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Abstract
Artificial systems often target organisms or systems with some kind of
functionality. Taking inspiration from the cellular nature of its biological
counterpart or at a more abstract level, we are in a position to investigate
developmental mappings through a cellular or a non-cellular approach. This
would lead to a discrete separation of the intermediate phenotype and their
computational structures. In this paper, we investigate sparsely connected,
simple computational elements that exist in specific architectures (i.e.,
Boolean network, Cellular automata, Artificial neural network and Cellular
neural network), used in developmental settings. In addition, we present an
analysis of the possibilities and constraints involved in the development of
such computational elements in the targeted architectures focusing on the
form, functionality and the inherent biological properties.

1

Introduction

Recently developmental approaches have once again come to the front in the area of
bio-inspired systems. The motivation for moving towards developmental system is
multitudinous ranging from early work on self-reproduction [30], to more recent attempts
in overcoming limitations in Evolutionary Computation (EC) (e.g., scaling) [14] or
towards a desire to include properties inherent in living organisms that may be favorable
for artificial systems (e.g., robustness)[18].
A developmental approach in EC includes an indirect mapping from genotype to
phenotype. In biological development an initial unit—a cell, holds the building plan
(DNA) for an organism. It is important to note that this plan is generative—it describes
how to build the system not what the system will look like. It is of equal importance to
note that the information carried in the initial cell is not the only source of information
determining the outcome of the developmental process. Furthermore, the emergence of a
possible organism is a product of the information in the genome, the environment in which
is currently present and possible intermediate phenotypic and behavioral properties that
can be exploited by the developmental process [21].
This paper was presented at the NIK-2009 conference; see http://www.nik.no/.

The developmental mapping from genotype to phenotype can include various
techniques and methods ranging from rewriting systems (e.g., L-systems) [15], to cellular
approaches where the genome is present and processed autonomously in every cell [24].
Furthermore, the information available to the mapping process can be varied from systems
depending only on the genotype and an axiom [2], to systems including environmental
information where exploitation of this information may be included in the creation of the
phenotypic structure and behavior [29].

(a) Development of a structure with functional requirements
for width and mechanical stress. Eight snapshots of the
developmental process shown. Taken from [25].
Inputs

+

DUP

-

DUP

-

+

*

Output

Inputs

DUP

-

*

Output

(b) Development of a computational function. Evaluation is
based on the computational function rather than the form of
the organism. Two intermediate developmental steps shown.
Taken from [11].

Figure 1: Development of structures
Artificial systems including developmental approaches mainly target organisms or
systems with some kind of functionality. Functionality in this context may not be
restricted to traditional/untraditional computational tasks. Target functionality may
include systems aiming to solve e.g., a structural problem. Such problems may be
mechanical structures with a weight/stress function [25]. Figure 1, illustrates the
difference between the development of structural functions and computational functions.
Figure 1(a), shows the development of a mechanical structure. Specifically, it
demonstrates how a cellular structure can grow to an artifact that can support weights
placed on the added top plate; shown in the last developmental step. In this approach, the
structure itself is the target. Figure 1(b), shows a system aiming for a given computational
function. The example is taken from the work on self-modifying functions [11]. The goal
herein is a computational function, i.e., modification of data. As such, the functionality
of the system is given by the computational function of the nodes and their connections.
This work is part of developing an artificial organism capable of performing a complex
computation. To achieve this goal, there is a need for a developmental mapping that can
produce phenotypic structures, consisting of connected computational units. To be able
to develop such computational structures, we need to acquire further knowledge about
the possibilities and constraints of the target architectures. The technology considered is
based on circuits implementable in VLSI semiconductor materials.

The choice of technology targets phenotypes that consist of computational units and
a connection network. Even though developmental approaches have been succesfully
applied to what might be considered close to digital circuits [9], other computational
paradigms/architectures may be better suited for a developmental approach. Thus,
inspiration is taken from the Cellular Computation paradigm [23] towards an approach
where behavior emerges from cell interactions in a sparsely connected network. This
kind of architecture is appealing from a hardware point of view, offering limited wiring
and simple quite uniform computational elements.
The motivation for this work is to acquire further knowledge about the possibilities
and constraints of the target architectures with a focus in the development of
systems including explicitly, sparsely connected computational elements. The systems
investigated herein are Boolean Networks (BN), Artificial Neural Networks (ANN) [1, 7],
and Cellular Automata (CA) [28]. In addition to the previous systems already exploited
in developmental approaches, we also investigate Cellular Neural Networks (CNN) [5].
The above proposed cellular architectures offer the possibility for massive parallel
exploitation. The concept of relative simple, sparsely connected computational elements
is favorable for parallel hardware implementations [16, 28]. However, it is hard to exploit
the computational power using traditional design and programming methods [22]. As
such, an approach towards adaptive methods [23], (e.g., Genetic Algorithm (GA)), with a
developmental mapping is sought herein, (i.e., an EvoDevo approach) [21].
An evaluation of the chosen architectures is further motivated by the need to get
an overview of the requirements while exploiting developmental mappings, as part of
an automatic design tool. The target designs are highly parallel computational circuits.
The common property of all architectures (i.e., sparsely connected networks), motivates
a further investigation on how a mapping process should work on a class of architectures
in a general way. The latter is elaborated by examining how universal properties and
processes may be included in artificial development.
The article is laid out as follows: Section 2 introduces the roles of developmental
models. The chosen architectures are described in Section 3. The developmental approach
to the different architectures are presented in Section 4. Finally, a discussion takes place
in Section 5 to be followed by the conclusion in Section 6.

2

A Cellular Approach

In nature the genotype (i.e., the zygote), intermediate phenotypes and the finalized
phenotype (i.e., adult), are all part of the interweave processes of evolution and
development. The artificial domain is quite different. In an artificial developmental
system, evolution and development are not an emergent intermediate result (i.e., the
current status of a species at a given point in evolutionary time). The process of
evolution is given by some Evolutionary Algorithm (EA), where the developmental
process represents a computational mapping process. As such, artificial development
may take inspiration from the cellular nature of it’s biological counterpart or at a more
abstract level as an indirect mapping process.
Figure 2, illustrates two different developmental mappings. The left part shows the
concepts of a cellular developmental approach, where the right part gives a developmental
approach using a non-cellular approach. In the cellular developmental process, the
phenotype consists of cells that include the developmental process and the genome. The
computational property of the system may be the cell states, resulting from extracellular
communication. In the non-cellular approach, the computational property is a result of
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Figure 2: Developmental mapping

a mapping from the developmental process (i.e., the final phenotype), to a technology
capable of computation. Therefore, the intermediate phenotypes play different roles. In
the cellular mapping the phenotype consists at any time of a set of basic cells. That is,
the phenotype and the computational structure is not separated. It includes a number
of cells, that is, the result of cell division and some kind of a differentiation process.
In this imaginary developmental process, the final and all intermediate phenotypes are
structures with computational properties. On the other hand, in the non-cellular approach
the developmental process operates on an intermediate representation of the phenotype.
Here, only the final phenotype is mapped to a computational structure.
The above difference in the approaches is stated only as an example of possible
developmental mappings. As such, there is a variety of ways in how these principles
can be utilized.

3

Computational Structures

In Figure 2, the actual computational units and interconnections may be any circuit or
structure capable of computation. However in this work, the computational structures or
architectures of interest are typical structures that consist of sparsely connected simple
computational elements. This type of structure may be achieved by developmental
mappings that are close to the cellular approach by e.g., a cellular computation
architecture [28], or by systems close to the non-cellular developmental approach
e.g., developing neural networks [8]. Even though the approaches are different, a
computational structure of sparsely connected elements is achieved.
The computational structures of boolean networks, cellular automata, neural networks
and cellular neural networks are presented as computational architectures included in
a developmental setting. Figure 3, presents these computational units together with an
example of possible interconnections.
B OOLEAN N ETWORKS (BN): They have mainly been used towards modelling and
understanding gene regulatory mechanisms and in predicting gene expression data. In
figure 3(a), a node of a boolean network is shown on top. The node in the example
includes three inputs k = 3, where the input can be taken from any node in the network.
At the bottom of Figure 3(a) a three node n = 3, boolean network with k = 3 nodes is
shown. Each element can be active or inactive (ON or OFF), the number of combinations
of states of the K inputs is 2K [12]. The Boolean function must specify whether the
regulated element is active or inactive for each of these combinations. The total number
K
of Boolean functions F of K inputs is F = 22 . The output result of a boolean network
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Figure 3: Basic computational units and interconnections.
is given by the states of all nodes in the network. The dynamic behavior of the network is
the set of states in the total state space that are visited. The operation of a boolean network
requires an initial state i.e., a boolean state, given to each node. All nodes of the network
are usually updated synchronously in accordance with the functions assigned to them.
This is a repetitive process which continues until the network reaches some predefined
criteria or converges to a stable state (i.e., a point attractor), or a repetitive sequence of
states (i.e., a cyclic attractor). The behavior of the network including the initial state and
all visited states until the system converges can be illustrated as a trajectory. As such, all
possible behaviors of a given BN can be represented by the set of trajectories emerging
from all possible initial states (i.e., a basin of attractions). The workings of a boolean
network is closely connected to trajectories in the basin of attraction. The behavior of
the network is measured by the set of states in the total state space that are visited. The
visited states along a trajectory is given by the output value, (i.e., ON or OFF), of all nodes
in the network at a given time of the dynamic operation of the system. Development of
a boolean network requires a developmental mapping that can generate structures that
resemble the described structure. In such a mapping, the computational elements (i.e., the
boolean function), for each node must be given. In addition, the mapping process need to
connect the computational element so as to form the network structure. This requirement
calls for a developmental mapping that can grow this kind of network structures. An
EvoDevo system targeting computation by BNs, is challenged in the domains of evolution
and development. First, a representation for the evolutionary process enabling a fruitful
search landscape is needed. Further, the representation and genetic operators must take
into account, if the intermediate phenotypes are going to be working BN structures. This
implies that all phenotypes - from the first developmental action to the finalized network
- include a valid boolean function in all nodes. In addition, the phenotype should have
such a network connectivity where all connections are linked to existing nodes. The
latter is a requirement for both evolution and development. The representation for the
EA needs to provide genetic information to the developmental process that can enable an
addressing scheme based on the existing phenotype at any step in developmental time, so
as to generate a new valid intermediate phenotype.
C ELLULAR AUTOMATA (CA): They are perhaps the quintessential example of
cellular computing, conceived in the late 1940s by Ulam and von Neumann. A cellular
automaton consists of an array of cells, each of which can be in one of a finite number

of possible states, updated synchronously in discrete time steps, according to a local
interaction rule. The spatial lattice of the cells can vary from its simplest form of
being a linear chain with N lattice sites to 2-D or 3-D lattice sites of fixed size. In
lattices with higher dimension different schemes can be considered, namely, rectangular,
triangular or hexagonal. The most commonly studied square (or so-called Euclidean)
lattice neighborhood includes the von Neumann neighborhood, consisting of the four
size horizontally and vertically adjacent to the center site of interest, and the Moore
neighborhood consisting of all eight sites, immediately adjacent to the center site.
The neighborhood is not restricted to include information from the closest cells the
neighborhood can span over several neighbors.
In Figure 3(b), a 2-D cellular automata cell is shown at the top. The cell includes a
simple computational function updated synchronously. The updated output at t + 1, of the
cell is distributed to all cells in it’s defined neighborhood, a von Neumann type, shown
at the bottom of Figure 3(b). As for BNs, CAs include the same metric of n giving the
number of cells and k giving the number of inputs to the computational function of the
cell. In Figure 3(b), k = 5.
Another property of a cellular automata model is uniformity, that is, the degree of
regularity of the model’s other properties. Such properties may involve cell issues like, if
cells are of the same type (i.e., execute the same function).
The computational operation of CAs as for BNs, start from an initial state, providing
an initial value to all cells. The computational output is given by the change in states
by an iterative process of updating all cells synchronously. The final state of the system
may be reached after an apportioned number of iterations. However, a CA of finite size
will always reach a point or cyclic attractor. Taking the computational paradigm of CAs
into a developmental system, may exploit the cellular structure to the development of
growing structure of CA cells. Such approaches, where the actual CA is the computational
structure, explicit development of connectivity is not needed, since the CA neighborhood
is specified and all cells share the definition of which cells to communicate with. As
such, evolution (e.g., the genome), does not need information storing mechanisms for the
wiring process whereas for the developmental process, is also not needed to be able to
express such connectivity since it is predefined.
A RTIFICIAL N EURAL N ETWORKS (ANN): They have been used extensively in a
wide variety of applications namely, image processing, pattern recognition and modeling
complex systems. ANNs can be generally divided into feedforward and recurrent, based
on their connectivity. An ANN is feedforward if the connectivity is only directing signals
from the inputs towards the output. An ANN is recurrent if feedback connections are
present. In Figure 3(c), an artificial neuron is shown on top. The neuron includes x n inputs
where n = 4, along the weights wnk . The weighted sum of the inputs is forwarded to the
activation (or transfer) functions vk , so as to give the resulting output yk . At the bottom
of Figure 3(c), a four input n = 4 neural network with two hidden layers and an output
is shown. The architecture of an ANN is determined by its topological structure (i.e., the
overall connectivity and transfer function of each node in the network). Additionally, the
operation of a neural network requires an input for each neuron along with its respective
weight as an initial value (state). The output of a neural network is evaluated in a quite
straightforward way; reading the value of the output neuron (yk ).
ANNs have the ability to learn; a feature not present in previous architectures.
Learning in ANNs is performed in two steps: training, where the network is trained
by adjusting its weights and actual learning which can roughly be either supervised or

unsupervised [31].
Neural weights (or connection weights) play a major role for the mapping process,
suggesting potentiality of an axon to grow. Evolution of connection weights introduce an
adaptive and global approach to training. Learning rules can also be evolved through
an automatic adaptive process for novel rules. Evolution of the connectivity scheme
enable neural networks to adapt their topologies to different tasks providing an automated
approach. It has been demonstrated that learning and evolution have a special relationship
and that learning can be improved by evolution [20].
In a developmental setting, the mapping process needs to connect the computational
elements (activation functions), so as to form the network structure. This is a prerequisite
for a developmental mapping that is able of growing the outgoing axons of a neuron.
Connectivity might be static (predefined) or evolving. As was the case for boolean
networks, a developmental neural network is faced with the genotype representation
issue and the selection of an efficient EA algorithm. The genotype representation
may potentially provide ’working’ phenotypes. All phenotypes will contain valid ANN
architectures, as soon as the developmental process begins, implying efficient activation
functions and weight adaptivity. The transfer function (e.g., sigmoid or Gaussian), of each
node is usually fixed and predefined for the whole ANN but it may sometimes vary per
layer, or become even more complex [26]. As applies for BNs, the behavior of the ANNs
is measured also by the set of states in the total state space. The set of states is given
by the output value yk of the neural network at any time during its dynamic operation.
Thus, behavioral capabilities (e.g., functionality), of a neural network are introduced as
an emergent property of the interplay among its output neurons, weights and transfer
functions.
C ELLULAR N EURAL N ETWORKS (CNN): They have been mainly used in pattern
and character recognition and image processing. The basic architecture and operational
principles are very similar to those in CAs. In Figure 3(d), a typical CNN is shown on top.
It’s basic functional unit is called a cell. Cells are laid down in equally spaces, forming
a highly massive parallel computational architecture. Communication between adjacent
cells is accomplished directly where information between far apart cells is transmitted
through the propagation effects of continuous-time dynamics of CNNs [4]. The Control
template initially receives input from any neighboring cell in the grid. The structure
of a 3 × 3 template (be it Control or Feedback), is shown at the bottom of Figure
3(d). The states of the cells are evaluated according to the d/dt fraction. This fraction
actually measures how frequent the states of the cells in the Control template will be
evaluated. After state evaluation an activation function takes on, giving the output of the
CNN. The function’s output might processed by the Feedback template-an analogue of
ANN’s weights-which will adjust the input accordingly. The Feedback template gives the
ability for the CNN to act like a recurrent ANN. The Control and Feedback templates
can be considered of different neighborhood sizes with fixed number of cells. This is an
continuous process, until the desired output is given or bias is reached.
As for CAs, the dynamic behavior of CNNs are largely depended upon the boundary
conditions that define the neighborhood of the grid; it is evident that they operate in the
edge-of-chaos regime. A CNN with a finite grid size of Control and Feedback templates
will always reach an attractor that may be a point or cyclic attractor. A state equilibrium
point of a cellular neural network is defined to be the state vector with all its components
consisting of stable cell equilibrium states. It was proved that each cell will settle at a
stable equilibrium point after the transient has decayed to zero [17]. The transient of a

cellular neural network is the trajectory starting from some initial state and ending at an
equilibrium point. This implies that the circuit will not oscillate or become chaotic.
The computational operation of CNNs, as with the CAs, start from an initial state
providing an initial value to all cells. The computational output is given by the change
in states by a continuous process, of updating cells synchronously. The final state of the
system is reached after the bias has been reached or a solution has been found. The
activation function plays a role in the computability of the CNN. Although data and
parameters in CNNs are typically continuous values, they can operate also as a function
of time in discrete environments.
In a developmental setting, challenges with genotype representation and genetic
operators are also the case here. If during development, intermediate ’valid’ phenotypes is
the aim, special concern has to be given to the values of Control and Feedback template, so
as they are valid throughout the process. Also, the choice of the activation function is an
extra challenge. Apart from the initial computational input of Control template, external
input (i.e., environment), may also be applied to the initial input in terms of perturbations.

4

EvoDevo of Computational Structures

The different computational structures of Figure 3, give rise to high levels of parallelism.
In every example given, simple computational elements can excess their function
autonomously, as long as valid input conditions are present.

Form and Function
Development with autonomous computational units may exploit the possible computational properties (i.e., functionality) of the structure. This applies from the first developmental stage, (i.e., the zygote) and throughout development, to the end of the life time
of the artificial organism. The possibility of monitoring the functional properties of the
organism at any time during development, opens for a life-time fitness evaluation [27]. As
such, evaluation feedback of the EvoDevo system to the EA can be based on the behavior
of the emerging computational structure.
The two developmental options mentioned may be viewed as two extremes of
development. If related to Figure 2, the first option can be considered close to a cellular
developmental process, where the computational units including connectivity emerge
as an interplay among the genome, the intermediate phenotypes and the environment.
Using this approach, a phenotype structure could be developed by growth of simple
units using, e.g., CA cells. Differentiation could also be applied in order to express the
different functional definitions of CA cells. In [28], this approach is applied to develop
2-D non-uniform CA. Further, the developmental process can be included in every cell
exploiting simultaneously the dynamic operation of the CA (i.e., the computational and
developmental processes).
The non-cellular approach of Figure 2, can use any intermediate representation of the
emergent phenotype and map this representation to a target architecture or media. As
such, the property of a distributed development where the phenotype emerges out of local
cellular communication can be omitted. Departing from a developmental process based
only on local properties, allows us to include global properties directly into the process
of development. Such global properties may include the order of executing changes
in the intermediate structure, solving possible developmental conflicts globally, (e.g.,
overgrowth) [10], or exploiting global spatial properties (e.g., connections of inputs and

outputs to the developed structure) [3]. Furthermore, global properties may be exploited
to control and alter the workings of a developmental process over time (e.g., introducing
developmental stages) [6].
The basic computational operations of the chosen architectures are presented in
Section 3. Even though they are chosen with the property of being simple computational
units, sparsely connected, they may be further separated into three different categories.
First, boolean networks, cellular automata and cellular neural networks, all share an
emergent expression of the computational result (i.e., the result is given by measuring
the output state of all units at some given point or over a period of time). Second,
artificial neural networks may be said to share an emergence as the computational result
is given by the states of all (or most), of the neurons in the network. However, the
output measured is taken from the output neuron(s). As such, the computational result
is given by monitoring a single or few of the computational units involved. Third, the
dynamics of the architecture in the former category differs in discrete time for boolean
networks, cellular automata and artificial neural networks versus continuous time for
cellular neural networks. Despite the difference in continuous and discrete operations
with regard to time, the architectural way of presenting a result may be considered as the
main difference, if such structures are to be exploited in EvoDevo systems.
The connection between the different architectures and the way of presenting results,
influences the way evaluation functions may be applied. ANNs open for an explicit
evaluation of the output nodes or possibly by applying the output signal directly to
parameter control. This can be implicitly evaluated by monitoring the artifact’s behavior.
Architectures with emergent type output may need to be interpreted so as to be able
of measuring and evaluating if the sought emergent behavior is present. As such,
the interpretation of the state(s) of the system influences the search space, hence the
evolvability depends on the chosen interpretation of the system’s output.
If applications are considered, there are obvious tasks that better suit into architectures
where the computational result emerges as expressed states by all units, (e.g., gene
patterns for boolean regulatory networks [12]). For ANN like architectures, tasks that
explicitly require a given number of outputs (e.g., actuator output control signals [7]), are
more suitable within this architecture.

Inherent Biological Properties
The properties of adaptivity and robustness are traits of biological organisms that are
desired in artificial systems. Adaptivity is one of the key-properties in evolution.
However, adaptation related to evolution is population-based adaptation (i.e., changes
and emergence of species). In artificial systems, the term adaptation, often relates to a
single device and its ability to adjust its properties, to meet some external influence. In
an artificial developmental system, the same processes that are exploited to generate a
phenotype, can also be exploited for adaptation. The phenotype can be shaped/reshaped
to fit changing external conditions (i.e., phenotypic plasticity) [29]. As such, including
a developmental process paves the way for achieving adaptation, as this can be an
inherent property of development. Biological development includes inherent processes
to regenerate or cope with damage of the organism. Such inherent properties may also be
part of artificial developmental systems. Similar parts of an organism can be regenerated
after damage by the same processes exploited, to develop the artificial organisms [18].

5

Discussion

The computational structures proposed are favorable for exploitation in a evolutionary
design approach, that includes a generative or developmental mapping. The two
principal features relates to composition and specification of computation. First, all the
presented architectures have an inherent composition of small, relatively identical units
that represent the principal building blocks of all emerging structures and substructures.
Second, the specification of behavior (e.g., computation), is distributed among the
computational units.
The architectures for development of computational structures presented herein, are
based on the principle of sparsely connected computational units. All units include a
possibility for exploiting massive parallel execution. In the presentation of the different
computational paradigms, the information required to represent and develop the structures
differed mainly in terms of connectivity. The computational units on the other hand,
were similar and required information regarding the update function. Note that the actual
amount of information that is needed may vary. However for the developmental process,
the information required to express a computational unit depends on the set of different
update functions apportioned. Thus, the amount of information needed to be expressed
by the developmental process for a given set of CA update rules can be expressed by the
same information, as an equal-sized set of boolean functions.
In the architectures presented, the computational structure was always sought by
an EvoDevo design approach. There is no specific mapping process neither any EA
proposed or discussed in detail. The proposed architectures are all used in adaptive design
approaches and have shown to be exploitable for such purposes. However, to further
expand the variety of designs obtained by EvoDevo, the similarities in these architectures
may be further exploited. Instead of designing a mapping process towards a specific
architecture (e.g., 2-D non-uniform CA), a mapping approach that can be applied to
several architectures should rather be investigated.
Unlike in nature, where all multicellular organisms are a product of evolution and
typically share a developmental process, defined by some evolved core processes [13],
artificial development has no unified set of processes or mechanisms. The architectures
presented are as presented not equal, but quite similar. As such and as a possible future
work, the different architectures may be used as a testbed, towards examining how a
simple developmental process can be applied to the architectures mentioned herein, where
each architecture might be viewed as a species and the set of architectures may be seen as
a family.
Towards such an approach, we might explore two possibilities.
First, the
determination of predefined developmental mechanisms in order to express the sought
architecture’s inherent properties on connectivity and functionality. The developmental
mapping is here crafted and consists of predefined developmental mechanisms (e.g.,
how cell division, growth and differentiation are determined and executed). As such,
investigating these mechanisms would lead to finding useful ways of carrying out the
developmental actions and how such actions should be cued. The second possibility
suggested, includes an actual search by evolution for the developmental mapping itself.
The search is aimed at finding ways of mapping the information at hand (i.e., genome,
environment, and intermediate phenotype), to be expressed in the emerging phenotype.
This is radically different than the previous approach, as the latter aims towards the
evolution of development by changing the view of the existence of the program metaphor
[19], from the genome to the developmental mapping. As such, the genome and the

environment represent the input information to the developmental program sought.
Although the genome is the carrier of information from generation to generation
in both approaches, the role and information of the genome is very different. In the
former, the composition of the genome is sought by evolution as to be read and developed
by the defined developmental mapping. In the latter, the evolved result sought is the
developmental processes interweaved with information needed to drive the developmental
processes, (i.e., genetic information). Pursuing the program metaphor to represent
development, may lead towards uncovering common processes that are present in several
of the architectures. Such common processes will hopefully help us identify and define
useful ways for designing mapping processes that are more universal (i.e., core processes
for sparsely connected computational structures).

6

Conclusion

In this ongoing research work, some of the most widely used architectures in a
developmental setting have been presented and explored through a EvoDevo system,
namely, the cellular and non-cellular approach. The latter included identification of
the form and function of the basic computational units involved in such architectures
along with their connectivity schemes. The inherent biological properties found in such
architectures were also explored. Future work will include potential integration of several
of the architectures expressed in a single phenotype. That would lead to new phenotypes
and presumably novel functionalities under various environmental conditions.
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