 1. Print out of two CA rules with shared initial state reaching a common attractor by different trajectories.

simple rules of operation. Cellular Automata were originally

conceived by Ulam [9] and von Neumann [10] to provide

a formal framework for investigating the behaviour of com-

plex, extended systems. Further, regarding design of cellular

machines, Codd’s [11] work included issues regarding design

and refinement of such machines, see also [12] for further

details on design issues.

A CA may be considered as a massive parallel machine.

The architecture and operation of such a parallel machine

is a network of sparsely connected units, i.e. cells, and the

operation is given by series of parallel discrete time update

of all cells in the system. Such networks can be modelled

and analysed by methods applied to Boolean networks,

Random Boolean Networks (RBN) [13], extended to multi-

value networks [14] or in an evolutionary developmental

setting targeting non-uniform CAs [7].

Evolution of CA behaviour has been investigated in several

works, e.g. [15], [16], [17]. Here we want to investigate how

the specification of the dynamic behaviour of the automata,

in a fitness function, influence on the evolvability. The

principles of our definition of the level of detail for CA

behaviour is illustrated in Figure 1. A simple example of

a state space produced by rule 238, using Wolframs rule

numbering [18], in a 1D-CA for 64 update steps is shown

in Figure 1(a). A similar plot for rule 252 is shown in

Figure 1(b).

In Figure 1(a) and 1(b) the states of the trajectories of

the two rules are shown. This two rules start from an

identical initial state, producing a behaviour plot that are

mirror images of each other before ending in the same final

state, a point attractor. If an evolutionary approach based on

the final state of the CA was applied to find the behaviour

of one of these two rules the solution space would include

both rules (and all other rules sharing the attractor). As such,

the amount of information must be extended to be able to

discriminate the sought behaviour from rules with divergent

behaviour with the same attractor.

To be able to discriminate the behaviour of the desired

trajectory from other trajectories, information of known states

or hypothesis of states that should emerge can be included

in the specification of behaviour, i.e. the fitness function. In

Figure 1(c) the two trajectories start from a common initial

state (node 1) following different trajectories to a common

attractor (node 65). The two trajectories are a result of

using an intermediate step in the specification of behaviour.

The state pattern from update step 32 was used in two

evolutionary runs. The two runs diverged only by inclusion

of an intermediate step from rule 238 in one run and the

inclusion of an intermediate step for rule 252 in the other. As

illustrated, the known information from the intermediate node

on the trajectory enabled us to find the desired behaviour.

Evolving behaviour for know CAs is herein used as

examples and partly as a test case to investigate how an

increased amount of information on the behaviour influences

on evolvability. However, the larger goal is to be able to

evolve cellular machines that can obtain a desired behaviour

based on incomplete information. The incompleteness of

such behaviour may be a result of trying to model a system

where only parts or fragments of the behaviour are known,

e.g. a regulatory network for cell cycles. As a step toward

this goal, the work here is set to investigate how increased

information by inclusion of intermediate states influence

on the evolutionary process. Even though the experiments

here are based on what may be simple cellular machines,

small 1-D uniform/non-uniform CAs, the results plays a role

toward the goal of achieving large scale multidimensional

cellular machines. In current work that can be characterised

as artificial EvoDevo [19] the indication of how the detail

level of the behaviour specification influence on evolvability

is important to be able to specify behaviour in a way that is

reachable.
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Fig. 2. Snapshot of the development of phenotypic structure (top) and the corresponding emergent behaviour (bottom) shown as space-time pattern.

III. TRAJECTORIES AND ARTIFICIAL DEVELOPMENT

As stated in Section I artificial development, or more spe-

cific EvoDevo systems, is the target for this work. As such,

an EvoDevo system is related to the previously presented

description of behaviour. The example takes inspiration from

development by using a cellular approach, this may be related

to the process of how multicellular systems develops from

a single cell. In biology, development is a process starting

with a zygote which develops to a multicellular organism.

An artificial developmental process may also reflect this

principle. An initial cell or a given initial condition can be

the starting condition, i.e. the zygote, which the iterative

developmental process grows from, change and/or reshape

to reach a multicellular artificial organism.

An important feature of natural development is that the

developing organism develops within an environment. In [20]

environment in artificial systems was discussed at different

levels. Intra-cellular environment is the environment where

the DNA reside [21], [22]. The next level of environment,

found in most developmental models, is the neighbourhood

environment referring to the inter-cellular environment, en-

abling communication between neighbouring cells [23], [24],

[25], [21]. Further, an external environment may influence on

the phenotype if information from the external environment

affect the development process [6].

Intermediate structures and/or behaviour of the developing

organism may also play a part in the creation of the organism.

Such intermediate structures and behaviours may play a part

in reaching the target organism/behaviour, but are not present

or observable in the final fully developed phenotype [26].

By taking the above features and assuming the artificial

developmental process to be deterministic, the outcome of

development, i.e. an organism with properties like structure

and/or behaviour, is defined by the initial zygote, including

a genome and a developmental process, together with the

condition of the environment. This implies that for a given

developmental process there exists an initial configuration,

or set of initial configurations, defined by the developmental

genome and the present environmental conditions.

If the parallel nature and limited local communication of a

cellular developmental process is considered in relation to the

discrete time update of the system, a developmental system

can be approached as a network of sparsely connected units,

i.e. cells.

Such networks can be modelled and analysed by methods

applied to Boolean networks, Random Boolean Networks

(RBN) [13] or extended to multi-value networks [14]. This

opens for the possibility to generate and visualise attractor

basins and the trajectories from initial configurations to

attractors. The result of gaining such information is an insight

into the dynamic operation of developmental systems.

Figure 2 is an example of a cellular developmental sys-

tem. The phenotype is an emerging non-uniform Cellular

Automata (CA). Development of the structure goes through

steps, Development Steps (DS), where the structure is formed

by growth (expanding the number of cells) and differentiation

(changing the rule of a given cell). The different colours

in the emerging phenotype presented at each shown DS

represent what CA rule each cell contains at that DS. White

cells are considered empty. Initially only the development

of structure, here how the non-uniform CA is composite, is

considered. The dashed lines indicate that there exists events

that are not shown in the figure, e.g. the phenotypic structure

between DS 8 and DS 98 are not shown.

The space time representation of the developing structure

in Figure 2 can easily be represented as sparsely connected

multi-value network. Each phenotype structure is a node and

the transition from node to node in time represents the devel-

opmental path from zygote to the fully developed organism.

A very simplified example of such a network is shown in

Figure 3. In this example there is a developmental path from

the zygote through intermediate phenotypic structures ending
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in the phenotype shown at DS 99. The loop at DS 99 indicates

that this phenotype structure is the attractor. As such, the

dynamics of the development process is shown as a trajectory

ending in a point attractor.

In Figure 2 the behaviour of the system is the state space

produced from an initial state executed by the developing

non-uniform CA. The space time plots for the behaviour con-

sists of 100 State Steps (SS) for each development step. This

implies that there exist 10 000 space time plots describing

the behaviour of the system. As such, a similar approach as

shown in Figure 2 can be applied to represent each unique

state of the emerging CA as nodes and plotting trajectories

toward attractors. Note that the trajectory for structure (DS)

and behaviour (SS) can be plotted separately. One for the

dynamics of the development of structure and one for the

dynamics of behaviour. In the described system, structure and

behaviour influence each other, making a mutual dependency

between the two trajectory plots.

The examples above may look trivial; however, the pos-

sibility to find trajectories in the basin of attractor fields

for a developmental system can be used for investigation of

the dynamics of the system. In the example the phenotype

ends in an attractor. The attractor may be a point or cyclic

attractor, indicating if the phenotype structure is stable or not.

Further, viewing the behaviour of the system in a similar way

can show if there exists different behaviours, emerging as

different attractors, from the same genome in different envi-

ronments indicating how, or if, the environmental information

influence the system. The environment here may be said to

be similar to the influence of initial states on behaviour in

Wolframs work [27].

In the given example, the fact that behaviour and struc-

ture are interwoven is so far not addressed. However, in

the example in Figure 2 there exists a link between the

emerging structure and behaviour. If the phenotypic structure

is changed, as shown from DS 6 to DS 7, the non-uniform

CA is also changed. This change will influence the state

transitions of the CA. In addition there may be a link between

the behavioural space time data and the developing structure.

Such a link is present if the developmental process can

exploit information from the behaviour of the system in to

the gene regulation network of the developmental process.

As stated in Section I, one of the challenges of such

cellular machines as presented here is lack of program-

ming and design methods. The used EvoDevo approach

will hopefully evokes the massive parallel power of such

architectures. However, knowledge of how evolution is to

be applied is necessary. The step taken here shows how

evolution can be applied to evolve systems where only parts

of the emerging properties of form and function are known.

That is, development of 2D-cellular machines, presented in

this section, or applied to evolve the iterative output of a 1D-

CA presented in Section V. In any case both the examples

(EvoDevo system and the output of a 1D-CA) are trajectories

in some state space.

Fig. 3. The developmental path of Fig 2 shown as a trajectory.

IV. EVOLUTIONARY ALGORITHM

The chosen evolutionary algorithm was a Genetic Algo-

rithm (GA). Fitness Proportionate Selection was used with

and whitout crossover. In the experiments using crossover,

the rate was set to 0.7. The mutation rate was, as indicated

in [28], set to 1/L, where L represents the size of the

population which is subject to mutation.

In the presented experiments uniform and non-uniform

CAs are targeted. As such, two different representations

were needed. For the uniform CA the genotype was the

single rule of a three neighbour CA cell. The targeted non-

uniform CAs used a representation where each CA cell of

the automata was represented in the genotype. This leads

to a representation were the genotype size is given by the

number of used CA cells (n). In the experiments targeting

non-uniform CAs the rule definition is described in more

detail.

In short the working of the GA can be summarised by

the folloving steps in the evolutionary process:

• Generate initial population of 10 random rules;

• Run the automata for each of the rules;

• Calculate the best and worst two rules according to the

fitness function (hamming distance number of matching

bits between the reached final state and the desired final

state);

• Roulette-Wheel technique to select the rules that will

generate the next generation elements;

• Perform uniform crossover between the two best ranked

rules;

• Replace the two worst ranked rules with the new gen-

erated rules;

• Perform random mutation in the new generated rules

with small probability;

• Repeat all the steps (except the first) until a fitness of

100 per cent is reached.

As the structure of the non-uniform CA is different from

the structure of the uniform CA, a new Genetic Algorithm is
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(a) Resulting trajectory of rule 30. The initial and required intermediate
state at step 32 is indicated together with the attractor.

(b) Resulting trajectory of rule 206. The initial and two required
intermediate state intervals are indicated together with the attractor.

Fig. 4. Trajectory including specification of initial state, intermediate state(s) and the attractor.

required. Basically the main structure is the same but the new

GA works without crossover, using only mutation. In a non-

uniform CA the dependency between genes is different from

a uniform CA and theoretically more evaluations are needed

to search for the desired rule. For this reason, a smaller

amount of simulations was executed in the non-uniform CA

experiments.

V. EXPERIMENTS

An experimental approach was taken to highlight the prin-

ciples of using trajectories as specification. The experiments

show how increased inclusion of trajectory information in-

fluence on the evolution of sought behaviours.

In the first two experiments uniform CAs with known

behaviour was used. In these two experiments the trajectory

from the initial state to the defined final state is known. As

such, all intermediate steps are known and a successfully

evolved rule is bound to include the specified state(s). These

experiments used a GA with a genotype representation for

targeting uniform CAs, described in Section IV. The target

CA was a one-dimensional CA with three neighbours.

In experiment three non-uniform CAs was targeted. In

these experiments there was no prior knowledge of the

detailed behaviour. The GA for evolving non-uniform CAs

was the same as used for the uniform approach. However, the

nature of non-uniform CAs required a change in genotype

representation as described in Section IV.

In all experiments a CA with cyclic boundary conditions

was used.

The number of CA-cells (n) used in the experiments varies.

The size is specified in the description of each experiment.

All experimental results are an average over 100 runs.

A. Experiment I: Introduction of an Intermediate State
In experiment one the goal was to test how an introduction

of a more specific trajectory influenced on the evolvability of

the system. A known trajectory for a given initial condition

to a specified end condition was used. The sought behaviour

was the trajectory of CA rule 30.

The first part of experiment one aimed at evolving the

CA rule that could reach a specific attractor at CA iteration

64. The size of the CA was set to 65 cells. Rule 30 is a

rule that generates a unique trajectory from the given initial

condition of a single cell expressing a logical ”1” to its

configuration, here defined as the pattern at iteration 64. As

such the experiment aims at evolving rule 30. The fitness

function uses the hamming distance of the obtained final

state and the targeted state. The result of this experiment is

presented in Figure 6. The resulting bar is termed experiment

1, label A. The result is the mean number of GA iterations

over a 100 GA runs.
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To test the influence of including more details of the

desired trajectory an intermediate state was introduced. The

intermediate state was the state output of rule 30 at CA

iteration 32. Including the intermediate state was done by

a modification of the fitness function. The fitness function

includes the desired final state and the intermediate state

at CA iteration 32. Figure 4(a) is included to illustrate the

trajectory from the indicated initial state, the intermediate

state and the desired finale state. All nodes in the graph

represent unique states.

As such, the goal was to reach the desired final state, as in

the previous experiment and visiting the intermediate state.

The rest of the experimental setup was unchanged. The result

is presented in Figure 6, the bar experiment 1, label B shows

GA iteration needed to achieve the desired trajectory.

B. Experiment II: Loosen up Constrains

Experiment two is an expansion of the experiment in the

previous section. However, rule 30 is as stated unique. Here

we desired a setup where several trajectories could reach

the desired finale state, i.e. more than one rule. Further, we

needed a rule that included intermediate state(s) that could

discriminate the rule’s trajectory from other rules reaching

the identical target state. The size of the CA was set to 65

cells.

Rule 206 is a rule with such a characteristic. Rule 252

share the state pattern at the desired CA iteration 64 with

rule 206, but follows a different trajectory from the common

initial state to the targeted state pattern at CA iteration 64.

In experiment one the specification of the desired trajec-

tory was increased by the introduction of an intermediate

state pattern. However, such desired pattern may be known,

however, outside the experimental work herein the exact time

for the appearance of the intermediate state of the system

may be unknown or less specific. We may know or have

an hypothesis of the order of appearance, but not the exact

timing for the emergence of the desired state(s). As stated in

Section II, such uncertainties regarding timing of units in a

regulatory biological networks are an example where detailed

knowledge of the exact timing in not known in detail.

To target problems where the timing for the emergence

of the desired states is not known, an experiment where the

detailed constrains regarding timing of the intermediate states

was loosen. Figure 4(b) illustrates the experimental goal. The

shown trajectory includes two intervals. The specification of

the system’s target behaviour is as follows: Starting from

an initial state, state 1, the system needs to visit a specific

intermediate state that is believed to emerge in the first

interval, i.e. between state 9 and 21. Further, a secondary

intermediate state, known to be part of the desired trajectory,

should in our example hypothesis emerge between state 39

and 51. The system’s behaviour is known to end in a known

final state after 64 CA iterations.

As for experiment one the goal of experiment two was to

investigate if the change in trajectory specification changed

the evolvability. The first experimental run targeted to find

a trajectory with one intermediate, at iteration 32. This is

similar to the experiment one with one intermediate state

except that the desired trajectory here is that of rule 206.

The result is presented in Figure 6, the bar experiment 2,

label A shows GA iterations needed to achieve the desired

trajectory.

To see how a more loose specification influenced on

evolvability an experimental run as described and illustrated

in Figure 4(b) was used. In this run a trajectory specification

with two intermediate steps, each in an specified interval,

was targeted. The result is plotted in Figure 6 as experiment

2, labelled B.

C. Non-Uniform Cellular Automata

To further investigate the influence of trajectory specifica-

tion the uniform CA approach used in experiment one and

two was replaced by a non-uniform CA approach. Moving

to a non-uniform CA increases the search space as each cell

may contain a unique rule, i.e. update function. However,

here the set of possible rules was reduced to a set of 12

specific update functions. As in Sippers work on evolution

of 2D non-uniform CAs [29] the update functions were based

on the logical functions NAND, OR XOR and IDENTITY.

The update functions available to the GA are listed in Table I.

The size of the CA was set to 17 cells. The reduction of size

was done to be able to run experiments in realistic time.

TABLE I

DEFINITION OF UPDATE FUNCTIONS AND THEIR FUNCTIONALITY

Rule Name Function

0 IDENTITY C no change
1 IDENTITY L ← LeftPropagation
2 IDENTITY R → RightPropagation
3 OR LC OR L + C
4 OR CR OR C + R
5 OR LR OR L + R
6 XOR LC XORa L⊕ C
7 XOR CR XORa C ⊕R
8 XOR LR XORa L⊕ R

9 NAND LC NAND L • C

10 NAND CR NAND C • R

11 NAND LR NAND L • R

In the table L, C and R refer to placement in the three

cell cellular neighbourhood used left, centre and right. Using

the defined set of possible cells restricts the search space for

a non-uniform CA to be 12n, where n is the size of the

CA given in number of cells. Further, the search space was

reduced by the stated changing in CA size (n) to 17.

In contrast to the two previous experiments where the

behaviour of the system was known by the chosen rule

and the given initial state, non-uniform CAs are more of

unexplored territories. Out of the missing knowledge of

specific systems behaviour, i.e. a particular non-uniform CA

and initial states, it was decided to use the trajectory of rule

90 in a uniform CA as the desired trajectory. As such, the

target behaviour was specified by the initial, intermediate

state(s) and defined final state at iteration 64 of a CA with

rule 90. The behaviour of rule 90 is shown in Figure 5(a)
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(a) Behaviour of rule 90 over 64 CA
iteration.

(b) Resulting behaviour of evolved non-uniform
CA with one intermediate state from rule 90.

(c) Resulting behaviour of evolved non-
uniform CA with two intermediate states
from rule 90.

Fig. 5. State plot of CA rule 90 and resulting behaviour of evolved non-uniform behaviour using different number of intermediate states from rule 90 as
intermediate state(s).

Fig. 6. Experimental results for all three experiments presented. Each bar
is avrage over a 100 GA runs.

In the first part of this experiment a single intermediate

state at CA iteration 32 is included in the specification of

the evaluation function. The initial state was a single cell set

to ”1”, all other ”0”. As shown in Figure 5(b) the behaviour

of the evolved non-uniform CA is quite different from the

behaviour of rule 90. However, the only specific similarity

was, as specified in the target description, at the initial,

intermediate and final state. The results from the evolutionary

runs can be found in Figure 6 the result is presented under

experiment 3, labelled A.

To further test the influence of introducing intermediate

states in the sought trajectory the experiment was repeated

with a trajectory specification including two intermediate

states. Staring from the given initial state, visiting the in-

termediate state at iteration 15, thereafter a new intermediate

state at iteration 45 is sought before ending at the specified

target state at iteration 64. In Figure 5(c) the behaviour of

one of the evolved solutions is shown. For comparison with

the previous experiment the result from the evolutionary runs

is plotted in Figure 6 as experiment 3, label B.

All trajectory plots presented were made by PAJEK [30]

VI. CONCLUSION

The first experimental results targeted evolution of rule

30 for an uniform CA. The results show that extending

the information of the sought trajectory actually seems to

increase evolvability. Rule 30 is a class III rule, displaying

aperiodic, chaotic behaviour, making it a hard target for

evolution. The increased specification helps on evolvability.

Loosen up constrains in experiment two hardly influenced on

the result. However, the introduction of states in a specific

interval was not annihilating considering evolvability. This

fact is promising as the interesting target behaviour, as

stated in Section V-B, needs to be specified this way. In the
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experiments targeting non-uniform CAs, the increased infor-

mation in the specification slightly increase the required GA

iterations. However, the target behaviour is still evolvable.

If the state patterns in Figure 5(b) and 5(c) are studied, it is

clear that the found solutions solve the problem with a cyclic

behaviour, adapting the cycle length to hit the targeted state

pattern. This type of solution may emerge by the specification

selected for the experiments, e.g. too few intermediate steps

in the specification making it possible to solve the problem

by finding a short repeating sequence.

The results are promising for further work. Results show

that an interval specification seems to be evolvable. This fits

well with the problems we want to target, e.g. incomplete

information of the trajectory. However, the work on non-

uniform CAs require more work and extended experiments.

The next step toward EvoDevo systems, such as the

cellular development system in Section III, should be able

to use a similar approach in order to investigate the evolv-

ability of developmental trajectories. Such trajectories can

be structural, i.e. the form of the cellular composition of

a machine, or functional, i.e. the emerging computation of

the developing machine. Applying evolution with incomplete

information to such systems is close to the work presented

herein, evolution targets to evolve gene regulatory networks

that are the construction rules of the machine. This is close

to evolving rules that give the specification of the behaviour

of a cell in a CA. In both cases there is no direct connection

between a gene and the output generated for evaluation.
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