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Abstract

The standard approach in evolutionary robotics is to
evolve neural networks for control by encoding the pa-
rameters of the network in the genome. By contrast,
we have evolved a neural controller based on biological
principles from molecular and developmental biology.
The key principles employed in our algorithms model
the speci�c ligand-receptor interactions and gene reg-
ulation. These mechanisms were used to control the
growth of the axons, the generation of synapsesinclud-
ing the synaptic e�ciencies (i.e. the synaptic weights
in a neural network model). The evolved neural net-
work was then transferred to a real robotic system with
results comparable to the onesachieved the simulation.
We hypothesizethat the incorporation of mechanisms of
generegulation potentially leads to more adaptiv e neu-
ral networks, that can help bridging the \realit y gap"
between simulation and the real world.

In tro duction
In order to createan arti�cial evolutionary system(AES)
able to evolve complex neural networks for real robots,
this paper proposesto combine arti�cial evolutionary
techniques with biological principles. Although this
approach is more complicated than a direct encoding
scheme or prede�ned developmental rules, there are a
number of advantages of an AES with developmental
processes(especially continuous ligand-receptor interac-
tions and genetic regulatory networks) that justify their
implementation. In Nature the genomeencodes a pro-
gram of instructions for the development of an organism
(Gerhart & Kirschner 1997), (Wolpert 1998). What is
stored in the DNA is not so much a detailed descrip-
tion of the body and its parts, but how to build it.
The advantage of such an approach is to reduce the
amount of genetic information, the number of param-
eters required to specify the organism. A developmental
program is in this sensesimilar to a data-compression
algorithm program. Instead of storing information of
each individual point of a picture, it stores instructions
on how to re-create the picture with a reduction of in-
formation of at least an order of magnitude (Barnsley
1993). A reduction of the number of parameters in an

AES for the same problem means higher evolvabilit y
and faster convergencetowards a solution. In the litera-
ture other indirect encoding schemesfor arti�cial evolu-
tion were proposed(Fleischer & Barr 1992;Belew 1993;
Cangelosi,Parisi, & Nol� 1994;Gruau & Whitley 1993;
Kitano 1994;Michel & Bondi 1995;Sims 1995;Dellaert
& Beer1996;Vaario & Shimohara1997;Kodjabachian &
Meyer 1998). In contrast to theseapproachesin the pro-
posedmodel the genescontrolled by continuous-valued
regulatory genesthat control the structure of the neu-
ral network as well as the mechanisms for changing the
synaptic weights. Di�eren t developmental mechanisms
(cell division, axonal outgrowth, synaptogenesis,learn-
ing) wereusedto evolvea foveating retina. (By foveating
we mean \image tracking"). The retina which is moved
by two pairs of antagonistic motors has to learn to focus
on an incoming stimulus. The simulations show that the
AES with the proposedencoding schemeis able to �nd
solutions for a non-trivial problem, the foveating task,
that the genetic code is independent of the number of
cells (the number of neuronsand synapsisare much big-
ger than the number of genes)and that the di�eren t de-
velopmental mechanismswork e�ectiv ely together. Fur-
thermore we were able to transfer the evolved foveating
mechanism on a robot arm guided by a CCD-camera.

The Mo del
Figure 1 gives an overview of the general levels of the
AES. The genetic parameters are de�ned on the �rst
level and they are directly changedby the evolutionary
strategy. These parameters do not encode directly the
properties of a neural network, but specify the properties
of the cells (secondlevel) by de�ning the characteristics
of the genesand their regulators and they a�ect the re-
sponseof the genes.The properties of the third (tissue)
and possiblyhigher levels(organs,organisms)are, again,
not directly speci�ed, but have to be created by devel-
opmental processes.To do so the evolution strategy was
used to explore the parameter spacefor those processes
that are able to ful�l a designer speci�ed �tness func-
tion. The useof processesto createstructures instead of
specifying the structure directly has the advantage that
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0.123     2.343
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Figure 1: Schematic overview of the arti�cial evolutionary
system (AES). The schema is divided in three levels of in-
creasing complexity. The �rst level is the parametric level,
the second is the cellular level and the third is the tissue
level. Lev el 1 The parameters of the evolution strategy are
grouped in sets of two and seven parameters to de�ne the
properties of the regulatory units and the structural genes.
Lev el 2 The sum of all regulatory units and structural genes
is the genome. Although all the cells of a tissue or an or-
ganism have the same genome, di�eren t sets of genes can
be active in di�eren t cells and produce di�eren t cell types.
Lev el 3 On the third level the cells have to be able to create
structures ful�lling the speci�ed tasks encoded in the �tness
function.

the encoding needslessgeneticinformation and therefore
decreasesthe search time in the parameter space. The
obvious drawback of this approach is the increasedcom-
putational load for the development. But as the number
of parameters can be decreaseddrastically there is still
an overall advantage, especially for large complexorgan-
isms.

Ov erview of the AES algorithm
Set population size
Set initial genenumber
Create n x n x n grid
Rep eat

Initialize �rst cells
Di�use organizing gradients in the grid
Rep eat

Do for every grid point
Update cell

Update geneactivities
Update geneproducts
Call developmental processes

Update environment
Update di�using signals
Update synapses
Update axons

End Do
Un til designerset end is reached

Calculate �tness
Reproduce and select

Put �tness in sorting table
Sort table
Reproduce the �ttest individuals

Un til stop criterium is ful�lled

The Structural Genes
Seven parameters (all real valued numbers) encode the
properties of each structural gene.

� The �rst parameterdetermineswhat happensif a gene
is activated. In the current implementation an active
geneeither producesa substancesuch as a signalling
moleculeor it can activate a prede�ned function such
as cell division. The designer can choose how many
of these functions he wants to investigate. Section
\ Classesof gene products" enumerates which sub-
stancesand functions were used for the experiments
described in this paper.

� The secondparameter is usedto calculate the proba-
bilit y of an interaction with a partner molecule. This
a�nit y parameter a� determineswhich molecule(sig-
nalling molecule or axonal receptor) interacts with
which partner (regulatory unit or receptor). To each
molecule in the simulation a real valued number and
a function is assigned,which calculates an arti�cial
binding a�nit y betweenthe molecules.This function
is implemented as follows:

a12 = f a� (a� 1; a� 2) = e� � (a� 1 � a� 2 )2
(1)

a� 1, a� 2 are the real valued numbers representing
the geometricproperties of the substancesand are en-
coded in the parameter set of the evolutionary strat-
egy. � is the a�nit y parameter with positive values.
If � is high, the two substanceshave to be very similar
(i.e.a� 1 � a� 2) to get a high functional f a� value, if
� is low, the substancescan be more di�eren t to still
get high f a� values. Molecules compete for a dock-
ing site (cis-regulator, receptor) and their successof
binding dependson the a�nit y betweenthe molecule
and the docking site and on the concentrations of the
competitors.

� The third parameter determinesthe sign of the e�ect
eij , i.e. inhibitory or excitatory.

� The fourth parameter speci�es the threshold #. This
parameter determineshow high the sum of the prod-
ucts of all the a�nities aij between the signalling
molecules and the regulators times their concentra-
tions hasto be in order to turn on or o� the associated
structural gene.

� The �fth parameter designatesthe decay di rate for
the product.
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� The sixth parameter is used to store the a�nit y pa-
rameter �

� The seventh parameter is usedasthe di�usion param-
eter D1

The Regulatory Units
One or several regulatory units control a structural gene.
Regulatory units are switches that control the activit y
of the structural gene. Activ e regulatory units in
uence
the activit y of the structural gene,but only an activated
structural geneis able to generatea responsesuch ascell
migration or the production of a receptor. Two param-
eters are assignedto every regulatory unit:

� an a�nit y a� RU . This parameter has the sameuse
as the a�nit y parameter in a structural gene. A sig-
nalling moleculeis de�ned by the parametersencoded
in the structural gene. Both a�nit y parameters are
used to calculate the probabilit y for an interaction
between a regulator and a signalling molecule. Both
factors are variables of the a�nit y function a� T ot =
f a� (a� T ; a� S ) and its value will in
uence the prob-
abilit y of a gene'sactivation.

� threshold. In order to activate a gene, the product
of the a�nit y a� T ot and the concentration of the sig-
nalling moleculehas to exceedthis value.

Gene Regulation
Whether a given geneat position (i; j; k) in a cell on the
grid will be activated depends on the a�nit y and con-
centration of all the signalling moleculesat that position.
All these in
uences are summed up and if this sum ex-
ceedsthe gene'sthreshold the genewill be activated or
inhibited according to the sign of the e�ect. All these
parameters are varied by the evolutionary strategy and
usedto explore the interaction spacefor useful develop-
mental processesable to solve the designerde�ned tasks.
The geneactivit y of the i-th genedepends on parame-
ters of the structural geneand its regulatory units. The
genetic regulatory mechanism is implemented according
to the following equations:

Gi (csm 0 ; : : : ; csm m ) =
1
2

(1:0 + tanh(x)) (2)

x =
X

j =0

(�( aij csm j � #j ))

�( x) =
�

1:0 : if x > 0
0:0 : otherwise

Where:

� Gi is the activit y of the i-th gene

� tanh(x) is the hyperbolic tangent.

� ai j a�nit y to encode the e�ect between the regula-
tory unit i and the signalling moleculej (also referred
to as transcription factors if they regulate the gene
activit y).

� cSM j concentration of the signalling moleculesj

� � j is a threshold value

� � is a parameter a�ecting the steepnessof �

The regulatory units function as reading heads for the
concentrations of signalling molecules (inside the cell
they are also called transcription factors), which will
then determine the state of a gene.The di�eren tial equa-
tions describing the whole system are:

dgi (x; y; z; t)
dt

=

Gi (csm 0 ; ::; csm m ) + D1r 2gi (x; y; z; t) (3)

where:

� gi (x; y; z; t): concentration of substancei at grid point
(x; y; z) at time t

� m: number of signalling molecules

� D1: di�usion constant

� Gi (cSM 0 ; ::; cSM m ): seeformula (2)

� D1 r 2gi (x; y; z; t): di�usion term

Classes of Gene pro ducts
The activation of a geneleadsto two typesof responses:
Either a simulated molecule is produced or a function
(implemented as a procedure) is executed. The link be-
tweenthe activation of a geneand its responsedepends
on the �rst of the seven parametersof a structural gene.
The following responseswereimplemented for the exper-
iments in this paper:

1. Production of chemical substances

(a) a signalling molecule is produced to communicate
betweenthe cells.

(b) a cell adhesionmolecule(CAM) is producedto con-
nect the current cell to another one.

(c) receptorsare produced for signalling molecules,ax-
ons and synapses.

(d) synapsesbound receptor controlling the synaptic
weight

2. The activation of a genecalls a prede�ned function of
the following types:

(a) cell division
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(b) axonal outgrowth
(c) synaptogenesis

The number of di�eren t substanceclassesas well as the
number of functions is designer speci�ed and depends
on the problem the designer wants to solve. The pos-
sible interactions of a chemical substancewith a part-
ner molecule depend on the a�nit y between them (see
formula 1) and therefore it is possible that a signalling
moleculecan interact with di�eren t partners.

In ter-cellular comm unication and cell
di�eren tiation
By the generegulatory mechanism described above the
AES is able to simulate cell di�eren tiation basedon po-
sitional information of di�usible factors or uneven dis-
tribution of factors inside the cell. Cell di�eren tiation is
the processby which the cells becomedi�eren t because
di�eren t subset of genesare active in them. Depend-
ing on the history of in
uences a cell has been exposed
to, di�eren t subset of geneswill be active and there-
fore di�eren t cell types will emerge. Note that no ge-
netic information is neededto specify the cell type, be-
causethe latter is determined by the inter-cellular com-
munication. (Remember all the cells contain the same
genome!). Signalling moleculesproduced by a cell can
di�use to nearby cells, where they may induce a change
of state of somegenes,which are in
uenced di�eren tly by
the di�eren t concentrations of the signalling molecules.
Note that this communication mechanism depends on
the concentration, the a�nit y of the signalling molecules
aswell as the regulatory units of the genes.The reading
mechanisms(the regulatory units) vary in their a�nit y,
which explains the di�eren t e�ects on the di�eren t cells.
The possibility of a cell group to produce a signalling
moleculeto induce another cell type is an important ex-
ploratory mechanismof the AES. It allowsexploring new
possibilities of communication pathways or neural con-
nections (seeFigure 2).
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Figure 2: Gene activation. Every cell contains a genome
with regulatory units and structural genes. The interactions
between regulatory units and signalling moleculesdetermine
when a gene becomesactive; an active structural gene will
then produce a product such as a receptor or will call a func-
tion such as axonal outgrowth or cell division.

Neurons
In this section mechanisms pertinent to neural growth
and changeof synaptic weights are described.

Axonal Outgro wth The interactions betweenthe ax-
onal receptorsand the signalling moleculesand their re-
spective concentrations determine the direction of the
next move an axon will undertake. The e�ect of the in-
teractions betweenreceptorsand signalling moleculesat
a position (x; y; z) is calculated as follows:

I i =
1

1 + e� (
P n

i =1 ! i;j r i sj � � i )
(4)

I i = I i (w; r; s; x; y; z; t) is the in
uence of signalling
molecules on the i-th receptor at location (x; y; z) on
the grid at time t. The in
uence is a function of the
ligand-receptor interactions and their respective concen-
trations. r i is the concentration of the i -th receptor at
position (x; y; z) and time t, sj the concentration of the
j -th signalling molecule at position (x; y; z) and time t,
! i;j the a�nit y betweensignalling moleculei and the re-
ceptor j and � i is a threshold. This formula is calculated
in a user-speci�ed range around the current location of
the axons,and the next position of the axon on the grid
will be in the direction of the biggest in
uence. The ax-
ons are able to read gradients of chemicalsand avoid or
approach them by reading the concentration di�erences
locally. If an axons �nds a cell with matching receptors
a link is established.

Neuronal Activit y Standard arti�cial neurons were
used in the model and their activities were calculated
according to the following formula:

Si = � (
nX

i =1

! i;j Sj � �) + noise (5)

Si activit y of the i-th neuron, ! i;j synaptic weight be-
tween the i-th and the j-th neuron, � is the threshold
and � is the sigmoidal function � (x) = 1

1+ e� x .
The noise term is a randomly added value to allow for
spontaneousneural activit y.

Con trol of the Synaptic W eigh ts The change of
the synaptic weight depends on speci�c molecular in-
teractions. The synapsescan expressreceptors whose
activit y is proportional to the synaptic weight change.
One or more receptors can control the weight change
and therefore the AES is able to evolve sophisticated
learning rules without pre-de�ning rules how to apply
them.

� ! i;j = (� recN i recSyn i
recA j � d)! i;j (6)

Where ! i;j is the synaptic weight, � the rate of weight
change, recN i the receptor activit y speci�c for a sig-
nalling moleculeN i , recSyn i

the receptor activit y for the
synapsei , recA j represents the activit y of neuron j and
d the decay rate of the synaptic weight.


