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Abstract. A method for evolving a developmental program inside a cdl to
crege multicdlular organisms of arbitrary size and charaderistics is de-
scribed. The cdl genaotype is evolved so that the organism will organizeitself
into well defined patterns of diff erentiated cdl types (e.g. the French Flag). In
addition the cél genotypes are evolved to respond appropriately to environ-
mental signals that cause metamorphgsis of the whole organism. A number of
experiments are described that show that the organisms exhibit emergent
properties of self-repair and adaptation.

1 Introduction

The mechanisms whereby mature multi cdlular biologicd organisms are constructed
from the original fertili zed egg are extraordinary and complex. Living aganisms are
perpetually changing yet outwardly they often gve the gpeaance of stasis. Thisis
acomplished by cdls constantly reproducing and dying. There is no central control
behind this. Such a processleals naturally to the self-repairing roperties of organ-
isms. At present humans design systems using a top davn design pocess Until
now, this methoddogy o design has srved humanity well. However when ore
looks at the problem of constructing software and hardware systems with of the
order of 10" or more comporents (rougHy the number of cdlsin the human body) it
appeasthat we face adesign crisis. As the number of interading comporents grows
the complexity of the system grows also. This can lead to many problems. It be-
comes difficult to formally verify such systems due to the mmbinatorial explosion
of configurations or states. The ast of maintenance grows alarmingly also and their
unreliability increases. Eledronic drcuits are now routinely constructed at sub-
micron level. Thisis leading to immense wiring problems. As the trend for incress
ing miniaturization o circuits cortinues, it will become ever more difficult to sup-
ply the huge anourts of data required to define or program these devices. Living
systems demonstrate very clever solutions to these problems. The information de-
fining the organism is contained within ead, and every, part. There is no central
design. Consequently, it is likely that designers will have to increasingly turn to
methods of constructing systems that mimic the developmental processthat occur in



living systems. To some extent, such an agenda has been embracal in the nascent
field of amorphows computing [1].

Genetic programming is a paradigm in which computer program are subjeded to
processthat mimics Darwinian evolution [19]. The dominant representation o pro-
grams chosen is that of atreein which there isno dstinction ketween genotype and
phenatype. Thisis a drawbadk if one is interested in problems that involve pheno-
types of arbitrary size and complexity. Natural evolution works on the level of the
genatype that is formed when an ovum isfertili zed to form a zygote. This undergoes
an extraordinary processof cdl replicaion and dfferentiation to construct an entire
organism. If higher level organisms were redly colonies of cdls with dfferent
genatypes it would have been much harder for evolution to evolve organisms of the
complexity and sophigtication d many living creaures. Thus, it seems imperative
that the conventional GP paradigm must be extended to encompass development.
The poa scdability of diredly encoded systems (i.e. a one-to-one mapping from
genatype to phenctype) is particularly evident in the evolution d neural networks,
where eat link requires afloating-point weight that must be determined.

The work presented in this paper is motivated by an number of questions. (1)
How can we define programs that runinside cdls that construct complex structures
of arbitrary size, when ead cdl runs an identicd program? (2) Is it possble to
evolve organisms that can adapt to environmental signals? (3) Can arganisms be
evolved that are cgable of self-repair? It is nat the am of this work to model
closely natural developmental processes, but rather, to explore asimple idedization
of biologicd development in the hope that it will exhibit some of the advantages of
biologicd systems. It is hoped that computer science might benefit from such stud-
ies.

The plan for the paper is asfollows. A review of relevant related work is given in
sedion 2 Sedion 3 describes how the cdls and their environment are represented,
and the cdl program's inpus and ouputs. Sedion 4 describes the form of genetic
programming wsed to evolve the cdl program. Sedion 5 describes the experiments
and the results obtained. In sedion 6some conclusions and ideas for future work are
given.

2 Related Work

Fleischer and Barr creaed a sophisticaed multi-cdlular developmental test bed and
included redistic models of chemicd diffusion, cdl collision, adhesion and recog-
nition [9]. Their purpose was to investigate cdl pattern generation. They nated that
the design d an artificial genotype that develops into a spedfic pattern is very diffi-
cult. They also naed that size regulation is criticd and nontrivial and that devel-
opmental models tendto be robust to perturbations.

A number of reseachers have studied the paotential of Lindenmeyer systems [20]
for developing artificial neural networks (ANNSs) and generative design. Boers and
Kuiper have adapted L-systems to develop the achitedure of artificial neural net-
works (ANNSs) (numbers of neurons and their conredions) [4]. They used an evolu-



tionary algorithm to evolve the rules of a L-system that generated feed-forward
neural networks. Badckpropagation was used, and the acaracy of the neural net-
works on test data was assgned to the fitnessof the encoded rules. They foundthat
this method poduced more moduar neural networks that performed better than
networks with a predefined structure. Kitano developed another method for evolving
the achitecure of an artificial neural network [17] using a matrix re-writing system
that manipulated adjacency matrices. Although Kitano claimed that his method
produced superior results to dred methods (i.e. a fixed architedure, diredly en-
coded and evolved), it was later shown in a more caeful study that the two ap-
proaches were of equal quality [23]. Gruau devised an elegant graph re-writing
method cdled cdlular encoding [11]. Cellular encoding is a language for locd
graph transformations that controls the divison d cedls that grow into artificial
neural networks. This was siown to be an effedive methodfor optimizing bah the
architedure and weights at the same time, and they foundthat, to achieve & good
performance with drea encoding, required the testing & many candidate achitec-
tures [12]. Others have succesfully employed this approach in the evolution o
reaurrent neural networks that control the behaviour of simulated inseds [18]. Re-
cently Hornby and Pollack have dso evolved context free L-systems to define three
dimensional objeds (table designs) [15]. They found that their generative system
could produce designs with higher fitness and faster, than dred methods. Jacobi
creaed an impressve atificial genomic regulatory network, where genes code for
proteins and proteins adivate (or suppress genes [16]. He used the proteins to de-
fine neurons with excitatory or inhibitory dendrites. This allowed him to define a
reaurrent ANN that was used to control a simulated Khepera roba for obstade
avoidance and corridor following. Nolfi and Parisi evolved encoded neuron pgsition
and kranching properties of axonal trees that would spread ou from the neurons and
conred to aher neurons [22] and in later work introduced cdl division wsing a
grammar [6]. Astor and Adami have aeded a developmental model of the evolution
of an ANN that utilizes an artificial chemistry [2]. Eggenberger suggests that the
complex genatype-phenctype mappings typicdly employed in developmental mod-
els alow the reduction d genetic information withou losing the cmplex behav-
iour. He stresses the importance of the fad that the genotype will not necessarily
grow as the number of cdls, thus he feds that developmental approaches will scde
better on complex problems [8]. Sims evolved the morphdogy and behaviour of
simulated agents [24]. Bongard and Pfeifer have evolved genotypes that encode a
gene expresson method to develop the morphdogy and reural control of multi-
articulated smulated agents [5]. Bentley and Kumar examined a number of geno-
type-phenatype mappings on a problem of creaing a tes=llating tile pattern [3].
They foundthat the indired developmental mapping (that they refer to as an im-
plicit embryogeny) could evolve the tiling patterns much quicker, and further, that
they could be subsequently grown to (iterated) much larger sized patterns. One
drawbadk that they reported, was that the implicit embryogeny tended to produce
the same types of patterns. Other researchers are more motivated by fundamental
biologicd aspeds of cdl behaviour. Furusawa and Kaneko are modeled cdl i nternal
dynamics and its relationship to the emergence of cdl multi-celularity[10]. Hoge-



weg has caried ou impressve work in computer models of development and con-
structed a sophisticated model of cdls (biotic) by modeling their internal dynamics
by goups of cdlsin a cdlular automaton that are subjed to energy minimizaion
[13][14]. The energy minimization leads to cdl movement and sorting by dfferen-
tial cdl adhesion. The cdl genome was modeled as 24 nodk Boolean network that
defined cdl signaling and adhesion. She used a fitness criterion that was related to
the difference in the gene expresson in all the cdls. She evolved organisms that
exhibited many behaviours that are observed in living systems: cdl migration and
engufing, buddng and elongation, and cdl deah and re-differentiation.

3 Cédl and chemical representation

The cdl's genatype is a representation d a feed-forward Bodean circuit (that im-
plements the cdl program). This maps the cdl's input condtions to ouput behav-
iour. A cdl is asquare in a nontoroidal two-dimensional cdlular automaton. Each
live cdl seesits own state and the states of its eight immediate neighbous. It also
sees the anourt of chemicd (at present asingle chemicad) at the locaion o ead of
its eight neighbous. Using this information, the cdl's program deddes on the
amourt of chemicd that it will produce whether it will li ve, die, or change to a
different cdl type & the next time step, and haw it will grow.

External
Environmental Signal

— _ New
Northwest —— —— chemicd
chemicd level —— —— level
New cdl tvoe
— — Grow Northw
chemicd level — | Program —
Cel type — -
North cdl type —— —_—
yp Grow North
Northwest ——
cdl type

Fig. 1. If an externa environmental signal is (not) defined a cél's program reals
83 (82) binary hits: 64 hts represent the anourt of chemicd at the éght immediate
neighbous and 18 hits represent al the cdl types in the Moore neighbouhood
There ae 18 ouput bits in the program: eight for the amourt of chemicd that will
be placal at the locations where the replicated cel exists at the next time step, two
for the new cdl type, and eight bits that define the places where the new cdl can
grow



Unlike red hiology, when a cdl replicaes itself, it is alowed to grow in any o all
of the aght neighbouing cdls smultaneoudly (this is dore to speed up gowth,
mainly for reasons of efficiency). In all the experiments reported in this paper there
are three cdl types (blue, red, white) and the amourt of chemicd is represented by
an eight-bit binary number. The cdl types are represented by two-hit binary codes:
00 = dead or absenceof a cdl, 01 = blue cdl, 10 =red cdl, 11 = white cdl. Only
live cdls have their programs exeauted. Initialy a single cdl is placed in the grid
(the zygate). In the experiments reported in this paper, the zygate has been chaosen
to be white In addition an amourt of chemicd equal to 255(the maximum) is placed
at the zygate'slocaion. If two ar more céls dedde to grow into the same location at
the next time step, the last such cdl in the scan path overwrites all previous growths.
Thiswas chosen asit grealy simplified the processof constructing the newly grown
organism. The two dmensional grid is £anned from the top-left corner to the bat-
tom right. The process of constructing the new organism at time t+1 from the or-
ganism at time t is the following: Every live cdl from the top-left to the bottom-
right has its program run (all cdls run the same program). A new map (initialy
empty) is creaed andfill ed with cdl s that have dther grown, or nat died, in the map
at time t. After all the programs inside the living cdls have been run, the map at
time t+1 replaces the map at time t. The chemicd map is updated in a similar man-
ner. A depiction d the cdl's inpus and ouputs is own in Fig. 1. The chemicds
obey the diffusionrule (1).

(Gij ) new =1/ 2(Gij ) old +1i6 2 (©a)oia ?
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This ensures that over time, chemicds diffuse avay from their paint of origin. The
rule was designed so that diffusing chemicd would be cnserved (apart from the
losswhen the level falls below a level of one). Note that, since cdl's can determine
their own new level of chemicd there is no grict conservation d chemicd in the
entire system. Let N denote the neighbouhood with neighbouing paition kI, the
chemicd at positioni,j at the new time step is given by (1).

4 Cartesan Genetic Programming and the Cell Program

Cartesian Genetic Programming was developed from methods developed for the
automatic evolution o digital circuits[21]. CGP represents a program or circuit as a
list of integers that encode the mnredions and functions. The representation is
readily understood from a small example. Consider the one hit binary adder circuit
(Fig. 2). This has three inpus that represent the two hits to be summed and the
cary-in hbit. It has two ouputs. sum and carry-out. CGP employs an indexed list of
functions that represent in this example, various two inpu logic gates and three
input multiplexers. Suppce that in a function lookuptable AND isfunction § XOR
isfunction 10and MUX is function 16 The threeinpus A, B, Cin are labeled O, 1,



2. The output of the left (right) XOR gate is labeled 3 (5). The output of the MUX
gate is labeled 6. The AND output is labeled 4. In Fig. 2 a genatype is shown and
how it is decoded to a phenactype (the one-bit binary adder). The integers in italics
represent the functions, and the others represent the connedions between gates,
however, if it happens to be atwo inpu gate then the third inpu is ignared. It is
asaumed that the drcuit outputs are taken from the last two nodes. The second goup
of four integers (shown in grey) represent an AND gate that is not part of the drcuit
phenatype. Since only fead-forward circuits are being considered, it is important to
note that the connedionsto any gate can only refer to gatesthat appea onits left.
Typicdly CGP uses point
constrained to resped the
feed-forward nature of the
circuit). Suppce that the
firg inpu of the MUX

0 gate (0) was changed to 4.
g 1 This would conred the
cin 2 AND gate into the drcuit

(defined by the four grey
i . N genes). Similarly, a point
Fig. 2. One-bit adder circuit. mutation might disconred
gates. Thus, CGP uses a many to ore genotype-phenctype mapping, as redundhnt
nodes may be changed in any way and the genotypes would still be decoded to the
same phenatype. The (1+4)-ES evolutionary algorithm uses charaderistics of this
genotype-phenctype mapping to grea advantage (i.e. genetic drift). This is given
below:

Generate 5 chromosomes randamly to form the popuation

Evaluate the fitnessof all the chromosomes in the popuation

Determine the best chromosome (cal ed it current_best)

Generate 4 more chromosomes (off spring) by mutating the current_best
The current_best and the four off spring kecome the new popuation
Unless sopping criterion readed return to 2

ek wdpE

Step 3isa aucia step in this algorithm: if more than ore chiromosome is equally
goodthen the dgorithm always choases the chromosome that is not the current_best
(i.e. equally fit but geneticdly different). This g2ep allows a genetic drift process
that turns out be of grea benefit [25)[27]. The mutation rate is defined to be the
percentage of ead chromosome that is mutated in step 4. In all the experiments
described in this paper only four kinds of MUX logic gates were employed defined
by the expresson f(A,B,C)=AND(A, NOT(C)) OR AND(B, C). The four types cor-
respondto cases where inpus A and B are ather inverted or not. Sincein this paper
18 ouput bits are defined, the rightmost 18 multi plexers are used. The first of these
defines the most significant bit of the new chemicd level.



5 Evolutionary experimentsand results

The French Flag model of Lewis Wolpert [26] was the inspiration for the task the
maps of cdlswere to achieve. The following experiments were caried ou.

1. Produce agrowing and recogrizable French flag
2. Prodwce agrowing pettern of blue spots
3. Prodwce a adaptive growing pettern of blue or red spots

In the first experiment two arganisms representing French flags were defined.
These were used to compare the esolved organism at particular times in the devel-
opment of the organism. The evolved organism and target organism were compared
cdl by cdl and a amulative score of corrednesswas cdculated. This was the fit-
nessof the cdl genotype used in the evolutionary algorithm.

10 11 12 13 14 15 16 17 18 19
Fig. 3. Best solutionfor task 1 (fitnesstest pointsat time=7 and 9

When the organism produced in task 1 is iterated beyond iteration 9 it begins to
deform alittle (Fig. 3.). However it still remains recognizable & the French flag. In
a further post-evolution experiment the organism in task 1 was sibjeded to severe
damage. Firstly, a large redanguar sedion d the organism at iteration 9 was re-
moved and the organism allowed to develop. Secondy, the white and red sedions
were removed. Fig. 4 shows how the organism is able to reconstruct itself, thoughit
retains me scarring. Note the images changes <de ¢ iteration 13(Figs. 3 and 4.

20

Fig. 4. The organism for task one is damaged bu repairs itself



The second experiment required the esolved organism to produce agrowing (and
always faithful) pattern of blue redanguar spots surrounced by white cdls.

1 2 3 4 5

Fig. 5. A perfed solution for task 2 (single fitnesstest paint at time = 5). The tem-
poral pattern alternates indefinitely between blue spots and an elegant tili ng pettern.

zygote

The third experiment utilized the external environmental signal and required the
evolved arganism to be agrowing Hdue spots pattern when the signal was zero and a
growing red spots pattern when the signal was one. The fitness of the evolved or-
ganism was compared againgt the desired blue and red spots pattern and a fitness
computed in the usual manner. The experimental parameters were: popuation = 5,
generations = 30,000, runs = 10, mutation rate = 1%, max number of multi plexers =
200

o & H B B
zygote 1 2 3 4 5 6

Fig. 6. A perfed solutions for task 3 (fitnesstest points at time =4 and 6

The behaviour of the aaptive organism in task 3 changes when expased to new
environmental signal that it hadn't encourtered duing evolution. Fig. 7 shows that
for an aternating environmental signal (0 then 1 alternately) the organism adopts a
stable but very different behaviour. If the environmental signal takes other temporal
sequences of 0 and 1 much more chaotic behaviour is obtained. If the chemicd is
changed, or the dhemicd program bits ignared, the organisms behaviour can be
radicdly affeded. In the cae of task 3 the chemicd map behaved in a very different
way depending onthe environmental signal. Organisms evolved withou chemicds
were of much lower fitnessand ladked stability. The 18 pograms (see Fig. 1) that
produce eab of these behaviours have been examined and are difficult to interpret.



Given the 83 hinary inpu bits it would be fiendishly difficult for a human designer
to creae programs that mee the defined requirements. Detailed analysis of these
will be pulished in due course.

! 0 1 B ]

zygote 1 2 3 4 5 6

Fig. 7. Behaviour of task 3 arganism with alternating environmental signal

6 Conclusionsand further work

A developmental genotype has been described that can under evolution, and solve
tasks with phenatypes of arbitrary size caable of self-repair and adaptation undbr
global environmental change. In the future, coordinated cdl growth and movement
will be investigated. Careful work remains to be undertaken to examine the role of
chemicads. Future investigations will consider the chemica as energy so that cdl
growth and ceah might become an emergent phenomenon, this might also be help-
ful in establishing a more open ended evolution, where multi-cdlular organisms
fight for survival, thus linking morphdogy with behaviour.
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