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Abstract. In this paper we present a novel general framework for en-
coding and evolving networks called Common Genetic Encoding (CGE)
that can be applied to both direct and indirect encoding methods. The
encoding has important properties that makes it suitable for evolving
neural networks: (1) It is complete in that it is able to represent all types
of valid phenotype networks. (2) It is closed, i. e. every valid genotype
represents a valid phenotype. Similarly, the encoding is closed under ge-
netic operators such as structural mutation and crossover that act upon
the genotype. Moreover, the encoding’s genotype can be seen as a com-
position of several subgenomes, which makes it to inherently support the
evolution of modular networks in both direct and indirect encoding cases.
To demonstrate our encoding, we present an experiment where direct en-
coding is used to learn the dynamic model of a two-link arm robot. We
also provide an illustration of how the indirect-encoding features of CGE
can be used in the area of artificial embryogeny.

1 Introduction

A meaningful combination of the principles of neural networks and evolutionary
computation is useful for designing agents that learn and adapt to their envi-
ronment through interaction. One step towards achieving such a combination
involves the design of a flexible genetic encoding that is suitable for evolving
networks using both direct and indirect encoding methods. To our knowledge,
CGE is the first genetic encoding that tries to consider both direct and indirect
encoding of networks under the same theoretical framework. In addition to sup-
porting both types of genetic encodings, CGE has some important properties
that makes it suitable for encoding and evolving neural networks.

The paper is organized as follows: First, a detailed review of work in the area of
Evolution of Artificial Neural Networks (EANNs) is given. Next, a description
of CGE is provided. We then present an experiment in learning the dynamic
model of a two-link arm robot, and illustrate how CGE can be used for artificial
embryogeny. After this, a comparison of CGE to other genetic encodings is made.
Finally, some conclusions and a future outlook is provided.
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2 Review of Work in Evolution of Artificial Neural
Networks

The field of EANNs can be divided into two major areas of research: the evolu-
tion of connection weights, and the evolution of both structure and connection
weights. In the first area, the structure of neural networks is fixed before the evo-
lution begins. In the second area, both the structure and the connection weights
are determined automatically during the evolutionary process. Since the evolu-
tion of connection weights is not interesting in the context of this paper, we will
give only a review to relevant work in the second area. For a detailed review of
the work in the evolution of neural networks see Yao [19].

Angeline et al. developed a system called GNARL (GeNeralized Acquisition
of Recurrent Links) which uses only structural mutation of the topology, and
parametric mutations of the weights as genetic search operators [1]. The main
problem with this method is that genomes may end up in many extraneous dis-
connected structures that have no contribution to the solution. The Neuroevo-
lution of Augmenting Topologies (NEAT) [17] evolves both the structure and
weights of neural networks. It starts with networks of minimal structures and
increases their complexity along the evolution path. The algorithm keeps track
of the historical origin of every gene that is introduced through structural mu-
tation. This history is used by a specially designed crossover operator to match
genomes which encode different network topologies. Unlike GNARL, NEAT does
not use self-adaptation of mutation step-sizes. Instead, each connection weight
is perturbed with a fixed probability by adding a floating point number chosen
from a uniform distribution of positive and negative values.

Kitano’s grammar based encoding of neural networks uses Lindenmayer sys-
tems (L-systems) [12] to describe the morphogenesis of linear and branching
structures in plants [10]. Sendhoff et al. extended Kitano’s grammar encoding
with a recursive encoding of modular neural networks [16]. Their system pro-
vides a means of initializing the network weights, whereas in Kitano’s grammar
based encoding, there is no direct way of representing the connection weights
of neural networks in the genome. Gruau’s Cellular Encoding (CE) method is a
language for local graph transformations that controls the division of cells which
grow into an artificial neural network [5]. The genetic representations in CE are
compact because genes can be reused several times during the development of
the network and this saves space in the genome since not every connection and
node needs to be explicitly specified in the genome. Defining a crossover operator
for CE is still difficult, and it is not easy to analyze how crossover affects the
subfunctions in CE encoding since they are not explicitly represented. Vaario et
al. have developed a biologically inspired neural growth based on diffusion field
modeling combined with genetic factors for controlling the growth of the network
[18]. One weak point of this method is that it cannot generate networks with
recurrent connections or networks with connections between neurons on different
branches of the resulting tree structure. Nolfi and Parisi have modelled biologi-
cal development at the chemical level using a reaction-diffusion model [14]. This
method utilizes growth to create connectivity without explicitly describing each
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connection in the phenotype. The complexity of a structure that the genome
can represent is limited since every neuron is directly specified in the genome.
Other work in indirect encoding have borrowed ideas from systems biology, and
simulated Genetic Regulatory Networks (GRNs), in which genes produce signals
that either activate or inhibit other genes in the genome. Typical works using
GRNs include those of Dellaert and Beer [4], Jakobi [7], Bongard and Pfeifer [3],
and Bentley and Kumar [2].

3 Common Genetic Encoding (CGE)

A genotype in CGE is a sequence of genes that can take one of three different
forms: a vertex gene, an input gene, or a jumper gene. A vertex gene encodes
a vertex of a network, an input gene encodes an input to the network, and a
jumper gene encodes a connection between two vertices. A particular jumper
gene can either be a forward or a recurrent jumper gene. A forward jumper
gene represents a connection starting from a vertex gene with higher depth1

and ending at a vertex with lower or same depth. A recurrent jumper gene
represents a connection between two vertices with arbitrary depths. Depending
on whether the encoding is interpreted directly or indirectly, the vertex genes
can store different information such as weights wi ∈ R (e.g. when the encoded
network is interpreted directly as a neural network) or operator type (e.g. when
the encoded network is indirectly mapped to a phenotype network).

A genotype g = [x1, ..., xN ] ∈ G is defined as a sequence of genes xi ∈ X , where
G is the set of all valid genotypes, and X = V ∪I ∪JF ∪JR. V is a set of vertex
genes, I is a set of input genes, and JF and JR are sets of forward and recurrent
jumper genes, respectively. For a gene x and a genotype g = [x1, . . . , xN ] we say
x ∈ g iff ∃ 0 < i ≤ N : x = xi. To each vertex gene there is an associated
unique identity number id ∈ N0 and to each input gene there is an associated
label, where input genes with the same label refer to the same input. The set of
identity numbers and the set of labels are disjoint. Each vertex gene xi stores a
value din(xi), which can be interpreted as the number of expected inputs (i. e.,
the number of arguments of xi). A forward or a recurrent jumper gene stores
the identity number of its source vertex gene. Two genes xi ∈ g1 and xj ∈ g2

are considered to be equal if the following condition is satisfied:

xi = xj ⇔

(xi ∈ V ∧ xj ∈ V ∧ xi.id = xj .id)
∨ (xi ∈ I ∧ xj ∈ I ∧ xi.label = xj .label)
∨ (xi ∈ JF ∧ xj ∈ JF ∧ xi.source id = xj .source id)
∨ (xi ∈ JR ∧ xj ∈ JR ∧ xi.source id = xj .source id)

(1)

There are different functions defined on the genes of a genotype that can be
used for determining properties of the genotypes during the evolutionary run.
The first function v : X −→ Z defined as

v(xi) =

{
1 − din(xi), if xi ∈ V
1, if xi /∈ V

(2)

1 For a formal definition of a gene’s depth, see Equation 6.
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can be interpreted as the number of implicitly produced outputs (which is always
1) minus the number of expected inputs by the gene xi. This function allows us
to define the sum

sK =
K−1∑
i=1

v(xi), (3)

where K ∈ {1, . . . , N + 1}. Note that this definition implies s1 = 0. Based on
this, we define the set of output vertex genes as

Vo = {xj ∈ g |xj ∈ V ∧ (si < sj ∀ i : 0 < i < j)} (4)

and the set of non-output vertex genes as Vno = V − Vo.
We consider a subsequence gl,m = [xl, xl+1, . . . , xl+m−1] of g to be a

subgenome of a genotype g if xl ∈ V and sl,m =
l+m−1∑

i=l

v(xi) = 1. Subgenomes are

an important concept in CGE, because they make it possible to treat developed
phenotype structures as a composition of phenotype substructures that corre-
spond to the subgenomes, and because of this, they allow the genetic encoding
to inherently support the evolution of modular neural networks.

We can define a hierarchy-relationship between the genes in a genotype by
the function parent : X −→ V ∪ ∅

parent(xj) =

{
∅, if (si < sj ∀ i : 0 < i < j)
xi, if si ≥ sj and sk < sj ∀ k : 0 < i < k < j

. (5)

From equations (4) and (5), it follows that for an output vertex gene xj ,
parent(xj) = ∅. The output of a gene xj acts implicitly as an input for
parent(xj). The depth of a vertex gene is defined as the minimal topological
distance (i.e. minimal number of connections to be traversed) from an output
vertex of the network to the vertex itself, where the path contains only implicit
connections. This is defined mathematically by the function depth : V −→ N

depth(xj) =

{
0 if parent(xj) = ∅
depth(parent(xj)) + 1, otherwise

. (6)

Table 1 shows an example of a genotype encoding the neural network shown in
Figure 1 along with the resulting values of the above-defined functions.

We consider two genotypes g1 and g2 to be equivalent if and only if there
is a one-to-one correspondence between them, i. e. ∀xi ∈ g1 ∃xj ∈ g2 : xi =
xj ∧ parent(xi) = parent(xj), and ∀xj ∈ g2 ∃xi ∈ g1 : xi = xj ∧ parent(xi) =
parent(xj). The equivalence criterion between two genotypes can be used to
lessen the competing convention problem [15] that is encountered during the
evolution of neural networks. A newly generated genotype is tested against all
existing genotypes before it is added to the population. If there is an already
existing equivalent genotype, the newly generated genotype will not be added to
the population.
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Fig. 1. An example of a valid phenotype with two output vertices (0 and 4), and three
input vertices (x, y and z)

The following five criteria must be fullfilled for a genotype g = [x1, ..., xN ] to
be considered a valid genotype, i. e. g ∈ G:

1. Each vertex gene xi ∈ V must have at least one input: din(xi) > 0.
2. There can be no closed loops of forward jumper connection genes in g.
3. There is no forward jumper gene whose source vertex depth is less than the

depth of its target vertex.
4. For a gene xk ∈ g, sk < sN+1, ∀ k ∈ {1, ..., N}.
5. For every xk ∈ g: parent(xk) = ∅ ⇒ xk ∈ V .

A vertex gene xi with din(xi) = 0 has no input and would always yield the
same result. Because of this, such a vertex is not allowed (criterion 1). The
second and third criteria together guarantee that the evaluation of a phenotype
in the direct encoding case or the development process of a phenotype in the
indirect encoding case can be completed in a finite amount of time (i. e. there are
no infinite loops). The last two criteria together ensure that the sum of outputs
produced by all genes in g minus the sum of all expected inputs is equal to
the number of outputs of the corresponding phenotype network. We denote the
set of phenotypes represented by CGE genotypes with PCGE. The development
function D : G −→ PCGE formalizes a process that creates for every valid
genotype g = [x1, ..., xN ] ∈ G a corresponding phenotype p ∈ PCGE .

We have designed three kinds of genetic operators for the use in CGE: para-
metric mutation, structural mutation and structural crossover. The genetic op-
erators to be used in CGE are designed so that the resulting genotypes they
produce fulfill the 5 criteria stated above. A parametric mutation PA : G −→ G
changes only the values of the parameters included in the genes (e.g. the weights
wi). The order of the genes in g and PA(g) remains the same. An example of
a structural mutation operator ST : G −→ G that fulfills the above criteria is
defined as follows: when ST operates on a genotype, it either inserts a recurrent
jumper gene, or a subgenome after a vertex gene xi, and the number of inputs
din(xi) will be increased by one. The source vertex of a recurrent jumper can
be chosen arbitrarily. The subgenome consists of a vertex gene xk followed by
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Table 1. The phenotype in Figure 1 is encoded by the genotype shown in this table.
For each gene xi of the genotype, the gene’s defined properties and the values of various
functions which operate on the gene are summarized. In the allele row, V denotes a
vertex gene, I an input gene, JF a forward jumper gene, and JR a recurrent jumper
gene. The source row shows the id of the source vertex of a jumper gene and the parent
row shows the id of the parent gene.

gene x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12 x13 x14 x15 x16

allele V V V I I I V JF I I JR V JF V I I

id 0 1 3 - - - 2 - - - - 4 - 5 - -

source - - - - - - - 3 - - 0 - 2 - - -

label - - - x y y - - x y - - - - y z

weight 0.6 0.8 0.9 0.1 0.4 0.5 0.2 0.3 0.7 0.8 0.2 0.9 0.2 1.3 2.0 -1.0

din 2 2 2 - - - 4 - - - - 2 - 2 - -

v -1 -1 -1 1 1 1 -3 1 1 1 1 -1 1 -1 1 1

s 0 -1 -2 -3 -2 -1 0 -3 -2 -1 0 1 0 1 0 1

parent ∅ 0 1 3 3 1 0 2 2 2 2 ∅ 4 4 5 5

depth 0 1 2 - - - 1 - - - - 0 - 1 - -

an arbitrary number M > 0 of inputs or forward jumper genes. The number of
inputs din to xk is set to M and its depth is set to depth(xi) + 1. The depth
of the source vertex of a forward jumper gene connected to xk is not allowed to
have a depth less than the depth of xk. A good example of a crossover opera-
tor CR : G × G −→ G that can be used with CGE is the operator introduced
by Stanley [17]. This operator aligns two genomes encoding different network
topologies, and creates a new structure that combines the overlapping parts of
the two parents as well as their differing parts. The id’s that are stored in vertex
and jumper genes, and the labels that are stored in input genes, are used to align
genomes.

4 Properties of the Encoding

In this section, we list some of the properties of the genetic encoding that makes
it suitable for evolving neural networks. Formal proofs of these properties are
given in [9]. The first property given by Proposition 1 reinforces the fourth and
the fifth criterion listed in Section 3.

Proposition 1. For a valid genotype g ∈ G, the number of expected inputs by all
vertex genes

∑
xi∈g∧xi∈V

din(xi) is equal to |(Vno ∪I ∪JF ∪JR)|, i. e. the number

of non-output vertex genes.

The second property given by Proposition 2 relates the sum sN+1 =
∑N

i=1 v(xi)
to the number of output vertex genes in a valid genotype.

Proposition 2. For g = [x1, ..., xN ] ∈ G with N genes, sN+1 is equal to the
number of output vertex genes |Vo| in g.
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This property can be used as a checksum while performing an implicit evaluation
of a direct encoded phenotype, or during the development process of an indirect
encoded phenotype.

The following three important properties of the genetic encoding make it
suitable for evolving neural networks.

Proposition 3. (Completeness of G with respect to D) Every valid phe-
notype p ∈ PCGE can be represented by a genotype, i. e. D is surjective:
∀ p ∈ PCGE ∃ g ∈ G : D(g) = p.

This proposition conveys that for every valid phenotype, there is a valid genotype
that represents this phenotype (with respect to the development function D).

Proposition 4. (Closure of D) The development function maps every valid
genotype to a valid phenotype: ∀ g ∈ G : D(g) ∈ PCGE.

The closure of D guarantees the generation of genotypes whose evaluation strat-
egy (in the case of direct encoding) or development process (in the case of indirect
encoding) terminates in a finite amount of time.

Proposition 5. (Closure of G under genetic operators) The set of geno-
types G is closed under the mutation operators PA and ST : PA(g) ∈ G and
ST (g) ∈ G ∀ g ∈ G. Furthermore, it is closed under the crossover operator CR:
CR(g1, g2) ∈ G ∀ g1,g2 ∈ G.

Proposition 5 emphasizes that the genetic operators are designed so that their
output genotypes satisfy the validity criteria listed in Section 3.

5 CGE for Direct Encoding Case

In the direct encoding case, the phenotypes which can be represented by the
valid genotypes are defined as follows: each valid phenotype p ∈ PCGE is a
directed graph structure p = (V, E) consisting of a set of vertices V and a set
of directed edges E. The set of edges E is partitioned into two subsets: the set
of forward connections EF , and the set of recurrent connections ER. For each
p = (V, EF ∪ ER) ∈ PCGE, the subgraph pF = (V, EF ) is always a directed
acyclic graph (DAG). The set ER can be an arbitrary subset of V × V .

The development function D : G −→ PCGE creates for every valid genotype
g = [x1, ..., xN ] ∈ G a corresponding phenotype p ∈ PCGE. In the direct encoding
case, for each xi ∈ V , p contains exactly one vertex x̂i, which has the same
identity number as xi, and for each recurrent jumper gene xi, there is an edge
e ∈ ER from a vertex whose id is equal to that of xi’s source vertex id to the
vertex in p whose id is equal to that of parent(xi). In the same way, for each
xi ∈ JF there is a corresponding forward connection in EF . For each xi ∈ I,
EF contains a forward connection from the vertex having xi’s label as id2 to the
2 There may be several labels possessing the same value for different input vertices,

but for each unique label, there exists only one vertex in p whose id corresponds to
that label.
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vertex with the same id as parent(xi). Additionally, there are connections in EF

that are not explicitly represented in g. Each non-output vertex gene xi ∈ Vno

has an implicit forward connection with its parent vertex parent(xi).
The evaluation function evaluates the developed phenotype p ∈ PCGE. D(g)

can be interpreted as an artificial neural network in the following way: all input
vertices of D(g) are considered as inputs of the network and all other vertices as
neuron nodes. The vertices corresponding to an output vertex gene in g are the
output neurons of the network. Each forward and recurrent connection causes the
output of its source neuron to be treated as an input of its target neuron. Each
artificial neuron stores its last output oi(t−1). Let x̂i be a neuron with incoming
forward connections from the inputs x̂1, ..., x̂k and the neurons x̂k+1, ..., x̂l, and
the incoming recurrent connections from neurons x̂l+1, ..., x̂m. For an arbitrarily
chosen transfer function ϕ, the current output oi(t) of the neuron x̂i is computed
using

oi(t) = ϕ(
k∑

j=1

wjIj(t) +
l∑

j=k+1

wjoj(t) +
m∑

j=l+1

wjoj(t − 1)), (7)

where the values of Ij(t) represent the inputs of the neural network. If the
network has p inputs and q output neurons, we can define E as a function which
takes the phenotype D(g) and p real input values, and produces q real output
values, i.e. E : PCGE ×R

p −→ R
q. A nice feature of CGE in the direct encoding

case is that it allows an implicit evaluation of the encoded phenotype without the
need to decode this phenotype from the genotype via D [8]. For this purpose, we
consider the ordering of the genes in the CGE encoding to be inverted (i. e. from
right to left) and evaluate it according to the Reverse Polish Notation (RPN)
scheme, where the operands (input genes and jumper genes) come before the
operators (vertex genes).

5.1 Exploitation and Exploration of Structures

The evolution of neural networks starts with the generation of the initial
genomes. The complexity of the initial genomes is determined by the domain
expert and is specified by the maximum depth that can be assumed by the
genomes. It then exploits the structures that are already in the system. By
exploitation, we mean optimization of the weights of the structures. This is ac-
complished by an evolutionary process that occurs at smaller time-scale. The
evolutionary process at smaller time-scale uses parametric mutation as a search
operator. An example of the exploitation process is shown in Figure 2. Explo-
ration of structures is done through structural mutation and crossover operator.
The structural selection operator that occurs at larger time-scale selects the first
half of the structures (species) to form the next generation. Since sub-networks
that are introduced are not removed, there is a gradual increase in the num-
ber of structures and their complexity along the evolution path. This allows the
meta-level evolutionary process to search for a solution starting from a neural
network with minimum structural complexity specified by the domain expert.
The search stops when a neural network with the necessary optimal structure
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Fig. 2. The weight trajectory of a genome while it is being exploited. The quantities
t and t + 1 are time units with respect to the larger time-scale. The weights of the
existing structures are optimized between two consecutive time units with respect to
the larger time-scale. The point clouds at t and t + 1 show populations of individuals
from the same structure.

that solves a given task is obtained. The details of the exploitation and explo-
ration of structures can be found in [8].

5.2 Learning the Dynamic Model of a Robot Manipulator

The purpose of this experiment is to demonstrate the flexibility of a CGE en-
coding in solving a learning task. We will illustrate how the modular property
of the encoding can be exploited in solving a given task in a divide and conquer
strategy manner. Given an initial state of a mechanical structure (i.e. displace-
ments q(0) and velocities q̇(0) of the joints) and the time history of torques τ(t)
acting at joints, the direct dynamic model allows one to predict the resulting
motion q(t) in joint space. With this information and the direct kinematic model,
a prediction of the trajectory x(t) in Cartesian coordinates can be performed.
For our experiment, the two-link planar arm shown in Figure 3 was used. The
dynamic equation of the two-link arm [11] is used to simulate the robot. The
learning system can observe the initial state s(0) = [q(0), q̇(0)] and q(t) for t
between 0 and 1 sec. For a given initial state s(0), the learning system sends the
robot arm the torque pair (τ1, τ2) for the time between 0 and 1 sec, and records
the resulting motion parameters q1(t) and q2(t). For a given torque pair (τ1, τ2),
the resulting motion parameters are approximated by polynomials of degree 4
given by q1(t) =

∑4
k=0 aktk and q2(t) =

∑4
k=0 bktk. The polynomial approxima-

tion allows the velocities to be directly calculated, where the velocities are given
by q̇1(t) =

∑4
k=1 k ∗ aktk−1 and q̇2(t) =

∑4
k=1 k ∗ bktk−1. The genotype that

represents the solution g = [g1, g2] is made up of two subgenomes g1 and g2 each
representing the motion parameters. To get an idea of how the genotype look
like, we will explain the the subgenome g1 in detail corresponding to the first
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Fig. 3. A two-link planar arm robot used for our experiment

motion parameter q1(t). The polynomial approximation of q1(t) can be written
as

q1(t) =
4∑

k=0

aktk = a0 + t(a1 + t(a2 + t(a3 + a4t))), (8)

where each of the coefficients ai is represented by a neural network
Mi(τ1, τ2, q(0), q̇(0)) whose output can be computed by equation (7). If we intro-
duce two additional vertex genes V ∗ and V +, which take the product and the
sum of their arguments respectively, we can represent the polynomial approx-
imation in CGE genotype easily. Table 2 shows the first subgenome g1, where
Mi is a subgenome dedicated to coefficient ai. Note that a subgenome Mi is
assigned v(xi) = 1 since the sum sl,m for a subgenome is always one. A depth is
also assigned to the subgenome Mi since by definition subgenomes start with a
vertex gene.

Table 2. A genotype representing the first subgenome g1

gene x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12 x13 x14 x15 x16 x17

allele V + M0 V ∗ I V + M1 V ∗ I V + M2 V ∗ I V + M3 V ∗ I M4

id 0 - 1 - 2 - 3 - 4 - 5 - 6 - 7 - -

source - - - - - - - - - - - - - - - - -

label - - - t - - - t - - - t - - - t -

weight - - - - - - - - - - - - - - - - -

din 2 - 2 - 2 - 2 - 2 - 2 - 2 - 2 - -

v -1 1 -1 1 -1 1 -1 1 -1 1 -1 1 -1 1 -1 1 1

s 0 -1 0 -1 0 -1 0 -1 0 -1 0 -1 0 -1 0 -1 0

parent ∅ 0 0 1 1 2 2 3 3 4 4 5 5 6 6 7 7

depth 0 1 1 - 2 3 3 - 4 5 5 - 6 7 7 - 8

The learning process evolves each subgenome Mi independently using the
meta-level evolutionary process discussed in Section 5.1. For the exploitation of
structures the CMAES [6] algorithm developed by Hansen and Ostermeier is
used. The parameters of the evolutionary process are set as follows: (1) Torque
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Fig. 4. Actual and predicted values for q1(t). (a) q1(t) for τ1 = 0.05, τ2 = 0.05, q1(0) =
0, and q̇1(0) = 0. (b) q1(t) for τ1 = 0.05, τ2 = 0, q1(0) = 0, and q̇1(0) = 0.

values are kept between -0.05 and 0.05 Nm. (2) Robot parameters are set to
m1 = 0.05 Kg, m2 = 0.05 Kg, l1 = 0.25 m and l2 = 0.25m. (3) Crossover
operator is turned off. (4) Structural mutation is turned on with probability 0.3
(5) Minimal initial structure for each subgenome Mi is set to have one output
vertex gene connected to inputs τ1, τ2, q(0) and q̇(0). After learning the dynamic
model of the robot, we tested it on unseen data. The performance of the learned
model in predicting the motion parameters q1(t) and q2(t) is satisfactory. Figure
4 shows sample comparisons between actual and predicted values for q1(t).

6 CGE for Artificial Embryogeny

The term embryogeny refers to the growth process which defines how a genotype
maps onto a phenotype. Bentley and Kumar [2] identified three different types of
embryogenies that have been used in evolutionary systems: external, explicit and
implicit. External means that the developmental process (i. e. the embryogeny)
itself is not subjected to evolution but is hand-designed and defined globally and
externally to the genotypes. In explicit (evolved) embryogeny the developmental
process itself is explicitly specified in the genotypes, and thus it is affected by
the evolutionary process. Usually, the embryogeny is represented in the genotype
as a tree-like structure following the paradigm of genetic programming. The
third kind of embryogeny is implicit embryogeny, which comprises neither an
external nor an explicit internal specification of the growth process. Instead, the
embryogeny ”emerges” implicitly from the interaction and activation patterns
of the different genes. This kind of embryogeny has the strongest resemblance to
the process of natural evolution. A popular example of an implicit embryogeny
is the Genetic Regulatory Network (GRN) [3,4]. In this section, we illustrate
how CGE can be used to encode an explicit embryogeny.

In explicit embryogeny schemes, a genotype contains a program that describes
the developmental process. Most of these programs are represented as tree-like



216 Y. Kassahun et al.

structures, where each node of the tree contains an elementary instruction (like
adding/removing an entity to the phenotype, conditional statements, iteration, a
subroutine call, etc.) and (optionally) parameters for these instructions. During
the development process, a tree is traversed (usually either in a breadth-first
or depth-first manner) and the instruction contained in the current tree node is
executed. Thus, while performing the tree traversal, the phenotype is grown step-
by-step. Alternatively, the instructions can be contained in the edges of the tree
and be carried out when the corresponding edge is traversed. This alternative is
equivalent to the case in which instructions are contained in the nodes. For the
following example, therefore, we consider only the case in which the instructions
are contained in the nodes.

For an encoding to be used for an explicit embryogeny scheme, it should pos-
sess the following features: (1) The encoding should be able to encode a tree
structure. (2) A gene which encodes a node should contain an instruction as well
as a set of parameters for this instruction. (3) The genetic operators must pro-
duce only offspring-genotypes which encode tree structures. Since the structures
which can be encoded by a CGE-genotype are a superset of the set of all tree
structures, one can fulfill the three conditions stated above by slight simplifica-
tions (modifications) of a CGE genotype. The first simplification is to do away
with the need for input and jumper genes. In the original definition of CGE, each
gene contains a weight. If CGE shall be used for explicit embryogeny, one must
replace that weight by an arbitrary number of other parameters, which need not
to be restricted to the domain of real numbers. The structural mutation opera-
tor must be changed in the following manner: instead of introducing recurrent
jumper genes, forward jumper genes or input genes, it simply adds a new vertex
gene in the genotype and increases the number of inputs of the vertex gene pre-
ceding the newly added gene. The parametric mutation operator itself remains
largely unchanged - only the fields on which it operates are different: instead of
modifying weights, it modifies now all parameters included in a gene, choosing
the values from the domain which is associated with this kind of parameter. The
crossover remains unchanged since it produces offspring which remains in the
domain of tree structures.

Kassahun et al. [9] have shown a way of encapsulating the edge encoding of
Luke and Spector [13] into a CGE genotype. Thus, the basic ability of CGE
to perform explicit (evolved) embryogeny has already been presented. However,
since the edge encoding is an encoding scheme for neural networks, the phenotype
remains in the domain of neural networks. In the following, we present a simple
way of evolving phenotypes from other domains. For illustration purpose we use
binary images I = {0, 1}128×128 as phenotypes. Each vertex gene of a genotype
to be used contains one of the instructions {LEFT, RIGHT, UP, DOWN} and
a binary parameter f ∈ {0, 1}. The growth process is as follows: Initially, all
pixels of I are equal to 0 (i. e. white) and a virtual cursor points to the pixel
with coordinates x = 0, y = 0. Then, a depth first traversal is performed and the
instructions are executed as follows: If the instruction is LEFT , set x = x − 1
MOD 128 and I[x][y] = f . If the instruction is RIGHT , set x = x+1 MOD 128
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Fig. 5. The figure shows a genotype and the corresponding phenotype showing the
letters ”KI”. The genotype is shown as a tree-like structure, which can be easily rep-
resented as a string of genes if the tree is traversed in a depth-first manner. The value
of f is shown in parentheses. The phenotype is a binary image, where the pixel with a
coordinate x = 0, y = 0 is in the upper left corner of the image.

and I[x][y] = f . If the instruction is UP , set y = y−1 MOD 128 and I[x][y] = f .
If the instruction is DOWN , set x = y + 1 MOD 128 and I[x][y] = f . When
traversing the instruction in the other direction (on the way back), the original
cursor is restored: For example when traversing a LEFT instruction on the
way back, we set x = x + 1 MOD 128. Figure 5 shows a genotype and the
corresponding phenotype KI.

7 Comparison of CGE to Other Genetic Encodings

In this section, a comparison among some genetic encodings developed so far and
CGE with respect to the completeness, closure, modularity properties and some
additional features is given. Table 3 shows comparison among some representa-
tive genetic encodings developed so far. For the direct encoding case, the ”eval-

Table 3. Comparison among some representative genetic encodings and CGE. G,
N, CE, and E stand for GNARL, NEAT, Cellular Encoding, and Edge Encoding,
respectively.

Property G N CE E CGE

Completeness
√ √ √ √ √

Closure × √ √ √ √
Modularity × × √ √ √
Support both direct and indirect encoding × × × × √
Evaluation without decoding (direct encoding case) × × × × √
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uation without decoding” feature of CGE eliminates a step in the phenotype-
development process that would otherwise require a significant amount of time,
especially for large and complex phenotype networks.

8 Conclusion and Outlook

A flexible genetic encoding that is both complete and closed, and which is suit-
able for both direct and indirect genetic encoding of networks has been presented.
Since the encoding’s genotypes can be seen as having several subgenomes, it in-
herently supports the evolution of modular networks in both direct and indirect
encoding cases. Additionally, in the direct encoding case, the genotype has the
added benefit of being able to evaluate a phenotype without the need to first
decode it from the genotype.

In the future, we will investigate the design of indirect encoding operators
which can achieve compact representations and significantly reduce the search
space. We also believe that there is much work to be done in designing genetic
operators. In particular, there is a need for genetic operators whose offspring
remain in the locus of similarity to their parents in both structural and para-
metric spaces. More efficient evolution of complex structures would be facilitated
by such operators.
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