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Abstract—Multicellular organisms in biology possess invalu-
able characteristics, which artificial systems in engineering lack,
such as adaptivity and robustness. Modeling biologically inspired
multicellular developmental systems in evolutionary computa-
tion have been considered for a number of years, and there
exist many developmental simulations that capture multicellular
characteristics of biological organisms. However, the relative
importance of many mechanisms in such models is still poorly
understood. This paper undertakes a detailed investigation of
the importance of many mechanisms and parameters on the
organizational behavior of a gene regulatory network based
artificial developmental system via classical pattern matching
experiments. The work leads to an improved understanding
of artificial multicellular development, which will assist in its
utilization in the application of evolutionary computation. It may
also provide a better understanding of mechanisms of biological
development.

Index Terms—Artificial development, computational evolution,
diffusion, evolvability, gene regulatory network.

I. Introduction

THE PROCESS of designing an effective developmental
model for evolutionary computation (EC) often reduces

to implementing and sculpting the right biological mechanisms
in an effective way. This aims to achieve an evolvable devel-
opmental system while maintaining a system that is not con-
strained or overwhelmed by undesirable biological processes.
But how can we know which processes are useful and which
are not? Implementations of artificial development in EC have
been proposed since the early 1990s (e.g., [1], [2]). But most
of the developmental models designed still rely on educated
guesses, and various assumptions on the suitability of the bio-
logical developmental processes for EC applications. The need
to investigate the behavior and effective ways of implementing
artificial development is already acknowledged by various
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researchers [3]–[7]. The physics of the digital medium where
the artificial development is modeled is different from the
biological counterpart. A biological cell has many advantages
and disadvantages when compared with a digital cell, e.g., the
ability to copy the genotype perfectly from one cell to another
is a given in digital systems whereas small errors are inevitable
in biological organisms. On the other hand, the cell growth in
biology is naturally allowed by the physics of the organism
whereas this has to be engineered in digital systems. Hence,
when implemented artificially, the usefulness of a mechanism
cannot always be directly correlated to biology.

The aim of this paper is to undertake a thorough inves-
tigation of the effects of certain developmental parameters
and mechanisms—cell signaling, use of chemicals, methods
of mapping development to a phenotype—when implemented
in an artificial developmental system (ADS), and demon-
strate that implementations that rely on educated guesses
and assumptions often do not provide the optimal designs.
Although a large amount of experiments are undertaken, the
investigations only examine part of a much larger space of
possible developmental systems. The experiments undertaken
test the ability of an ADS to achieve various organizational
patterns. Hence, the experimental test set consists of only
stable patterns also used in [8]. Although a more diverse exper-
imental test set including computational problems other than
stable patterns—such as neural nets and control problems—
would provide a better insight into understanding the effects
of the explored developmental parameters and mechanisms,
and a better validity to the results obtained, such diversity
goes beyond the scope of this paper. This paper solely aims
to investigate the effects of certain developmental parameters
and mechanisms on the multicellular organizational properties
of a particular ADS. This paper aims to investigate the effects
of certain developmental parameters and mechanisms on the
multicellular organizational properties of a particular ADS.
The intention is that such a detailed investigation will inform
researchers about the relative importance of developmental
mechanisms and parameter choices.

The ADS used in this paper is an already existing model that
uses a cell chemistry approach to implement development [9].
Hence, the conclusions on the effects of the investigated pa-
rameters and mechanisms apply particularly to similar models
of development that implement multicellular development at
the cell-interactions level; this will be explained further in
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Section II as “micro-model,” which provides a brief back-
ground on development. Section III provides a review of some
of the relevant ADSs in literature, and provides discussions on
some of the various decisions different researchers have taken
while designing their systems. Sections IV introduces the ADS
used in this paper as it was designed the first time it was
introduced in [9]. Section V details the evolutionary algorithm
used to optimize the ADS in the experiments presented in
this paper. Section VI presents investigations for a series
of developmental mechanisms and parameters, where these
parameters are tested for their effects on the evolvability of
the developmental system to model various patterns. Finally,
this paper is concluded with Section VII. Evolvability is
understood as the success rate of an evolutionary algorithm
when optimizing for a certain task.

II. Background

“The development of multicellular organisms from a single
cell—the fertilized egg—is a brilliant triumph of evolution”
notes Wolpert in his book, Principles of Development [10].
The structure of a single cell may arguably be the most
complex part of any organism, but a unicellular organism is
vastly limited in the tasks it can achieve and is vulnerable to
environmental threats. A multicellular organism is capable of
multi-tasking using division of labor amongst the cells, and
it is able to protect itself from environmental threats better
than a unicellular organism would, since the loss of a cell or
few cells does not necessarily harm the organism. Although
multicellularity could have arisen through cell division failure
or chance mutation in the evolutionary history of organisms,
multicellularity is a key approach harnessed by biology to
create complex and intelligent organisms capable of executing
sophisticated behaviors and surviving harsh and changing
environmental conditions [11]. Multicellular organisms are a
product of a process called development that builds these
organisms from a single cell. Wolpert defines development
as “The process of gene activity that directs a sequence of
cellular events in an organism which brings about the profound
changes that occur to the organism” [10]. In other words, a
simple description of development is that it is the step where
all the genetic information gathered over the evolutionary
history of an organism is put to use to create an adult
organism from a single cell. However, development is also
a mechanism that maintains the stability and functionality
of an organism throughout its lifetime, and not merely the
genotype-phenotype encoding mechanism of biology for cre-
ating complex multicellular organisms. Thanks to multicellular
development, an organism is capable of surviving damage and
loss of its physical parts, which otherwise would be lethal to
the organism.

Multicellular biological organisms have been a topic of
interest in the computer science and engineering fields as
inspiration of models of intelligent systems. Their ability to be
robust, adaptive, and scalable while they develop, make them
interesting in computational intelligence as these properties
are difficult to design in traditional approaches to computation
or engineering. Biological organisms can grow from a single

cell into a multicellular organism using the same genotype
for all cells. These cells can then specialize to form different
parts of an organism. Although the process of development
in biology is clearly defined, its definition in EC can be
different depending on the author [3], [8], [12]–[18]. While
some artificial algorithms try to closely model the biological
development, others are simply inspired by a mechanism of bi-
ological development. In the latter cases, artificial development
is defined by the source of its main inspiration and the task it is
used for. Roggen’s diffusion based developmental model [19],
the self modifying cartesian genetic programming by Harding
et al. [14], and Stanley’s pattern producing networks [16] are
examples of systems that use simple inspirations from few
biological developmental mechanisms. Although most com-
monly referred to as artificial development, its name can also
take many other forms; computational embryology, artificial
embryology, artificial embryogeny, artificial ontogeny, com-
putational development [12]. Formulating a correct definition
of artificial development is not a simple task, and this is not
the intention of this paper. In the remainder of this section,
this paper will refer to artificial development as a digital
system that models the biological developmental process for
the uses of understanding biology and/or aiding EC. Going
back to Wolpert’s definition of biological development [10],
development in this paper will refer to the formation and
maintenance of multicellularity in an organism. After a review
of the benefits of multicellularity in EC, the known ways
of modeling development in an artificial environment will be
discussed.

A. Benefits of Multicellular Development

A multicellular design approach in EC benefiting from the
decentralized organizational mechanism achieved in biolog-
ical organisms could bring about scalability, fault tolerance
and adaptivity to systems. These three possible benefits are
discussed in further detail in this subsection.

1) Scalability: Over the years of EC research, the com-
plexity of the evolved designs has not increased greatly. The
inability of evolution to design systems at the desired level of
complexity in a reasonable amount of time is a major problem.
The ability to achieve higher complexity systems without a
major increase in genotype size and within an acceptable
time frame is referred to as scalability. Traditional system
design methods in engineering and computer science build
complex systems via the repeated use of functions or modules.
Hence, it has been acknowledged by many that introducing a
mechanism that can achieve modular behavior while evolving
designs could relieve the scalability problem [20]–[27]. An
example of the use of modules in EC is the automatically
defined functions (ADF) [23]; ADF introduces reuse of parts
of the genetic code during evolution. This adds the concept
of modularity to genetic programming (GP) [28] aiming to
speed up evolution, and increase the achievable complexity.
Koza showed that ADFs increase the evolutionary speed of
GP. A similar modularity was introduced by Walker and Miller
[27] for Cartesian genetic programming (CGP) [29] to speed
up the evolution of more complex problems with CGP. It
was shown that evolution of problems with modular CGP
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was much faster (20x in some cases), and scaled better for
complex problems. The modularity in GP and CGP is done
in a systematic way, where a modularity mechanism works
in parallel with evolution to create modules from pieces of
the evolved system which then can be reused by evolution.
However, an explicitly defined mechanism that incorporates
modularity into evolution cannot solve the scalability problem.
This is due to the presence of direct genotype1-phenotype2

mapping. A direct genotype-phenotype encoding causes the
genotype to grow in proportion to the phenotype. This creates
a large search space as the target system gets more complex.
Hence, a direct mapping from genotype to phenotype is less
effective in designing complex systems [19], [20], [26], [30]–
[33].

In nature, biological organisms achieve phenotypes spec-
ified by genes that are orders of magnitude smaller. An
example of this is the human genome, which comprises
approximately 30 000 genes, yet a human brain has roughly
1011 neurons [34], [35]. It is noteworthy that the number
of distinct cell types in human body is only 256, and this
number is as low as 13–15 for Hydra, which is a predatory
animal with regenerative ability [36]. The extremely complex
structural and behavioral architecture of biological organisms
is not through intelligent design, but the heavy reuse of
cells and genes. Biology achieves a highly scalable mapping
via multicellularity and gene reuse; each cell has the same
copy of genotype, and each gene in a given genotype may
have different effects depending on when and where they
are expressed. Also, the same set of genes are used over
and over again in building phenotypic structures of similar
characteristics, e.g., limbs in animals. Taking inspiration from
biology, the idea of multicellularity in achieving complex
systems in EC has been implemented by many researchers.
Although the ability of artificial development to be scalable
has been demonstrated by simple experiments [13], [19], [30],
[31], [37], successful use of development in the design of
systems at desired complexities that tackle real world problems
is yet to be achieved. A recent achievement of an ADS has
been presented by Harding et al. who evolved a self-modifying
Cartesian genetic programming that can find general solutions
to parity and binary addition [38].

2) Fault Tolerance: Biological organisms are robust crea-
tures that can achieve a very high level of fault tolerance.
Regenerative ability of plants is an excellent example of fault
tolerance and recovery in biological organisms. Plants cells
are classified as totipotent,3 i.e., under the right conditions
any plant cell would theoretically be able to grow into
a fully developed adult plant [39]. Another example of a
simple organism that has amazing regenerative properties is
the Hydra, which has the ability to regenerate even when
cut in half, producing two hydrae [40]. One of the main
reasons for the type of repair and regeneration that happens
in biological organisms is because of the lack of a central

1Genetic information in a cell that is used to obtain a certain phenotype.
2The physical form and characteristics of an organism, the target system in

EC.
3The ability of a cell to grow and generate all the specialized parts of an

organism.

control mechanism. The ability of multiple cells to coordinate
and organize themselves using various communication mech-
anisms provide an emergent adaptivity and fault tolerance to
the whole organism.

Fault tolerant systems in electronics and computer science
are highly important for remote, safety critical and haz-
ardous applications. Almost all of the widely used techniques
(N-modular redundancy [NMR] being the most popular) in
achieving fault tolerance in electronics require a central control
mechanism or a “golden” memory which is assumed to be
failure-proof [41]. A de-centralized multicellular architecture
can provide the system designed with redundancy, allowing
the destruction of a number of cells before failure. In a
multicellular design all cells are essentially identical to one
another, hence a cell has the potential to change specialization
and replace a damaged cell in order to recover from faults.
This multiple redundant behavior in development can be
used to create a system free of a single point of failure if
each cellular structure is represented by an independent piece
of hardware; hence removing the weakest link present in
traditional redundancy designs.

In addition to cell redundancy, biological organisms also
have functional redundancy in their genetic code. In biology
this functional redundancy arising from different genetic codes
is referred to as degeneracy. Edelman and Gally [42] defined
degeneracy as “the ability of elements that are structurally
different to perform the same function or yield the same
output,” and they also noted that degeneracy “is a well known
characteristic of the genetic code and immune systems.”
Edelman and Gally emphasized that degeneracy is a key
mechanism for the robustness of complex mechanisms and
that it is almost directly related to complexity. In biological
organisms degeneracy is present at almost every functional
level, from genes to high level behaviors like body movements
and social behaviors [42].

A developmental model can provide degeneracy both at the
genotypic and phenotypic levels. Due to the indirect mapping
of genes to the target phenotype, a developmental system
can have multiple genes that perform the same function.
Depending on their location in the organism each cell would
have a different gene activity, but some of these cells would
still have the same phenotypic functionality. Degeneracy in a
developmental system can provide a powerful fault tolerance
mechanism, as it provides robustness to genetic perturbations.
A well explained example of gene redundancy in biology is
the control of platelet activation by collagen [43].

Artificial development has been shown to provide a
smoother degradation to perturbed genetic code [44]; when
the genetic code of an artificial organism is altered before
mapping the genome to the respective phenotype, the damaged
genome will provide a phenotype that shows a more “graceful”
degradation for a developmental system in comparison to
direct mapping of the genome. In fact in some cases it was
shown that a small number of gene knock-outs did not affect
the overall result of gene expression [45]. It has also been
demonstrated that a developmental system may be able to
recover from transient changes in the phenotype, despite some-
times not being explicitly trained to do so [18], [19], [45]–[47].
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However in order to benefit from the fault recovery properties
of development, the developmental mechanism needs to be
continuously running even when a fully functional phenotype
is reached. In other words, the developmental system needs
to have reached an attractor4 that represents the desired
phenotype. The ability of a developmental system to keep its
phenotype unchanged after it has reached the target phenotypic
form (i.e., represent the target phenotype as an attractor) is
termed stability. To achieve a target phenotype at an attractor
state of a developmental system (i.e., finding a stable system)
can be a harder task than achieving the target phenotype at a
transient state. Unfortunately, solutions that occur at transient
states are of no use for fault tolerance or adaptivity.

3) Adaptivity: Adaptive behavior of biological organisms
is another attractive quality that is aimed to be captured in
EC. Designing systems that change their structure to adapt
to their environments is a very challenging task, especially
when a lot of the environmental factors can vary unpredictably.
Multicellular organisms achieve adaptivity smoothly, and they
change their structures or behaviors to fit the given environ-
ment for maximum survival chances. An example of adaptivity
in biology is a changing plant structure depending on sunlight:
if a plant “discovers” that there is an obstruction in the way
that blocks the sun, the plant will grow in a way to maximize
sunlight exposure (see Fig. 1).

It is intended that by modeling multicellular development
an adaptive system will be achieved. As mentioned in Sec-
tion II-A2, in order to achieve an adaptive system the devel-
opmental system should be at a stable state when it achieves
a functional phenotype. Once a stable state is achieved, the
developmental process can run continuously in the background
and adapt to environmental changes. A developmental system
can have several attractors [17]; in an ideal case a dramatic
change in the environment making the current configuration
ineffective will cause the developmental system move to
another attractor that would suit the current environmental
conditions better.

Again, degeneracy in a developmental system can also allow
the system to be more adaptive, because of the existence of
multiple implementations of the same function. For example
a change in an environmental condition may affect the acti-
vation of some genes in a developmental system, however the
functionality of the organism would still be protected due to
the existence of other genes that serve the same purpose as
the affected genes. Systems with high degree of degeneracy
have been observed to be very adaptable in biology as well,
and favored by natural selection [42].

B. Models of Artificial Development

In recent literature, developmental systems have sometimes
been classified into two categories as grammatical or cell
chemistry developmental models [6], [8], [12], [46]. However,
there are developmental models that do not fit either of
these two recent classifications, e.g., in [4] the developmental
system is designed in a way to function without the use
of cell chemistry but the developmental model is far from

4An attractor is a state to which a dynamical system settles after a time.

Fig. 1. Tree depicted in (a) uses the information from its leaves to maximize
the received sunlight by changing its growth pattern as shown in (b). (a) Tree
facing a wall that obstructs the sun. Only a very small portion of the tree
from the right can see the sun. (b) Tree leans and grows rightward in order
to receive more sunlight.

a grammatical implementation. The reason for classifying
developmental models into grammatical and cell chemistry is
because the grammatical models of development follow a high
level abstraction of biology, whereas the models that involve
cell chemistry follow a low-level abstraction of biological
development, and these two models of development cover
most of the ADSs present in the literature. In order to
make a similar but slightly clearer distinction amongst the
present developmental models, the developmental systems are
categorized into two different classes in this paper.

1) Macro-Model Developmental Systems: A macro-model
developmental system models the biological development at
a high abstraction level, considering the overall behavior of a
biological organism or a developmental mechanism. A macro-
model system’s implementation is largely different to its bio-
logical inspiration, since the aim is to model the characteristic
behavior of the target developmental system/mechanism. Sim-
ply put a macro-model developmental system does not model
individual cells in a multi-cellular organism, but provides a
developmental behavior in the system by the inclusion of time
and ability to self modify over time. A widely known example
of a macro-model developmental system is the Lindenmayer
Systems (L-Systems) [48]. L-Systems, a parallel rewriting
system, was introduced for modeling the growth processes of
plant development [48]. L-Systems model plant development
using a set of rules via a grammar implementation, thus aiming
to imitate biological development of plants using recursive
functions. L-Systems have been applied to circuit design
problems [32], [49], neural networks [50], and 3-D morphol-
ogy design [51], [52]. Another example of a grammatical
developmental system is cellular encoding (CE) [53]. CE was
designed to be used in the design of neural networks. Using
CE, a neural net would learn recurrence and solve large parity
problems such as a 51-bit parity problem [53].

An example of a non-grammatical macro-model develop-
mental system is the self-modifying CGP, which models a
CGP system that could alter its own structure over time
after the evolution phase is complete [14], [38]. A macro-
model developmental system should be computationally more
efficient when compared to a micro-model developmental
system in modeling developmental behavior.
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2) Micro-Model Developmental Systems: A micro-model
developmental system is a lower level model of the biological
development that uses a bottom-up approach to modeling
development. This category of developmental systems can also
be seen as the more biologically plausible implementations,
which imitate the biological development at a cellular level.
Hence, a micro-model developmental system involves the
modeling of individual cells and their interactions, which
together make up a whole organism. Each cell in a micro-
model developmental system has the same genotype and inter-
cellular communication allows cells to specialize. All these
cells together would form an organism which is the end
product of development after each developmental step.5

Although more biologically inspired, a micro-model de-
velopmental system does not necessarily model biological
development perfectly. In fact there is much work in this type
of artificial development with diverse design constraints, those
that model biology closely [1], [13], [54]–[56], those that aim
to model biological development in a simplistic fashion [19],
[57], [58], and models that are “in-between” [3], [4], [9],
[31], [59]. Mimicking biology closely should provide a de-
velopmental system with high evolvability [30], [60], whereas
a simplistic model would reduce the number of complicated
processes that exist in biological development, reducing simu-
lation times drastically. The first and one of the simplest exam-
ples to micro-model developmental system is cellular automata
(CA) [58]. CAs model biological systems with a grid of cells
that determine their states using the local information from
their neighbors and a global rule; this way, CAs effectively
model inter-cellular communication and cell specialization.

III. Micro-Model Developmental Systems

The ADS used in this paper is a micro-model, using a
bottom up approach in simulating biological development.
Before describing the model and the design approach for
the model, micro-model developmental systems are described
in further detail in this section. Furthermore, some of the
other micro-model developmental systems used in EC are also
discussed, Table I summarizes these models.

Development of an organism is an ongoing process existing
throughout the whole lifetime of the organism, even when a
perfectly functional organism is present. The developmental
system in an organism is supported by various processes;
these processes keep the system stable in an ever changing
and noisy environment. The core component of a biological
developmental system is the gene regulatory network (GRN)
(Section III-A). GRN provides the control of a single cell, and
the single cell is integrated into a multicellular environment via
cell signaling (Section III-B). The emergence of multicellular
organisms from a single cell is possible through the growth
and cell division processes (Section III-C). These mechanisms,
which are important part of micro-model developmental sys-
tems, are described and their uses in ADSs are discussed along
with methods of genotype-phenotype mapping (Section III-D)
and diffusion in ADSs (Section III-E).

5The time it takes to carry out all the developmental processes once is
referred to as a developmental step.

A. Gene Regulatory Network

A GRN is the heart of a biological developmental system.
It is a computation network formed by the interactions of
genes that are part of a DNA.6 These gene interactions control
the transcription of genes that determine the developmental
path of a cell and the organism in general. Multiple or single
celled, every organism has a functional GRN that can respond
to the environment. In a multicellular organism all the cells
have an identical genotype, but various cells appear different;
this is due to different genes being expressed in different cell
types. Genes interact with each other via proteins (type of
chemical) that control the activation of genes, and the proteins
are produced by the active genes. This creates a self regulatory
network of genes, which are also affected by proteins that may
be produced due to a reaction to an environmental change
or proteins that come from other cells. Proteins can cause
a range of reactions in a cell that can directly or indirectly
determine the cell behavior. Fig. 2 provides a simple diagram
describing how a GRN works. For an in depth description and
discussion of how GRNs work, and how they piece together
with evolution and development, see [61].

Similar to the different artificial implementations of bio-
logical development, artificial implementations of biological
GRNs can have various levels of detail with or without certain
biological GRN mechanisms; GRNs have been modeled using
simple Boolean rules [2], [62], as well as detailed simula-
tions [45], [56].

When the aim of modeling a GRN is accurate simulation of
a biological network, as much detail as possible in the model
needs to be included. Often differential equations describing
the dynamic system formed by the interactions of chemicals
and genes are used for the latter case. Some researchers have
also looked at using differential equations for modeling GRNs
as part of an ADS in EC [55], [63]. These detailed and accurate
models provide interesting insights into the benefits of contin-
uous models, but because such models are computationally
expensive, simpler models may be more successful in solving
computational problems.

Simpler and more abstract models of GRNs are more
appropriate for evolutionary optimization and design where
the intention is to acquire prevalent properties of GRNs rather
than model them in detail. Rule based GRN models are the
most common implementations in EC; this is true for most of
the models listed in Table I. This is due to the highly flexible
implementation of the rule based GRN models that allow easy
modification after the initial design phase.

GRNs can be seen as the “controller” of the cell, hence
in artificial development it is possible to use any processing
mechanism to replace the GRN core of a biological cell in the
simulated environment. There are different cell controllers in
the developmental systems present in literature ranging from
combinational circuits to bio-inspired GRNs (see Table I).
With current knowledge it is not possible to tell what type
of cell controller is best suited for an ADS designed for EC.
The advantages of evolving a combinational circuit controller

6Deoxyribonucleic acid: a double helix structured nucleic acid that contains
all the genetic information used in the development of all biological organisms.
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Fig. 2. Gene is activated by the correct matching of proteins that favor the transcription of the gene. The gene is transcribed when it becomes active producing
a protein that may affect various functions of the cell it is produced in. Furthermore, the produced protein has the ability to bind genes within the cell to
enhance or inhibit their activity or diffuse outside the cell to enter another cell. The resulting interactions of genes and proteins form a network of genes
(GRN) creating a dynamical network. Hence, a gene’s transcription is indirectly affected by the preconditional coding of the gene, activity of other genes,
activity of genes in other cells, and environmental changes that may cause the production of further proteins.

are its ability to be implemented in hardware, and also the
well established successful training mechanisms for small
combinational circuits such as [29], [64], [65]. Evolution of
artificial neural nets (ANN) has also been well developed,
and there exist many tools and mechanisms for the evolution
of complex artificial neural networks, such as [66], [67].
Although both combinational circuits and ANNs are more
widely used and established in EC, GRNs also have their
advantages. GRNs (or GRN inspired computational models)
are a common way of modeling a cell control mechanism
within a developmental system. GRNs are highly dynamic
computational networks that provide complex dynamics. A
system with complex dynamics may benefit from the ability
to change its state with the changing environmental conditions
without the need to retrain, which can create an adaptive
mechanism within the system. The highly dynamic nature of
a GRN can provide multiple attractors for the same genotype
allowing adaptation, differentiation, and robustness against
disturbances and loss of functionality in genes [45]. Another
advantage of a GRN based controller is that a GRN can be
highly evolvable; a biologically inspired computational model
may be more evolvable than a traditional computation model
such as circuits. This is due to biological processes being a
product of evolution itself [60].

In summary, different implementations of cell controllers
aim to achieve similar objectives, and the choice of controller
type is up to the researcher. In most of the models listed in
Table I, the cell controller is a model of the biological GRNs.
Although each of the GRN models use various implementation
approaches, such as differential equations (DE) or rule-based
formalisms, they all aim to create a dynamic network of self-
regulatory genes. A numerical implementation of GRNs has
advantages such as better precision in predictions (if modeled
correctly). Whereas, a qualitative model like rule-based GRNs
can incorporate more detailed and varied biological knowledge
into the system. For a more detailed information on various
ways of modeling GRNs, see [68].

A developmental model that was not listed in Table I, but
has been shown to provide successful results is the model

designed by Roggen [19]. The system designed by Roggen
lacks the use of any cell controller, and relies completely on
the effects of growth and cell signaling (diffusion). In this
model, it was assumed that the cell controller is not needed for
the developmental system designed. The system would always
start with a group of pre-placed diffusers in a cellular grid,
and the chemical diffusing from these diffusers would activate
cells on contact. The state of each cell is determined by the
concentration of the chemical present in the cell. Hence, there
is a lack of gene processing unit in each cell, and the genotype
may only represent the location of diffusers in the cell grid and
the contents of a chemical level to function block translation
table.

B. Cell Signaling

Cell signaling is an important part of development in
multicellular organisms. It controls cellular activities and co-
ordinates the cells in an organism. In biology, the cellular
communication is established via the use of chemicals, which
carry information depending on their type and intensity (con-
centration). In biology there are three main modes of signaling.

1) Direct contact: this type of cell signaling only involves
the cells in direct contact of each other. The signaling
chemical does not diffuse from the cell producing it,
but travels to the cell in direct contact of the host cell;
hence no other cells would be affected by the signals.
Fagotto in [69] referred to contact signaling in cells as
“emerging as a major mechanism of communication in
developing tissues.” Thus contact signaling is a crucial
part of the initial stages of multicellular development in
biology.

2) Short distance: short distance signaling involves the
diffusion of chemicals from a cell to its neighbors. The
diffusing chemicals degrade quickly limiting their effec-
tive area to a small neighborhood of cells. Short distance
signaling complements contact signaling mechanism in
embryonic patterning [69].

3) Long distance: long distance signaling can also be
important for a multicellular organism in regulating the
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development and coordination of the overall organism.
In animals, the endocrine system is the mechanism
that establishes a long distance chemical signaling for
cells. In plants auxins are thought to be inter-cellular
messengers for long distance signaling. Through auxin
signaling, cellular patterning, and meristem and vascular
development are thought to be mediated [70].
Coordination of large number of cells via simple chem-
ical diffusion is not possible, and a more complex
system like the endocrine or auxin is needed. It is noted
in [69] that “unrestricted diffusion is often undesirable
in embryos in which small ensembles of pluripotent
cells are required to respond only to local signals for
proper patterning, even if they express a large number
of different surface receptors.” However long distance
communication of cells is a more complex mechanism
than the short distance and direct contact signaling
mechanisms, and its role in development is less under-
stood in biology.

Direct contact signaling is the more common signaling
mechanism in ADSs that model multicellular development: it
can be observed in Table I that the listed models prefer direct
contact signaling more often than short distance (diffusion)
signaling. Models that use direct contact signaling only are [2],
[4], [31], [71], and [3]. The majority of these models, [2],
[71], and [4], that only use direct contact signaling are
developmental models with similar characteristics to cellular
automata, which specifically model the developmental effects
of neighborhood communication. Models that only implement
direct contact signaling also do not need to model graded
chemicals in their system. The lack of simulating chemicals
in an artificial model creates a simpler design.

An advantage of using Boolean interactions instead of
simulating graded chemicals in a developmental system is
the decrease in the processing time and complexity of the
developmental model [4], [31]. Other examples of ADSs
using boolean interactions include [2], [30], and [71]. In
fact, [30] and [71] only used the local phenotype state to
model regulation rather than using explicit communication
strategies. On the other hand, modeling chemicals in a de-
velopmental system provides the ability to have more precise
interactions amongst genes and cells. All the other researchers
listed in Table I made use of the graded chemicals in their
systems. In the earlier models, Kitano and Jakobi used a
complex model of response strategies that may have over-
complicated the system [54], [55]. Eggenberger’s work that
followed Kitano and Jakobi succeeded in providing impressive
results, and this model had provided a much simpler response
strategy [13].

Modeling chemicals in an ADS allows the use of communi-
cation via chemical diffusion in the system. Chemical diffusion
has been used successfully as an organizing mechanism on its
own [19], thus it is a mechanism worth implementing as part
of a developmental system. Most of the developmental models
presented in Table I also use graded chemicals as part of
their system, and achieve promising results. Steiner et al. [63],
Jakobi [54], and Zhan et al. [72] only used diffusion based
communication mechanisms to achieve multicellular coordina-

tion and differentiation in their models. Kitano [55] mentioned
that diffusion in correct proportions is beneficial to achiev-
ing useful developmental behavior. However, developmental
systems that do not use chemicals have also been shown to
demonstrate scalability and stability in EC [4], [31], [71].

In the experiments provided by Flann [8] direct contact
signaling was the more effective signaling method when
compared with diffusion in achieving various patterns. All
the pattern types, mosaic, patch, and border patterns were
successfully achieved using contact signaling only. Whereas
diffusion signaling was only effective for some patch patterns
and the border patterns [8]. However, diffusion may be useful
for controlling the growth of an organism. A gradient of
chemicals can be created via diffusion amongst the cells that
can provide the necessary information for stopping growth of
a developmental organism before the entire organism space is
filled. Miller had noted that without the presence of graded
chemicals, it would be “unlikely, if not impossible, to achieve
solutions that grow and then stop growing that meet the target
objective” [18].

The need for graded chemicals has been partially investi-
gated by Haddow and Hoye [4] after an earlier attempt by
Miller [18]. Miller later realized that his experiments used
boolean regulation for chemicals rather than graded regulation,
i.e., the developmental model under test did not make use
of the graded chemicals. Haddow and Hoye [4] concluded
that increasing the number of chemicals in the developmental
model inversely affected the performance of the system in
achieving target patterns.

The GRN model presented by Haddow and Hoye uses a
unique approach to modeling GRNs: only the cell state of
the neighboring cells is used for inter-cellular communication,
and the chemicals that are produced inside a cell as a result
of gene transcription are only used within the cell for self-
regulation of genes. Unlike most other GRN models that
use graded chemicals, Haddow and Hoye’s model does not
represent proteins as chemicals but as genetic actions, and
there is no chemical diffusion or any other form of communi-
cation involving chemicals. Hence, graded chemicals are only
used for representing information within a cell. Due to the
minimalistic role of chemicals, they increase the complexity of
the search space rather than providing finer tuned information
processing in the GRN and the developmental system [4].

C. Growth/Cell Division

Growth and cell division in biological development is a key
process that enables a single cell organism to transform into a
multicellular organism. Cell division creates a copy of a single
cell with both the parent and daughter cells sharing the exact
copy of the genome. The number of cells in an organism grows
due to cell division. Growth is the change in the overall size
of the organism due to multiplying numbers of cells as well
as physical growth in the size of individual cells. An organism
may grow to a predefined size that is mostly determined by the
genotype, e.g., animals, or its size may be highly dependent
on the environmental conditions, e.g., ivy. Hence depending
on the nature of the organism and the environment, the growth
and cell division processes may never stop.
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TABLE I

List of Some of the Micro-Model Artificial Developmental Systems Specifically Designed for Computational Problems With the

Common Developmental Mechanisms Used by Each Model

Developmental Cell Communication Growth/ Cell Graded Target Stable Robustness
Model Controller Mechanisms Division Structure Chemical Use Phenotype

Dellaert and Beer RBN Direct YES Emergent None 2-D patterns None None
[2] (control)

Jakobi GRN Diffusion YES Functional Present ANN None None
[54] proteins (robot control)

Kitano GRN Diffusion YES Protein Present ANN None None
[55] and direct Concentration

Eggenberger GRN Diffusion YES Functional Present 3-D patterns None None
[13] and direct Proteins

Bentley and Kumar Rules Direct YES Emergent None 2-D patterns None None
[30] (CA) and routed

Miller CGP Diffusion YES Circuit output Present 2-D patterns Up to 10 Transient fault
[59] (Circuits) and direct (emergent) Steps Recovery

Tufte and Haddow Rules Direct YES Emergent None 2-D patterns None None
[71] (CA) on hardware

Federici ANN Diffusion YES NN output Present 2-D patterns Up to 2 Transient fault
[46] and direct (emergent) Steps Recovery

Gordon GRN Direct YES Protein None Circuits None None
[31] Concentration

Haddow and Hoye GRN Direct YES Functional Optional 3-D patterns Up to 10 None
[4] Proteins Steps

Devert et al. ANN Direct NO NN output present 2-D patterns stability transient fault
[3] (emergent) checked recovery

Steiner et al. GRN Directable YES Functional Present 3-D pattern Stability Resistance to
[7], [63] diffusion proteins checked unwanted mutations

Zhan et al. GRN Controlled YES Protein Present Circuits Stable Transient
[72], [73] Diffusion concentrations Protein levels Recovery

Evidently this does not comprehensively cover all the major artificial developmental systems. There were several criteria in determining which
developmental systems to include: chronological spread of the designs and a spread of researchers involved in the design of the developmental system
were part of the criteria. Another criterion was to include systems specifically designed to solve computational problems using multicellular
development. Space was also a limiting factor as well as the listed criteria. The developmental systems listed on this table will be referenced throughout
the rest of this paper.

All the ADSs listed in Table I feature some form of growth
and cell division except the model designed by Devert et al [3].
Cell division and growth in ADSs is a way of controlling the
number of cells active in the organism, and it provides the
opportunity for a system to expand when extra resources are
provided, hence adapting to its new environment. However,
growth and cell division processes add extra complexity to
the developmental system and they increase the simulation
time and extend the developmental steps required to reach a
mature organism. If the number of cells required for the target
organism’s size is known and is equal to the maximum number
of cells available then eliminating the growth and cell division
mechanisms from the developmental system may be beneficial.

D. Genotype-Phenotype Mappings

There are various implementations of mapping the devel-
opmental interactions to phenotype in the literature. Some
systems (especially ones that do not use GRNs), interface
the regulatory elements of the developmental system with the
phenotype by using the phenotypic information as a regulatory
element. In these models information from the phenotype is
retrieved to be used as a regulatory input to the developmental
system, and an output of the developmental system is used
as a feedback to alter the phenotype directly. Dellaert and
Beer use this approach in their random Boolean network

(RBN) based developmental model [2], as well as Bentley
and Kumar, Tufte and Haddow who use CAs in their develop-
mental models [30], [71]. Miller’s circuit based, and Federici’s
ANN based developmental models also interface phenotypic
information directly to cell regulation [46], [59]. Haddow
and Hoye also use this mechanism in their GRN based
model [4].

In the remaining of the developmental systems listed in
Table I, only artificial proteins/chemicals are used to define
developmental environment, and only this information is used
by the genes. Some of these systems use predefined pro-
teins/chemicals as either structural or regulatory proteins, and
others allow all proteins to perform both structural and regu-
latory functions. The system of Devert et al. is an exception
to this, since it uses the chemicals from neighbors as inputs
to a neural network in order to determine the phenotype and
output chemicals of a cell [3]. In the rest of the approaches
the structural proteins are interfaced to the phenotype in two
different ways. They can either be used as functions that are
part of the transcription process that make use of the genetic
information in a gene to alter the phenotype [13], [54], [63] or
they can be used as phenotypic outputs of the developmental
system and mapped directly (or after some post processing,
e.g., via a look up table) to the phenotype at the end of a
developmental phase [31], [55], [72].
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E. Diffusion

Table I lists various developmental models. More than
half of these models implement some form of diffusion
mechanism as a distant cell signaling mechanism. The only
exception of a distant cell signaling mechanism that does
not involve diffusion is the routed signaling implemented
by Bentley and Kumar [30]. In this mechanism, two cells
form direct connections with each other regardless of the
distance between them. Not limiting the direct connections
to the nearest neighbors, a symmetry breaking behavior via
a distant signaling mechanism is achieved. Since diffusion
is a more popular and biologically inspired form of short-
medium distance signaling, a simple diffusion mechanism is
also modeled in the developmental system used here (same
mechanism used in [59]); the mechanism involves constant
diffusion of chemicals from each cell to their four cardinal
neighbors.

The diffusion mechanisms implemented in the developmen-
tal systems displayed in Table I vary in their implementation,
possibly providing different effects on the multicellular devel-
opmental system in each case. Zhan et al. [72] extended the
model used by Miller [59] by the addition of a cell membrane
and a chemical pathway. The cell membrane prevents the
diffusion of chemicals below a certain threshold level, and
the pathway provides a conversion table to convert the type of
the chemicals to be diffused out to another chemical type. The
cell membrane in [72] could be a good improvement since it
provides a more controlled diffusion mechanism, and as it was
discussed earlier; unrestricted diffusion in biological embryos
is undesirable [69], which may also apply to ADSs. Steiner et
al. [63] use a diffusion layer for the diffusing chemicals, the
chemicals are diffused into the layer constantly but it is accom-
panied by cell adhesion and sorting which indirectly controls
the direction of diffusion by moving cells within the organism.

Whether a more complex and bio-inspired diffusion mecha-
nism is required for a more evolvable developmental system or
a simple diffusion mechanism is sufficient is not clear without
empirical data. Biological analogy could be used to suggest
that uncontrolled diffusion is undesirable, but biological data
cannot always be relied on for models designed for EC. On
the other hand most of the applications could be tackled by
cell contact signaling [8], hence a diffusion mechanism may
increase the ADS complexity and might not be beneficial at
all.

IV. The Artificial Developmental System

As stated earlier, the ADS used in this paper is an already
existing model that was designed to enable scalable evolution
of digital systems such as circuits [9], [37], controllers [74],
and image compression tools [75]. The model that will be de-
scribed in this section is the original design that was introduced
in [9] without any current optimizations or simplifications.
Therefore, the system described will have all the assumptions
made in the initial design. Starting with an existing model
that has been successfully used in previous works should
demonstrate the available room for improvement in existing
models, and the flaws of a design process that relies on

assumptions and the existing literature. As noted earlier, the
ADS used in this paper is a micro-model that uses an artificial
GRN as the cell controller. The GRN is implemented as a rule
based formalism.

Each gene is treated as a rule with a condition and a
result (i.e., pre and post-conditions). A gene will be activated
when the precondition is met, and when a gene is active its
postcondition will be processed. The precondition of a gene
specifies the proteins (and other chemicals) that need to be
present or absent in order to activate the gene. Thus a protein
(further detailed in Section IV-B) can inhibit, enhance or have
no effect on the activation of a gene. The post-conditional part
of a gene specifies which protein to produce, and the action
to be taken by the produced protein. In the model presented
here some of the proteins have functional tasks, but all of
the proteins participate in regulating the activation of genes.
Hence, there is no difference in the regulatory or behavioral
proteins as all proteins are regulatory. A short pseudo-code
description of the simulation process of the GRN is detailed
in Algorithm 1.

The model presented here makes use of graded chemical
regulation of genes; all the proteins are treated as chemicals.
Only direct contact and short distance signaling are used as
cell signaling mechanisms in the ADS. Since there is still
little understanding for the capabilities of ADSs in solving
engineering and computer science applications, the described
ADS is not expected to be capable of designing organisms
complex enough to benefit from long distance signaling. As
stated in Section III-B, long distance signaling is the least
understood cell signaling mechanism in biology, and the
least modeled communications in ADSs. Hence, it is also
convenient not to implement it as part of the ADS, which
will result in a simpler design.

The direct contact mechanism implemented in the model
here was inspired by the Plasmodesmata in plants. Plasmod-
esmata are microscopic channels that breach the cell walls of
plant cells forming a tunnel between two cells, hence enabling
the passage of chemicals between them [39]. There are two
ways of creating plasmodesmata, they can either be formed
during cell division or between two mature cells. As described
in Section IV-B the direct contact signaling is implemented
as a result of the synthesis of a plasmodesma protein, which
can create a tunnel connecting the two cells. When a tunnel
between two cells is established a free flow of chemicals
between the two cells is allowed, hence the two cells share
the same concentration of chemicals.

The other signaling mechanism implemented is the short (or
medium) distance signaling, which is modeled as diffusion.
The diffusion process is carried out for all chemicals available
in every cell; half of an available chemical diffuses out of a
cell equally to the four nearest neighbors, i.e., each neighbor
obtains 1

8 of the cell’s chemicals. This diffusion model used
is unrestricted diffusion, and although this model has been
commonly used in developmental models before [47], [59],
[72], [76], it may be undesirable in artificial development as
well for similar reasons to biology. As mentioned earlier, in
biology it is noted that an unrestricted constant diffusion is
often undesirable [69].
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Fig. 3. Example gene of 32 bits is shown. The first 16 bits are reserved for
the preconditional part, which specifies the rules to activate the gene. There
are eight chemicals defined in this figure; the first four being reserved for
proteins, while the last four are messenger molecules (see Section IV-B). Each
chemical’s required presence or absence is specified by a 2 bit number, which
provide two don’t care states. In the event of a don’t care state, the presence
or absence of a chemical has no effect on the activation of the particular gene.
The second 16 bits of the gene is reserved for the postconditional part, which
provides the ID of the chemical produced as a 2 bit number (this means that
only the first four chemicals [proteins] can be produced, i.e., the messenger
molecules cannot be produced via the activation of a gene), which is then
followed by a 14 bit number. The last 14 bits in the gene define the action
of the chemical produced if it has one (further explained in Section IV-B), if
not the last 14 bits are treated as junk.

The signaling mechanisms will be further investigated in
Section VI to see whether there is a better model of these
signaling mechanisms or whether they are needed at all.
Change in chemical levels due to diffusion and direct contact
signaling are adjusted at the end of a developmental step for all
cells. Thus, the GRN always works with the chemical levels
that are determined at the start of a developmental step; this
aims to reduce the bias in the course of development due to
the order of cell updates.

A. Gene Representation and Processing

The genotype is represented as a chain of binary strings, and
each binary string represents an individual gene in the genome.
A fixed length binary implementation of the genes was chosen
to make the application of the GRN model straightforward
on an embedded processor. Similar to the gene representation
used by Gordon [31], each gene is modeled as a rule with two
sections; pre and postconditional sections. The preconditional
part of a rule specifies whether the activation of the rule
could be enhanced, inhibited or unaffected by the presence of
known chemicals. For a gene to be activated all the activating
chemicals must be present and all the inhibiting chemicals
must be absent. In other words a logic AND is used as the
precondition function. Each chemical has a concentration,
and it is considered to be present if its concentration is
at or above a predetermined threshold level, otherwise it is
considered absent. Chemical concentrations are represented as
8-bit integer values, hence the possible values are between 0
and 255. All of the processing in the ADS is done using binary
and integer operations. The postcondition of a gene defines
the chemical that is produced, and depending on the type of
chemical produced, the information for the action it is going
to take is also included within the postcondition. Encoding of
an example gene is illustrated in Fig. 3. More detail on the
types of chemicals is provided in Section IV-B.

The GRN is processed synchronously, from the start of the
genotype to the end. The GRN of each cell is also processed
synchronously, starting from the top left cell and moving from
one cell to another (left to right and top to bottom). This
means that the results of a processed ADS are dependent

Algorithm 1 The pseudo-code for the simulation of Gene Regulatory
Network for one time step.

1: ORGANISM stores all the cells available for development
up to MAXCELL;

2: CELL is an individual entity that models a biological cell
3: for each CELL cell in ORGANISM do
4: if cell is ALIVE then
5: for each GENE g in GENOME do
6: if (promoter chemicals for g) > PROMOTE-

THRESHOLD then
7: promote ← true
8: else
9: promote ← false

10: end if
11: if (inhibitor chemicals for g) > INHIBITTHRESH-

OLD then
12: promote ← false
13: end if
14: if promote then
15: comment: Process the postcondition of g
16: proteinProduced ← protein type specified by

postcondition of g
17: increase proteinProduced in cell by PROTEIN-

PRODUCTIONRATE
18: comment: Check if proteinProduced has any

functions to carry out
19: if proteinProduced = PLASMODESMA then
20: tunnelDirection ←information from g on the

direction of tunnel
21: tunnelOpen ←information from g whether to

block or form a tunnel
22: if cell’s neighbor in direction tunnelDirection is

not ALIVE then
23: if tunnelOpen then
24: grow a new cell in direction tunnelDirec-

tion and
25: form a plasmodesmata between cell and

the new cell
26: end if
27: end if
28: else if proteinProduced = STRUCTURING then
29: extract information from g to modify cell struc-

ture
30: else if proteinProduced = SENSOR then
31: extract information from g for monitoring the

cell surroundings
32: end if
33: end if
34: end for
35: end if
36: end for

on the order of genes in the genome as well as the order
of cells in the organism. Although this diverts from biology,
the processing of the ADS becomes straightforward. The GRN
of each cell is processed every developmental time step which
synchronizes the organism. Every time step the developmental
system progresses a step further, making it older. The changes
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to the chemical concentrations due to gene activations are
done in real time, but the changes caused via cell signaling
are recorded in a temporary buffer and made at the end of
each developmental step. Whether a chemical will bind a
gene is dependent on the concentration level of the chemical
and the consumption rate of the chemical. In a cell (i), the
concentration level (Zigtc) of a chemical (c) by the time it
reaches a gene (g) depends on its initial concentration (Xitc)
at the start of the developmental step (t), the amount of the
chemical used by the previous genes in the genome (Bigtc), and
the concentration of chemical produced by the previous genes
in the genome (Oigtc). At age 0 the concentration levels of all
chemicals are 0, and the consumption rate (Rgc) of a chemical
is a constant (either hard-coded or evolved) that specifies
the amount of a chemical consumed if the chemical binds a
gene

Zigtc = Xitc + Oigtc − Bigtc. (1)

Whether a chemical will bind a gene is a boolean operation
(Yigtc), and it depends on available chemical concentration, and
chemical consumption rate

Yigtc =

true
Zigtc

Rgc
� 1

false
Zigtc

Rgc
< 1.

(2)

B. Protein Synthesis

Biological protein synthesis involves the process of a protein
transcribing a gene (binding the promoter sequence to activate
the gene), where the genetic information (postconditional
region) is copied into a mRNA (messenger RNA7). This is
followed by the mRNA strand moving out of the nucleus
of a cell to meet a complimentary tRNA (transfer RNA).
Each tRNA molecule compliments the opposing bases on
the mRNA strand perfectly. These in turn have the amino
acid sequence to successfully code for a particular amino
acid which forms a protein. Hence, the amino acids (aka
peptides) from the tRNA and mRNA combine to form a
polypeptide chain (proteins), and can be used in a variety of
structures such as enzymes and hormones to carry out a cell
function. Although protein synthesis in biology covers a series
of complex processes, simply put it is the phase of building
proteins.

In the ADS described here, protein synthesis does not
involve the simulation of RNA molecules. Once a gene is ac-
tivated with the correct binding of proteins the postconditional
part of the gene is processed, i.e., the gene is transcribed. The
first part of the postconditional part of a gene specifies the ID
of the protein to be produced. The protein produced is supplied
into the cell at a predetermined protein production rate. Once
the protein produced is added to the cell protein repository,
the rest of the gene postcondition is processed depending on
the type of protein produced. The production (synthesis) of a

7Ribonucleic acid: a nucleotide chain that is transcribed from and similar
to DNA, but has small structural differences.
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Fig. 4. In a multicellular environment using the four basic protein types
a cell is able to: interact with its environment, grow, structure itself, and
form a multicellular organism. The basic functions of the listed proteins
are demonstrated in this figure. Only cell 1 is drawn completely, certain
components are omitted in other cells. In the actual implementation of the
organism there are no spaces between cells, they are only separated by their
borders. In the example above, cells 1 and 2 both have active plasmodesma
proteins, which cause the formation of a channel on both cells toward the
other, creating a plasmodesmata to allow free movement of proteins from one
cell to other. Cells 1 and 2 both also have active plasmodesma proteins on
their southern sides. Cell 1’s southern neighbor does not exist, so the active
plasmodesma protein initiates a growth process in that direction. However,
cell 2’s southern neighbor is an alive cell with no plasmodesma protein, thus
cell 2 forms an unconnected channel on its southern wall. The four sensors
drawn monitor the outside activity on four sides of each cell and produce
sensor proteins with the changing environment. The structuring proteins are
produced by the GRN to change the physical structure of the cell, which is
connected to the physical inputs and outputs of the cell.

protein triggers a protein action in the cell. For this action,
the protein produced uses the remaining information provided
by the gene it was produced by to coordinate its actions.
The chemical types (including proteins) and their actions are
detailed within Section IV-C.

C. Chemicals

The GRN system implementation used in the ADS de-
scribed here makes use of various chemicals that are used for
gene regulation; affecting cellular functions, and communica-
tion. Chemicals are classified in two groups as proteins and
molecules. The proteins build the organism, create a regulatory
network, and are used for multicellular communication. The
molecules are used as part of the regulatory system as well,
and they help monitor the environmental changes for regula-
tory adaptation. The proposed GRN system has four types of
proteins:

1) Plasmodesma Protein: Plasmodesma proteins are in-
spired by the Plasmodesmata in plants (similar to the gap junc-
tion in animals). When a plasmodesma protein is synthesized,
it forms a tunnel in one of the four cardinal directions (North,
South, East, West), and if the neighboring cell also has formed
a tunnel in the corresponding direction, the two tunnels join
together allowing the passage of proteins between the two cells
(the joint tunnels are termed plasmodesmata in this paper).
After the two cells are connected by plasmodesmata (tunnels),
they share the same protein distribution. If the neighboring cell
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space (of the cell where the plasmodesma is produced) is not
occupied, a cell division is initiated. During the cell division
plasmodesmata is created connecting the two daughter cells
(one of which now fills the empty cell space). Although in
plants the plasmodesmata size is known to shrink as the cells
mature (thus filtering larger proteins) [39], this is omitted in
our developmental system for simplicity. However, the callose
deposition is simulated. The callose deposition causes the
blockage of the plasmodesmata, which prevents the transport
of all proteins through the plasmodesmata. In our system this
is initiated by a specifically encoded plasmodesma protein.

2) Structuring Protein: Structuring proteins are the type
of proteins that build and change the physical structure of
the cell. When a structuring protein is produced, it uses the
information provided by the gene to alter the physical structure
within the cell. The physical structure of a cell refers to
the cell’s role in the application domain, e.g., a component
part of a digital circuit, a control system or an image pixel.
When a structuring protein is produced, the cell phenotype
is altered. For example, if the cell phenotype is represented
as a 32-bit integer, a transcribed structuring protein may make
bitwise changes in the 32-bit number using the postconditional
information provided by the gene producing the structuring
protein (see Fig. 3). This provides an emergent structure for the
cells in the developmental system, aiming to create an effective
mapping of developmental dynamics to organism structure.

There is still little understanding on how to map the dy-
namics of a developmental system to engineering applications.
Hence, it is not possible to distinguish between the different
methods of processing and mapping the developmental infor-
mation to a phenotype. Using specific proteins that can alter
the phenotypic structure of the cell during the ongoing devel-
opmental process has the potential to extract more information
from the dynamics of the ADS rather than using the protein
concentration values at the end of a developmental stage. The
evolvability of the latter two methods of phenotypic mapping
in creating patterns will be briefly investigated in Section VI.

We reviewed various genotype-phenotype mappings used in
micro-model developmental systems in Section III-D. How-
ever, in such developmental approaches it is still not known
how best to map the dynamics of a developmental system
to engineering applications. Hence, it is not possible to dis-
tinguish between the different methods of processing and
mapping the developmental information to a phenotype.

3) Sensor Protein: The sensor proteins are produced by
the GRN to act as sensors around the cell by monitoring
the external environmental changes in the phenotype domain.
The sensor proteins produce different kinds of messenger
molecules for different outside activity. This enables environ-
mental factors to affect the GRN activity, possibly creating a
more interactive developmental system.

4) Regulatory Protein: Although every protein is a regu-
latory protein, there are proteins that only exist for regulatory
purposes. These proteins, just like every other protein, control
the GRN activity by their presence or absence, but they do not
have any other purpose. Thus when a regulatory protein is pro-
duced by a gene, the information provided by the postcondition
of the gene is discarded. The unused parts of the gene provide

a neutral search space, which can have positive effects on
evolvability. It has been shown that neutrality provides stability
via preventing deleterious mutations, and helps evolution avoid
local optima, thus creating a smoother search space [77], [78].

Apart from the four proteins introduced, there is another
type of chemical called a messenger molecule; molecules
have different regulatory properties compared to proteins. The
messenger molecules are produced by the sensor proteins that
monitor the phenotype domain when present. The messenger
molecules cannot be produced directly as a result of gene
activity (protein synthesis) since their purpose is to regulate
the gene activity via the environmental response, but they can
still bind to activate or deactivate genes.

It is intended that these chemical types will give the cells
the ability to form an interactive multicellular organism that
can achieve scalability, adaptivity, and fault tolerance. Fig. 4
portrays the role of these chemicals in a simple multicellular
organism.

The developmental system presented here features cell di-
vision and growth as these are inspirational parts of biological
development, and there are no known comparisons in literature
on the effect of the presence or lack of cell division and
growth.

Pseudo code summarizing and describing the implementa-
tion of the ADS is presented in Algorithm 2. This algorithm
only details the functions that are executed during each devel-
opmental step. It refers to the gene regulatory activity in each
cell as a function call to GRN(). The pseudo-code description
of the gene regulatory network simulation in the organism is
detailed in Algorithm 1. Lines 8–13 of Algorithm 2 detail the
cell signaling procedures. When two cells are connected via
tunnels (plasmodesmata) the concentrations of their chemicals
are combined and shared equally to the two cells. This
process is carried out by individual cells, and each cell only
controls the tunnels to its east and south neighbors. Since the
processing is done from top left most to the bottom right
most cell, there is no need for each cell to check all four
directions for the contact cell signaling process. Lines 15–18
detail the diffusion process where each chemical is constantly
diffused out to four nearest neighbors. During the ongoing
diffusion process, the changes to the chemical concentrations
are not recorded on the actual values but stored in temporary
variables. These variables are then later used at line 23 to
update the actual chemical concentrations for each cell. This
way the order of update of cells does not bias the diffusion
process. By the end of the Algorithm 2 at line 30 the cell
structure, which is a single or an array of integers, is translated
for the target system. If the target system is a reconfigurable
hardware device, the integer values are converted to a binary
string to configure a part of the reconfigurable device. If the
target system is an image, and the cell represents a pixel, then
the integer value8 is used to represent a pixel color for the
cell.

8The integer value representing the cell function needs to be kept within 0
to max number of possible colors for the target image. A modulo operation
is used to ensure this.
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Algorithm 2 The pseudo-code for the simulation of artificial devel-
opment for one time step.

1: ORGANISM stores all the cells available for development
up to MAXCELL

2: CELL is an individual entity that models a biological cell
3: call function GRN(); comment: see Algorithm 1
4: for each CELL cell in ORGANISM do
5: if cell is ALIVE then
6: comment: Direct Contact signaling.
7: comment: Only need to check EAST and SOUTH

as the previous cells were to the NORTH and WEST
8: if cell has a PLASMODESMATA to EAST then
9: share chemicals with the neighboring cell on the

EAST
10: end if
11: if cell has a PLASMODESMATA to SOUTH then
12: share chemicals with the neighboring cell on the

SOUTH
13: end if
14: comment: Diffusion
15: for each CHEMICAL c in CHEMICALS do
16: divide 1

2 of c to each neighboring cell
17: store changes to chemicals in a buffer available for

each cell
18: end for
19: end if
20: end for
21: for each CELL cell in ORGANISM do
22: comment: Update Cell States
23: update the actual chemical values from the buffers
24: reset the buffers to 0
25: adjust the chemical values to be within 0 to

MAX CHEMICAL LEVEL
26: if cell was newly created then
27: set cell state to ALIVE
28: end if
29: comment: Build Target Structure—problem dependent
30: translate cell’s structure for the target system
31: end for

V. The Evolutionary Algorithm Framework

In the experiments described here, the resulting develop-
mental systems are always evolved using an evolutionary
algorithm. Evolution is used to find the genetic information
(genome) that can represent the desired system after being
fully developed. An evolutionary strategy (ES) with a popula-
tion size of 7 and an elite size of 2 is used, i.e., ES(2+5). There
is no crossover implemented but an adaptable mutation rate in
the 0.5-10% range that changes with respect to the rate of
change in the fitness, see Algorithm 3. The use of adaptive
mutation rate in ES has been previously shown to boost
the algorithm performance. More information and various
investigations into self-adaptive evolutionary parameters such
as mutation and crossover can be found in [79].

Algorithm 3 The pseudo-code for the variable mutation rate. This is
part of a function that is called once every evolutionary generation.

1: comment: At the start of evolution convergence is set to
1 and Mutation Rate is set to 0.5%

2: if one of the top two individuals from the previous
evolutionary generation is now the best individual then

3: convergence − −;
4: else
5: convergence + +;
6: end if
7: if convergence = 0 then
8: comment: Mutated individuals are all worse; decrease

the mutation rate
9: if MutationRate > 0 then

10: MutationRate − −;
11: end if
12: convergence ← 1;
13: else if convergence > 0 then
14: comment: Mutation did not hurt; increase the mutation

rate
15: MutationRate + +;
16: convergence ← 1;
17: end if
18: if MutationRate < 0.5% then
19: MutationRate ← 0.5%;
20: else if MutationRate > 10% then
21: MutationRate ← 10%;
22: end if

A. Selection

A refined fitness function is used for all the experiments
discussed in this paper; further detailed in each experimental
section. All fitness functions used in the experiments here work
by penalizing the bad solutions. Hence, the lower the penalty
given to an individual the better it is considered to be. Each
generation is formed by carrying over the two best performing
individuals, and creating three offspring from the best and
two offspring from the second best individuals. An equally
performing offspring is always favored over a parent in the
next generation’s selection process.

VI. Investigation

In the developmental system presented, the tuning of the
developmental system and the inclusion/design of multicel-
lular developmental mechanisms (e.g., cell signaling) was
mostly done by making educated guesses on the behavior
and effects of these mechanisms and parameters. Although
there are various implementations and uses of developmental
systems in literature, there is not much exhaustive work on the
investigation of the effects of developmental parameters and
mechanisms on artificial multicellular development.

Without thorough investigation the tuning of a complex
dynamical system like an ADS is not feasible, and before
using an ADS to solve complex problems, it is important
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to understand the effects of mechanisms and parameters that
might have a drastic impact on an ADS’s performance.

This section investigates the importance of various mecha-
nisms and parameters on the ability of the ADS to successfully
achieve cellular organization that matches a given ordered
pattern. These mechanisms and parameters are:

1) diffusion;
2) direct contact signaling;
3) protein production and chemical consumption rates;
4) chemical thresholds for gene binding;
5) various chemical/protein types;
6) the methods of mapping development to a phenotype;
7) preconditional and postconditional decision methods;
8) artificial simulation of food reliance.

The problem of explaining how genetic mechanisms can
produce the many differentiated patterns of cells found in
multicellular biological organisms remains a fundamental re-
search challenge in molecular and developmental biology [10].
Inspired by this we have devised a series of benchmarks based
on pattern formation. Although developing spatial patterns
does not appear directly useful in engineering applications,
it proves to be very useful for examining and comparing
micro-model developmental approaches and ascertaining the
importance of mechanisms and parameters. We use three types
of patterns, which were also examined in [8], namely:

1) mosaic patterns;
2) border patterns;
3) patch patterns.

Three main pattern types were selected in order to test the
ADS on building ordered structures of different types. ADSs
have been well established in successfully matching ordered
patterns, and ordered patterns are a common part of biological
development as well. Hence, using ordered patterns of differ-
ent regularities is a convenient and intuitive way of providing
initial benchmarking experiments to ADSs. The experiments
involving these spatial patterns do not intend to demonstrate
the capabilities of the provided ADS in machine learning or
artificial intelligence. In fact the simplicity of these experimen-
tal tests are a key part of the investigations undertaken, since
it is important to fully understand the changes in the behavior
of the ADS with different mechanisms. The independence
of mechanisms investigated cannot be guaranteed but using
a well understood problem domain for artificial development
provides an easy to digest investigation that is open to future
extensions.

These three types of patterns demonstrate different ordering
characteristics and complexities in patterns for the experiments
testing the characteristics of the ADS. A mosaic pattern is a
periodic pattern that repeats a smaller motif over the whole
pattern area. A border pattern is a group of cells (pixels)
isolated by a thin layer of different types of cells. Finally,
a patch pattern is the division of different groups of cells
into an aperiodic partitioning of groups of cells of the same
type. These three types of patterns are also common in natural
development, and they can be seen in various parts of different
developmental organisms [8]. Out of these three categories, six
patterns are chosen as test patterns for all the experimental

Fig. 5. Patterns used for investigating the effects of developmental mecha-
nisms and parameters. A border pattern with asymmetric borders of size 6×6
is the first pattern. The next three patterns (size 8 × 8) are of mosaic nature
with different complexities. The simple 2-color (simplest of the three) and
4-color mosaic patterns have a 2 × 2 size for the periodic pattern, whereas
the 2-color mosaic pattern (most complex of the three) has a 4 × 2 size for
its periodic pattern. The next two patterns (size 8 × 8) can be classified as
patch patterns, one being the popular French flag pattern and the other one a
patch pattern of 8 colors. A border around the French flag pattern is added
making it a hybrid—bordered patch pattern.

Fig. 6. Developmental path of some evolved organisms that form the pat-
terns in Fig. 5 are shown. (a) 2-color mosaic pattern. (b) Simple 2-color
mosaic pattern. (c) 4-color mosaic pattern. (d) Asymmetric borders pattern.
(e) Bordered French flag pattern. (f) 8 color patch pattern.

scenarios. These patterns are illustrated in further detail in
Fig. 5. Each pixel of a pattern is represented by a cell,
which specifies the color of the pixel as the cell type. For
all the patterns except the eight patches pattern in Fig. 5, the
maximum number of color types is set to 4 (i.e., colors range
from 0 → 3). For eight patches pattern the maximum number
of color types is increased to 8.
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The experiments described in this section are composed of
50 evolutionary runs for each case, each evolutionary run being
limited to 1 million evolutionary generations. The evolutionary
algorithm is the one described in Section V. Non-deterministic
maturing is used for all the runs, and the maximum maturing
age is limited to 30. This means that the organism would not
always be expected to mature at a fixed developmental step,
but it would be allowed to mature at any developmental step
between a minimum (3 in the experiments presented here) and
a maximum (30 in the experiments presented here). Each run
that achieves the perfect representation of the target pattern
is evolved further (until the generation limit is reached) until
a stable solution is found. To test the stability of a run, the
organism is developed for ten extra developmental steps (e.g.,
19 → 28) and for each step matched to the target pattern. If an
organism can form a pattern for ten consecutive developmental
steps, it is marked as a stable solution. Of course in reality not
all the solutions marked as stable are in fact stable. Testing a
candidate solution for 100% stability is too time consuming to
be incorporated into the evolutionary phase. The test used here
filters most of the transient solutions, and encourages (but not
force) evolution to find stable solutions. Fig. 6 illustrates the
developmental path of the target patterns from a single cell,
as it can be seen each organism has a different maturing age.
The developmental path of some of the organisms achieving
imperfect solutions in the experiments provided are shown at
the end of this section in Figs. 19 and 20.

In the rest of this section, the experiments for each investi-
gation are presented and analyzed in respective subsections.
The experimental data may be presented and analyzed in
three different forms. The first form presents the number of
successful runs (as well as the stabilized runs) for each ex-
periment in bar chart form. These bar charts provide a simple
comparison between different test cases in terms of finding the
perfect solution to the given problem. For experiments where
the number of successful runs does not provide sufficient
information, the fitness information (or sometimes the number
of evolutionary generations to find successful solutions) is
used to create box and whisker plots for each experimental
case.

A box plot displays a variety of information about the
sample data being plotted. The median of a sample data is
shown as a line in the middle of a box. The 25th and 75th
percentiles of a sample are drawn as the lower and upper lines
of the box. The distance between the lower and upper lines of
the box is referred to as the inter-quartile range. The rest of
a sample is shown by the whiskers of the plot, which covers
up to 1.5 times the inter-quartile range of the sample. If there
are any data outside the range covered by the whiskers, these
are then marked by diamond symbols above and below the
whiskers and they are referred to as outliers. The notches in
the box plot, first introduced by [80], are a graphic confidence
interval about the median of a sample. A small confidence
interval demonstrates a good sample of data. A side-by-side
comparison of two notched box plots can provide information
on the statistical difference between the two data sets. If the
notches of the two data sets do not overlap the medians are
significantly different at a 95% confidence.

To provide a clearer differentiation among some specific
cases, statistical and scientific significance comparison tests
are used; the ranksum (p-value) and Vargha–Delaney A statis-
tic tests. A 5% significance level is used for all the rank-
sum tests presented in this section, hence a p-value of <5%
indicates a statistically significant difference in the results of
the two ADS versions being compared. To analyze scientific
significance, the Vargha–Delaney A statistic is calculated,
which is a measure of effect size compared to stochastic
noise [81]. This statistic is independent of the sample size
and has a range of 0–1: a value of 0.5 indicates identical
performance between the two samples. Values smaller or larger
than 0.5 suggests increasingly large effect sizes; a value larger
than 0.5 indicating a better performance for the first of the two
samples. An A statistic value greater than 0.64, or less than
0.36, indicates a “medium” or “large” effect size [81]. Any
comparison demonstrating “medium” or “large” effect sizes is
considered to be scientifically significant.

A. Direct Contact signaling

Contact signaling is the most popular cell signaling model in
ADSs (see Table I). It is simple to implement, and biological
evidence strongly suggests that direct contact signaling is an
essential part of development [69]. Experiments in this section
will investigate the usefulness of direct contact signaling.
Three versions of the developmental model with different con-
tact signaling mechanisms are investigated in the experiments.
In the ADS used here, contact signaling is established by the
mutual transcription of plasmodesma proteins (described in
Section IV), which form connections between two neighboring
cells. These connections are formed as plasmodesmata, a
tunnel, between the two cells.

1) Simple tunnels: the initially designed version of plas-
modesmata between two cells involved a “simple tun-
nel;” no filtering of chemicals were done, and all the
chemicals available in both cells were entirely shared
amongst the two cells.

2) Controlled tunnels: a more complex version of the
original design. When a plasmodesmata is formed, the
chemicals are not freely shared between the two cells.
A chemical may pass through the tunnel only as a result
of further gene regulation. A chemical is transferred
through an existing tunnel when a plasmodesma protein
coded with the concentration and identity of the chemi-
cal to transfer through the tunnel is expressed by a gene.
This approach of contact cell signaling is more complex
than the original design, but it provides individual cells
the chance to protect their specialization in case of an
emerging plasmodesmata with their neighbor. In the
original design, the cells that are connected together
were forced to share all their chemicals creating two
identical cells at the cost of loss of the identity of both
cells, causing loss of information. Simple tunnels may
have had adverse effects on the ADS performance by
making cell specialization a tougher task.

3) No contact signaling: in this case direct contact signaling
is disabled, i.e., no plasmodesmata (tunnels), leaving
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Fig. 7. Bar charts displaying the number of successful runs out of 50 runs
for five of the six experimental patterns tried by developmental models using
different contact signaling mechanisms. For the eight patches pattern none
of the models returned a successful run. Grey bars show the total number
of successful runs and black bars show the successful runs that are also
stable. A indicates controlled tunnels, B simple tunnels, and C no tunnels.
(a) Asymmetric borders. (b) Simple 2-color mosaic. (c) 2-color mosaic.
(d) 4-color mosaic. (e) French flag.

diffusion as the only cell signaling process within the
organism.

1) Analysis: The success rates of the experiments are pre-
sented in Fig. 7. All of the experiments suggest that a contact
signaling mechanism is essential for effective multicellular de-
velopment. The developmental system had a poor performance
for all the patterns when it lacked contact signaling (labeled
as No Tunneling); for some patterns the success rate was 0/50.
This strongly suggests that a simple diffusion mechanism on
its own is unable to organize a multicellular system effectively.

The newly introduced direct contact signaling model
(marked as controlledTunnels) improved the success rate as
well as the number of stable solutions in all patterns (except
eight patches pattern). In most cases the simple tunnels model
is unable to provide an effective signaling mechanism. This
suggests that even though the controlled tunnels model is a
more complex signaling model than the simple tunnels, the
developmental system greatly benefits from the larger control
over the shared chemicals between individual cells.

Since none of the versions of the ADS were able to find a
perfect match for the eight patches pattern, a box and whisker
plot (referred to as box plot) for the fitness achieved over the
50 runs for each experiment is displayed in Fig. 8.

The best fitness is achieved by the controlled tunnels contact
signaling mechanism at 9; meaning there were 9 mismatched
pixels from the target image. The controlled tunnels also

Fig. 8. Fitness box and whisker plot of the different contact signaling models
for eight patches pattern. The box plot shows the best (minimum) fitness
achieved as well as the fitness distribution via quartiles.

achieves the best fitness distribution among the three signaling
models, simple tunnels having the second best distribution.
The box plots indicate that controlled tunnels mechanism
provides a significantly different data sample from the other
two mechanisms, which has the lowest median value at 20.
The simple tunnels and controlled tunnels were analyzed for
scientific and statistical significance with rank-sum (p-value)
and Vargha–Delaney A statistic tests as well.

The comparison of simple tunnels with controlled tunnels
yields a p-value of < 10−6 and an A statistic of 0.104, which
suggests a statistically and scientifically significant difference
between the performance provided by the two methods, con-
trolled tunnels being significantly better.

2) Conclusion: Observing the data provided by Figs. 7
and 8, we can conclude that contact signaling for multicellular
organization is essential. However a careful design of contact
signaling is required in order to fully benefit from its use
in multicellular organization. Since the controlled tunnels
version of the contact cell signaling mechanism used in the
experiments here proved to be the most effective, the rest of
the experiments presented in this section use an ADS with
controlled tunnels contact signaling mechanism.

B. Diffusion

Previously, Section III-E discussed the simulation of dif-
fusion as a cell signaling mechanism in ADSs. It was noted
that although it may not be desirable to have uncontrolled
diffusion, many successful implementations of ADSs exist that
rely purely on chemical diffusion. The need for diffusion, and
how it should be implemented, as a cell signaling mechanism
for a successful ADS is not evident. The experiments in this
subsection intend to investigate these questions.

Six different diffusion models are investigated in this section
for their effects on the developmental system’s ability to
achieve the patterns shown in Fig. 5.

1) Unrestricted constant diffusion: the diffusion mechanism
that was included in the initial design. The diffusion
process is carried out for all chemicals available in
every cell each developmental step; half of an available
chemical diffuses out of a cell equally to the four nearest
neighbors, i.e., each neighbor obtains 1

8 of the cell’s
chemicals each developmental step.

2) Generic diffusion proteins: in this case the diffusion
process only takes place when a diffusion protein is
produced by a gene. When the dedicated diffusion
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Fig. 9. Bar charts displaying the number of successful runs out of 50 runs for different diffusion mechanisms in achieving the experimental patterns. The
aliases used in the x-axis are explained in Table II. (a) 2-color mosaic. (b) Simple 2-color mosaic. (c) French flag. (d) 4-color mosaic. (e) Eight patches.
(f) Asymmetric borders.

protein is produced by a gene, the diffusion protein
uses the information provided by the postconditional
part of the gene to determine the amount of chemical
concentration (same for each chemical type) to diffuse
out. Therefore the diffusion of chemicals is controlled
by gene regulation within a cell.

3) Chemical specific diffusion proteins [diffusion protein
(DP)]: in this case when the dedicated diffusion protein
is produced by a gene, the diffusion protein uses the
further information provided by the postconditional part
of the gene to determine how much of which chemical
to diffuse out. Therefore the diffusion of each chemical
is controlled individually by the gene regulation within
a cell.

4) Diffusion layer: an extra layer for the diffusing chem-
icals is included to simulate a more realistic diffusion
of chemicals throughout the organism. A chemical only
diffuses from a direction of high concentration to a low
concentration and not vice versa in this case. The amount
of chemical that diffuses is described by (3): the flow
(�Ypat) of chemical a from position p to position q is
calculated as their difference in their concentrations Y .
DC is the diffusion constant.

5) Diffusers: these are chemical sources placed around the
organism diffusing out chemicals at a constant rate.
These diffusers are used as well as an unrestricted
constant diffusion of chemicals from the cells them-
selves. The idea of diffusers was used in Roggen’s
morphogenesis model [19].

6) No diffusion: diffusion mechanism is completely re-
moved from the system, only leaving cell to cell contact

TABLE II

Diffusion Mechanisms Used in the Experiments

Reference in
Plots

Mechanism

A Constant diffusion
B No diffusion
C Generic diffusion proteins
D Chemical specific diffusion proteins (DP)
E Diffusion layer with evolved diffusion constant (DC)
F Diffusion layer with fixed DC
G Diffusion layer that uses DP
H Diffusion layer with evolved DC that uses DP
I Diffusion layer with evolved DC that uses generic DP
J Diffusers in all cells 127
K Diffusers in all cells with no don’t care genes 127
L Single diffuser 127
M Single diffuser with no don’t care genes 127
N Single diffuser 255

signaling

�Ypat = (Ypat − Yqat)/DC. (3)

1) Analysis: Fig. 9 contains bar charts displaying the
number of runs the developmental system was successfully
evolved to match the patterns shown in Fig. 5 for different dif-
fusion mechanisms. Unlike the contact signaling experiments
there is no single diffusion mechanism that outperforms the
other mechanisms in achieving all the experimental patterns.
However just like contact signaling, diffusion had a big impact
on the ADS performance. Most of the problems suffered
from uncontrolled presence (except the bordered French flag
pattern) or total absence (except asymmetric borders pattern)
of diffusion.
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Unrestricted constant diffusion was only favored by the
popular French flag pattern, and had negative effects on the
formation of all other patterns. Although lack of diffusion
reduced the performance of the developmental system in
general, its effects were not as big as having constant dif-
fusion. Once more, introducing a more controlled method of
communication seemed to improve the ADS performance in
general. Fig. 9 shows that eight patches and 4-color mosaic
patterns benefited from the presence of an extra diffusion layer
in the system whereas 2-color mosaic, simple 2-color mosaic,
and eight patches patterns benefited from the use of diffusion
proteins. Use of diffusion proteins that control the diffusion
of single chemicals rather than the diffusion of all chemicals
at once slightly improved the performance in 4-color mosaic,
eight patches, and asymmetric borders patterns due to the
higher precision control in the ADS; whereas the performance
deteriorated in other cases due to the increase in the required
number of genes in the control of chemical diffusion. The use
of diffusers did not have any notable benefits, in fact in most
of the cases the performance of the ADS deteriorated when
diffusers were included in the system.

For some of the experiments with a diffusion layer, the
diffusion constant was evolved instead of being pre-set. For
most of the experiments this provided an improvement in
evolutionary performance, although not a big improvement.

Deciding whether the use of a diffusion layer, diffusion
protein, or both for controlling the diffusion process to achieve
the overall best diffusion mechanism for the ADS is not
very clear from the bar charts shown in Fig. 9. To provide
more information on the performance, Fig. 10 provides box
plots on the fitness distribution on all the runs of each
experiment. Since almost all the experiments on asymmetric
borders pattern had high success rates (i.e., fitness 0), the
box plots on the distribution of the number of generations
to achieve stable solutions is shown instead of the fitness
distribution.

Looking closely at the results of all the options for diffusion
mechanisms in Fig. 10, using a diffusion protein as the
diffusion control mechanism seems to give the best results.
But in every pattern except the French flag, the confidence
interval of the best diffusion protein runs overlap with the
confidence interval of the best diffusion layer runs. Hence,
it is worth taking a closer look at the best cases in a
side by side significance comparison for a better conclusion.
Table III compares chemical specific diffusion protein with six
different versions of the diffusion mechanisms using Vargha
Delaney A statistic and Mann–Whitney–Wilcoxon p-value. As
described earlier a p-value of <5% is considered to represent
a statistically significant difference between the two data sets
being compared, as well as an A value above 0.64 or below
0.36 representing a scientifically significant difference.

2) Conclusion: It is clear that a total presence of constant
diffusion or total absence of diffusion are both undesirable.
It is most advantageous to include a diffusion mechanism
in a micro-model developmental system that can easily be
controlled by the developmental system itself.

Addition of a diffusion layer or a diffusion protein in
the ADS improves the overall ADS performance compared

to constant or no diffusion. However, the use of diffusion
protein on its own seems to be sufficient, and the addition
of a diffusion layer—a more complex mechanism—does not
seem to make much difference. Hence, the optimal diffusion
mechanism is a diffusion protein in which the GRN controls
the chemical diffusion. Chemical specific diffusion protein
introduces extra complexity to the system, reducing the ADS
performance when compared to the generic diffusion protein
in some of the experimental patterns, but in the experiments
provided in this section the effects of this complexity is mostly
negligible. When a larger number of chemicals are used,
these effects may become more significant. It is noteworthy
that in the most complex of all the patterns tried in this
section, the 8 patch pattern, the use of chemical specific
diffusion protein made a significant improvement in the fitness
distribution. The performance difference between the two
different implementations of the diffusion protein are almost
marginal, but there was one case (the 8 patch pattern) where
the chemical specific diffusion protein provided better results
with a scientific significance. The performance differences
between the two implementations of the diffusion protein in
all other experimental problems were below the A statistic
significance threshold.

C. Mapping The Cell Phenotype

The function of the cell (referred to as the cell phenotype
from now on), which is part of the target function for the
ADS (e.g., a pixel value in the case of patterns) can be built
in a number of ways. The common method of obtaining the
cell phenotype is to use a mechanism within the developmental
processes of the cell to provide a structural output as an emer-
gent result of the developmental processes. The most popular
way of building the cell phenotype in systems that use GRNs is
to use specialized proteins that change the cell phenotype when
they are being expressed during the developmental process.
Other developmental systems that do not use GRNs tend to use
the evolved developmental cell program both for regulatory
purposes and building the cell phenotype. Therefore the cell
phenotype is determined by one or more of the outputs of the
cell program. The behavior of the cell phenotype in these cases
is directly affected by the developmental processes. There are
few other methods of building the cell phenotype, and most
of these methods are an emergent result of the developmental
progress of the organism. This is the case for all except three
of the developmental models listed in Table I; Gordon [31],
Kitano [55] and Zhan et al. [72] did not use integrated
mechanisms within development that build the cell phenotype
as an emergent result of the respective developmental system.
Instead they use the chemical concentrations at the end of a
developmental step or phase to map the cell phenotype (in the
application domain).

In this section some experiments were carried out to in-
vestigate whether there is an advantage of using an extra
mechanism within the GRN based developmental system to
build the cell function, or whether it is as good to make
use of the chemical concentrations within each cell at the
end of a developmental step to build a cell function for
every cell. Using the chemical concentrations at the end of a
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Fig. 10. Box plots of fitness distribution in 50 runs for the different diffusion mechanisms in achieving all the patterns except the asymmetric borders pattern;
box plots of the number of evolutionary generations in finding stable solutions are shown for the asymmetric borders pattern. The aliases used in the x-axis
are explained in Table II. (a) 2-color mosaic. (b) Simple 2-color mosaic. (c) French flag. (d) 4-color mosaic. (e) Eight patches. (f) Asymmetric borders.
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TABLE III

Statistical Comparison of Diffusion Mechanism Using Chemical Specific Diffusion Protein (Labeled As ‘‘Diffusion Protein’’) With

Six Other Diffusion Mechanisms

Scientifically better cases for the chemical specific diffusion protein are marked with tick marks, and worse cases are marked with crosses; explained
further below the table. For the statistical significance the actual p-values are shown, and the statistically significant difference in the effects of the two
mechanisms are recorded in bold white text. For all examples except asymmetric borders, the final fitness distribution for each experiment is used. For
the asymmetric borders, number of evolutionary generations required to achieve stable solutions is used to calculate the A statistic and the p-value.

(a) Simple 2 Colour Mosaic (b) 2 Colour Mosaic

(c) French Flag (d) 8 Patches

Fig. 11. Box and whisker plots on the fitness distribution of the different
methods of constructing cell phenotype. The aliases used in the x-axis
are explained in Table IV. (a) Simple 2-color mosaic. (b) 2-color mosaic.
(c) French flag. (d) Eight patches.

TABLE IV

Labels for Each Structuring Mechanism Used in the

Experiments

Reference in Plots Mechanism
A Structuring proteins
B Concentration of all proteins
C Concentration of a dedicated protein

developmental step to create a cell function is not biologically
plausible, however it simplifies the cell structuring process.
Hence, once more this imposes a question on the evolvability
of bio-inspired versus simplistic mechanisms.

The experiments in this section only use the French flag,
simple 2-color mosaic, 2-color mosaic and the eight patches
patterns as test patterns. There are three versions of cell
structuring methods tested.

1) The structuring protein: this uses a dedicated protein to
change the cell phenotype when it is produced during
the gene processing. This is part of the initial design of
the developmental system described in Section IV-B.

2) Concentration of a dedicated protein: in this case, the
structuring protein has no action when it is produced
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TABLE V

Statistical Comparison of Developmental System Using the Concentration of A Single Protein for Cell Structuring to the

Developmental System Using Structuring Protein

Statistical Comparison French Flag Simple 2-Color M. 2-Color M. Eight Patches
Vargha Delaney A Statistic 0.160 0.012 0.035 0.527

p-value <10−6 <10−6 <10−6 0.387

TABLE VI

Statistical Test Results for the Developmental System That Uses the Concentration of Multiple Proteins to Map the Cell

Phenotype Compared With the Developmental System With Structuring Protein

Statistical Comparison French Flag Simple 2-Color M. 2-Color M. Eight Patches
Vargha Delaney A Statistic 0.036 0.121 0.018 0.018

p-value <10−6 <10−6 <10−6 <10−6

during the gene processing stages. At the end of a
developmental step, the concentration of one of the
proteins is used as an output; the concentration value is
divided by the maximum chemical concentration level,
multiplied by the number of possible cell functions and
rounded down to an integer value in order to obtain the
cell phenotype.

3) Concentration of all chemicals: in this case all the
chemicals in the system are used for determining the
cell function. The chemical with highest concentration
is used to set the cell function, and each chemical
corresponds to a specific cell function.

For all the experiments the ADS used contact sig-
naling with “controlled tunnels” as discussed in Sec-
tion VI-A, and a constant diffusion mechanism as described in
Section III-B.

1) Analysis: In all test cases the runs where multiple
and single protein concentrations were used to define cell
functions showed poor success rates. Therefore, rather than
using success rate bar charts, the final best fitness values
are used to create box plots (Fig. 11). In almost every
case using a structuring protein to build the cell phenotype
resulted in better performance. Further statistical analysis of
structuring protein mechanism versus the other two meth-
ods of mapping the cell phenotype are shown in Tables V
and VI.

In all cases except one using the structuring protein
proved to be significantly better. The exceptional case is
the eight patches problem where the use of single protein
concentration gives slightly better results. However, in this
case the use of single protein concentration does not provide
a scientifically significant improvement (a statistic of 0.527
against structuring protein), and the distribution difference
from the case with structuring protein is not statistically
significant (p-value of 0.387).

2) Conclusion: From the observations made, using protein
concentrations to build the cell phenotype made the devel-
opmental system’s ability to create specialized cells harder.
It was observed that the cell specializations arise from the
different developmental path taken by each cell rather than
their final developmental state. For example every cell in
an ADS might always end up having similar concentration

levels of chemicals at the end of each developmental step, but
the changes to the chemical concentration levels during the
processing of the GRN would be different for each cell. Thus
using information relating to changes in the chemical levels
during the processing of the GRN rather than the chemical
levels at the end of a developmental step provides a more
precise way of differentiating a cell.

In conclusion, using an emergent mechanism employing
structuring proteins to build the cell phenotype proved to be
more successful than using the final protein concentrations at
the end of a developmental phase.

D. Protein Production and Chemical Consumption Rates

In a GRN system the interactions between chemicals and
genes are the direct determinants of the computational pathway
the GRN system undergoes, and the final states it stabilizes to.
As seen earlier (in Fig. 2), the presence of chemicals determine
whether a gene will be activated, and the activation of a
gene increases the amount of a protein (which is a chemical)
available in the system, which also regulates the activation
of genes. The amount of chemical needed to activate a gene
and the amount of protein produced after the activation of
a gene affects the number of genes that will be active at
one time as well as the number of genes that will never be
active within the GRN. The amount of chemical needed to
activate a gene is referred to as “gene activation threshold;”
the minimum concentration of a chemical required to bind
a gene. The amount of protein produced after the activation
of a gene is referred to as “protein production rate.” When a
chemical binds to a gene, a certain amount of that chemical
is “used up” by the gene, this is referred to as “chemical
consumption rate.” These three values directly or indirectly
control the gene activation that can be evolved during the
evolution of the developmental system or they can be set
to a constant value before the evolution phase. Although
each target organism might have a different optimal set of
values for the gene activation threshold, protein production and
chemical consumption rates, evolving these values might not
be beneficial as it increases the dimensionality of the genotype.

In order to find out the most evolvable approach to de-
termining the developmental parameters of gene activation
thresholds (investigated in Section VI-E), protein production
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Fig. 12. Success rates of experiments with different protein production and chemical consumption rates are displayed. The aliases used in the x-axis are
explained in Table VII. (a) 2-color mosaic. (b) Simple 2-color mosaic. (c) French flag. (d) 4-color mosaic. (e) Eight patches. (f) Asymmetric borders.

TABLE VII

Labels for Each Protein Production and Chemical

Consumption Values Used in the Experiments

Reference Mechanism

A Original setting, Prod: 255
96 , Cons: 255

48 , Plas prod: 255
24

B A single evolved value
C A value evolved per gene
D Production: 255

12 , consumption: 255
6

E Production: 255
24 , consumption: 255

12
F Production: 255

48 , consumption: 255
24

G Production: 255
12 , consumption: 255

12
H Production: 255

24 , consumption: 255
24

I Production: 255
48 , consumption: 255

48
J Production: 255

12 , consumption: 255
24

K Production: 255
24 , consumption: 255

48
L Production: 255

48 , consumption: 255
96

M Production: 255
48 , consumption: 255

96 , Plasmodesma prod: 255
192

N Production: 255
64 , consumption: 255

128
O Production: 255

64 , consumption: 255
96

P Production: 255
64 , consumption: 255

128 , Plasmodesma prod: 255
255

and consumption rates (investigated in this subsection) for a
developmental system, a series of experiments involving all
six patterns shown in Fig. 5 were performed.

Three different experiments involving setting the protein
production and chemical consumption rates are investigated.

1) Preset values: a protein production rate that is the same
for all genes in the GRN, and a chemical consumption

rate that is also the same for all genes and chemicals
are initialized at the start of an experiment. Various
combinations of different values for both are used for
all the experiments.

2) Evolved values: a protein production rate that is the
same for all genes in the GRN is evolved, as well as
a chemical consumption rate that is also the same for
all genes and chemicals. Therefore only two extra values
need to be evolved for each developmental system.

3) Evolved values per gene: a protein production rate and
a chemical consumption rate are evolved for each gene.
This provides a finer tuning of the protein production
and chemical consumption rates but increases the evo-
lutionary search space further by the increasing number
of genes.

The experiments provided in this section use “controlled
tunnels” as the contact signaling mechanism, and a constant
diffusion mechanism. Table VII provides the details for the
labels used in the plots used for the protein production
and chemical consumption rates experiments. These rates are
detailed in the table as “Production: X” for protein production
rate of X, “Consumption: Y” for chemical consumption rate
of Y , and “Plasmodesma prod: Z” for the production rate of
plasmodesma protein—for experiments that used a different
production rate for plasmosdema protein (the contact cell
signaling an growth protein). One of the experimental cases
in the plots presented in this section is detailed as “original
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Fig. 13. Box plot of fitness values (the number of evolutionary generations required to achieve stable solutions for the asymmetric borders pattern) reached
at the end of each run out of 50 runs of each experiment with different protein production and chemical consumption rates are displayed. The aliases used in
the x-axis are explained in Table VII. (a) 2-color mosaic. (b) Simple 2-color mosaic. (c) French flag. (d) 4-color mosaic. (e) Eight patches. (f) Asymmetric
borders.

setting;” this represents a protein production rate of 255
96 for the

plasmodesma protein and 255
24 for the rest of the proteins, and

a chemical consumption rate of 255
48 for all chemicals (255 is

the maximum chemical concentration). The “original setting”
is used for the experiments in the other sections of this paper.
The “original setting” was obtained during the initial design
as a result of manual tuning of the system.

Fig. 12 shows the results of the experiments. Various com-
binations of protein production rate at the activation of a gene
and chemical consumption rate at the binding of a chemical
to a gene are tested. The aim is to see whether there exist a
single best combination for these developmental parameters
or whether they need to be tuned for each application. If

the latter, then evolving the protein production and chemical
consumption rates will create a more adaptive system by
allowing evolution to tune the ADS. If all the applications can
be easily developed with a single set of these parameters then
using a fixed set of optimized values would be more beneficial
as it would reduce the load on the evolutionary algorithm.

The protein production and chemical consumption rates are
evolved with two different approaches. The first approach
evolves a protein production and a chemical consumption rate
for the whole organism. So, every cell and every gene use
the same pair of values for protein production and chemical
consumption rates. The second approach evolves the protein
production and chemical consumption rates for each gene.
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Hence, the genome length is extended in the second approach
to accommodate these rates for each gene. Evolving these
rates per gene will provide evolution the ability to tune
these parameters at a finer level, but if the effect of these
parameters is not large then the evolutionary performance
will deteriorate due to the increase in evolutionary search
space.

1) Analysis: The results in Fig. 12 show that different
patterns have different optimal protein production and chem-
ical consumption rate values. A compromise setting between
the patch and border patterns would be a protein production
rate at 255

48 and chemical consumption rate at 255
96 , which

provides not the best but close to best performance for all
three patterns. But for the mosaic patterns, this combination
of protein production and chemical consumption rates is far
from ideal. Evolving these parameters is the best compromise
amongst all six patterns, and evolving a set of these rates per
gene rather than a single set for the whole organism seems
to make a significant difference. For a better understanding
of the performance difference obtained via the evolution of
these rates, fitness box plots of the results are provided in
Fig. 13, with the exception of asymmetric borders pattern.
For the asymmetric borders pattern the number evolutionary
generations to achieve stable solutions is used rather than final
fitness values.

2) Conclusion: Although evolving the protein production
and chemical consumption parameters for the ADS during
the evolution phase made a large performance improvement
for the mosaic patterns, this is not true for the patch and
border patterns, see Fig. 13. However, even though the patch
and border patterns suffer from the use of evolved protein
production and chemical consumption parameters, overall, it
is worth evolving these parameters for each gene. By evolving
the protein production and chemical consumption parameters
for each gene:

1) The performance loss in the worst case problems (e.g.,
evolving asymmetric borders pattern) is balanced by the
time it would take to determine the optimal combination
of these parameters before running experiments for each
problem.

2) There is more control for evolution to fine tune the ADS.
3) Due to the drastic effects these rates might have on

the evolvability of the ADS, evolving these rates per
gene resulted in better results when compared with the
evolution of these rates as global values for all genes.

E. Gene Binding Threshold

Three different approaches of setting the chemical concen-
tration threshold for gene binding were investigated.

1) Pre-set thresholds: the minimum concentration required
for a chemical to bind a gene is preset to a constant value
before evolving the developmental system. All the genes
and chemicals use the same threshold value.

2) Evolved thresholds per gene: the minimum concentra-
tion required for a chemical to bind a gene is evolved
for each gene during the evolution phase.

3) Soft thresholds: the idea of relaxed threshold limits are
implemented in a simplistic way. The “original setting”

Fig. 14. Success rates of experiments with different chemical to gene
binding thresholds. Only the most successful settings are shown for some of
the test patterns, e.g., 2-color mosaic. Eight patches pattern is omitted because
none of the runs in this section returned a success. The aliases used in the
x-axis are explained in Table VIII. (a) Simple 2-color mosaic. (b) 4-color
mosaic. (c) Asymmetric borders. (d) 2-color mosaic. (e) French flag.

is used for this case but when a protein concentration
drops or increases to the chemical threshold level, the
switching from present to absent or absent to present is
not done immediately but a further X amount of chemi-
cal concentration increase (if switching to present state)
or decrease (if switching to absent state) is allowed.
Concentration X is determined via a random number
generator that returns a value between 0 and 15.

The experiments provided in this section use “controlled
tunnels” as the contact signaling mechanism, and a constant
diffusion mechanism. Table VIII provides the details for the
labels used in the plots for the chemical to gene binding
thresholds. These rates are detailed in the table as “Gene
inhibition thresh: X” X being the minimum concentration
required of a chemical to bind an inhibitory site of a gene,
and “Activation thresh: Y” Y being the minimum concentration
required of a chemical to bind an excitatory site of a gene. One
of the experimental cases in the plots presented in this section
is labeled as “original setting;” this represents a chemical to
gene binding threshold level of 127 (max

2 ) for both inhibiting
and enhancing chemicals. The “original setting” is used for
the experiments in the other sections of this paper.

1) Analysis and Conclusion: Evolving the chemical to
gene binding thresholds improved the performance in most
patterns when compared to experiments with pre-set values,
and in two cases (French flag and 4-color mosaic) the results
were comparable to the best case (“original setting”) (see
Figs. 14, 15). Although none of the experiments returned a
perfect matching result for the eight patches pattern, evolving
the chemical to gene binding thresholds improved the fitness



KUYUCU et al.: AN INVESTIGATION OF THE IMPORTANCE OF MECHANISMS AND PARAMETERS IN A MULTICELLULAR DEVELOPMENTAL SYSTEM 337

TABLE VIII

Labels for Protein Concentration Threshold Values Used in

the Experiments for Activating Or Inhibiting A Gene

Reference in Plots Mechanism
A Original setting
B Evolved thresholds
C Gene inhibition thresh: 255

4 , activation thresh: 255
4

D Gene inhibition thresh: 255
2 , activation thresh: 255

4
E Gene inhibition thresh: 255

4 , activation thresh: 255
2

F Soft thresholds at 255
2

distribution (with the best fitness being 4 mismatched pixels)
when compared to pre-set cases (see Fig. 15). The “soft thresh-
olds” implementation have only complicated the chemical to
gene binding processes and had no benefits in any of the tested
cases.

Once more evolving a developmental parameter improved
the overall evolvability of the ADS.

F. Other Mechanisms

The use of extra mechanisms in an ADS may enrich the
model by providing access to areas of design space that
were not accessible before. Some mechanisms may allow the
developmental system to reach certain points in the design
space more easily by creating a less rugged search space. On
the other hand extra mechanisms may increase complexity
of the ADS hence slowing it down. Mechanisms that only
duplicate the already existing abilities of a system may create
larger biases toward a specific area of a design space forming
a more rugged search space. Whether the inclusion of a
mechanism in an ADS is beneficial is often not clear. A
biologically inspired developmental system is highly dynamic,
and it is poorly understood. Predicting the changes in the
dynamics of a dynamical system is a challenging task. Ex-
tensive empirical data on the behavior of the ADS with and
without the mechanism in question can help with the decision
on whether the mechanism is worth keeping as part of the
ADS.

Six developmental mechanisms that were not used in the
previous experiments are investigated in this section.

1) Local proteins: the effect of proteins that are only
involved with the regulation of the GRN within the
source cell is investigated. This is similar to the role
of the chemicals in Haddow and Hoye’s model [4].
The local proteins are not used for cell communication,
hence they are not diffused or allowed to pass onto the
neighboring cells via plasmodesmata (tunnels). In [4], it
was demonstrated that chemicals which are only used
for local cell regulation increase the complexity of the
search space without any visible advantages.

2) Messenger molecules: in Section IV-C the roles of
messenger molecules were explained, but for the exper-
iments presented thus far they were not used. The idea
of messenger molecules is to provide a more adaptive
system in changing environments, which does not really
correspond to stable patterns. Nonetheless the effect of
messenger molecules on the evolvability of the ADS for

evolving stable patterns is investigated. In the pattern
forming experiments presented here, the sensor proteins
are used to monitor the phenotype of the neighboring
cells and produce messenger molecules accordingly. The
use of phenotypic information from the neighboring
cells to regulate the developmental system has already
been used in many developmental systems before. In
fact, almost half of the ADSs listed in Table I include
this mechanism in their systems [2], [4], [30], [46], [59],
[71].

3) Voter decision mechanism: the decision mechanism on
the activation of a gene in the initial design is simply
a conjuctive expression. As an alternative mechanism a
voter is used for deciding the activation of a gene. The
voter mechanism counts the number of bound enhancers
and inhibitors, and activates the gene when there are
higher number of enhancing bindings or zero inhibitors.
The aim of the voter decision mechanism is to provide
a smoother transition between active and inactive genes
rather than a sharp transition provided by a conjuctive
expression.

4) Protein consuming genes: although the genes consume
proteins when proteins bind to a gene, protein con-
suming genes use up proteins as the result of their
postcondition as well. The ability to further consume
a protein may allow the GRN to regulate the protein
chemical levels more precisely, and create redundant
behavior for further gene degeneracy in the system.

5) Unproductive genes: genes that do nothing when acti-
vated are named unproductive genes. Similar to protein
consuming genes these genes may be useful for protein
regulation.

6) Food reliance: a new type of chemical that is modeled
to act as artificial food for the cells in the ADS is
introduced. The food chemical is required by the cells
to process genes, and every time a gene is activated
the food chemical is used up. The absence of food
chemical prevents the activation of genes. This chemical
is diffused within the organism but it is not shared
between neighboring cells via contact cell signaling. The
food chemical is supplied via an outside source which is
located around the organism, and the source supplies a
constant amount of food chemical every developmental
step to the cells on the outside borders of the organism.
The food chemical cannot bind the genes and it cannot
be produced by the active genes. In Table IX, the food
reliance is given a “supply level,” which is the amount
of food chemical being supplied by the outside source
every developmental step.

1) Analysis: Unlike most of the previous experiments the
inclusion of different mechanisms presented in this subsection
did not have a large effect in the performance of the ADS.
The patch patterns slightly benefited from the use of “local
proteins,” whereas the mosaic patterns suffered from their use
(see Fig. 16). The same is true for “protein consuming genes,”
which gave the “simple 2-color mosaic” pattern a boost in
performance, and deteriorated the performance of the other
patterns. It is not surprising that the messenger molecules does
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Fig. 15. Fitness box plots of every pattern except the asymmetric borders pattern are displayed in this figure for different chemical to gene binding threshold
experiments. Due to the high success rate of most experiments in achieving the asymmetric borders pattern, the number of evolutionary generations to achieve
stable results is used for its box plots. The aliases used in the x-axis are explained in Table VIII. (a) 2-color mosaic. (b) Simple 2-color mosaic. (c) French
flag. (d) 4-color mosaic. (e) Eight patches. (f) Asymmetric borders.

Fig. 16. Success rates achieved by the different developmental mechanisms. The aliases used in the x-axis are explained in Table IX. (a) 2-color mosaic.
(b) Simple 2-color mosaic. (c) French flag. (d) 4-color mosaic. (e) Eight patches. (f) Asymmetric borders.
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Fig. 17. Box plots of the results from the experiments with the different developmental mechanisms. The aliases used in the x-axis are explained in Table IX.
(a) 2-color mosaic. (b) Simple 2-color mosaic. (c) French flag. (d) 4-color mosaic. (e) Eight patches. (f) Asymmetric borders.

TABLE IX

Labels for the Charts and Plots of Experiments With Various

Developmental Mechanisms

Reference in Plots Mechanism
A Original setting
B Two local proteins
C Voter decision mechanism
D Four messenger molecules
E Food reliance-supply level 255
F Protein consuming genes
G Unproductive genes
H Eight messenger molecules
I Food reliance-supply level 32
J Food reliance-supply level 64
K Food reliance-supply level 128

not improve the evolvability of ADS in pattern experiments,
since these chemicals are designed to adapt the ADS in a
changing environment.

2) Conclusion: In conclusion, none of the mechanisms
described in this section made any real improvement on the
evolvability of the ADS; some of them simply increased
the biases in achieving certain patterns. The best overall
performance was achieved without the use of any of these
mechanisms. Fig. 17 illustrates the changes in the evolvability
of the ADS with the new mechanisms well; most of the
time the use of new mechanisms did not affect the fitness
distribution (number of generations for the asymmetric borders
pattern). Only changing the decision mechanism to a voter
(not shown in all the plots) had really deteriorated the ADS
performance.

G. Improving the ADS

The previous subsections have investigated various mech-
anisms and developmental parameters that affect the evolv-
ability of a bio-inspired GRN based multicellular ADS in
mimicking the organization of simple ordered patterns. It was
shown that several of these mechanisms (e.g., cell signaling,
adaptive parameters, and so on) had drastic effects on the
evolvability of the multicellular ADS. Table XI summarizes
the results of these experiments.

In this section the best of the mechanisms that have signif-
icant effects on the evolvability of the ADS are shown side
by side along with the original design of the ADS, and with
a combination of all these “best” mechanisms. The aim is to
obtain an idea on the amount of effect one mechanism may
have on the evolvability of the ADS in comparison to the
others, as well as demonstrating the amount of improvement
that can be achieved via the use of correct combination of
developmental mechanisms in an ADS.

Fig. 18 displays the number of successful runs (as well
as the stable ones) out of fifty runs for each version of
ADS in solving the six different patterns shown in Fig. 5.
“Original setting” in the charts refer to the initial design of the
developmental system; “simple tunnels,” constant diffusion,
pre-set chemical versus gene interaction constants. All the
other experiments use “controlled tunnels,” and have only one
other mechanism implemented differently from the “controlled
tunnels” experiments. In a final case all the improved mecha-
nisms are used as part of the ADS.

1) Analysis: The mosaic and the eight patches are the
patterns that generally benefit from the combination of all the
improved mechanisms. In most cases the initial design of the
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Fig. 18. Combination of all the best mechanisms compared to the “original setting“ and each best mechanism. The aliases used in the x-axis are explained
in Table X. (a) 2-color mosaic. (b) Simple 2-color mosaic. (c) French flag. (d) 4-color mosaic. (e) Eight patches. (f) Asymmetric borders.

ADS was unable to find any perfectly matching patterns in
fifty runs, and for the patterns it did, the success rate was
low (except asymmetric borders pattern). French flag pattern
benefited mainly from a single different implementation of
a mechanism—the “controlled tunnels” implementation of
contact signaling, and all the other “improved” mechanisms
lowered the performance of the ADS in achieving French
flag patterns. Asymmetric borders pattern was generally not
affected by the changes made to the ADS, however the
ADS achieved more stable asymmetric borders patterns with
the use of “controlled tunnels” contact signaling. The most
complex patterns—eight patches, 4-color mosaic and 2-color
mosaic—benefited from the combination of all the “improved”
mechanisms greatly, obtaining an improvement of 100–400%
from the best case achieved among the other experimental
runs. Using the combination of all the improved mechanisms,
stable solutions were found for the eight patches pattern for the
first time. The development of few of the evolved organisms
from the final experiments are displayed in Fig. 19. The
illustrated examples show an example developmental path to
obtaining the desired patterns, as a contrast the developmental
path of the organisms with the lowest fitness scores are shown
as well. Fig. 20 shows the developmental path of organisms
obtaining a median fitness score, to provide an idea about what
an imperfect solution generally looked like. The development
of organisms that match the asymmetric borders and simple
2-color mosaic patterns do not exist in Fig. 20 because the
median fitness scored achieved in the experiments for these
patterns are 0, i.e., perfect match.

2) Conclusion: It seems that the contact signaling is
the most important multicellular developmental mechanism

TABLE X

Labels for the Charts Displaying the Results for Experiments

With the Best Mechanisms

Reference Mechanism
A Original setting
B Controlled tunnels
C Evolved binding thresholds
D Evolved chemical production and consumption rates per gene
E Diffusion protein
F Combination of B, C, D, E

investigated here, and a careful design of contact signaling
is important in obtaining an evolvable ADS. However contact
signaling alone is not sufficient for a flexible ADS in tackling
evolutionary computation problems (even small patterns), and
a careful design of other mechanisms is as important. The
importance of distant signaling, such as diffusion, should be
more apparent in problems that require the use of larger
number of cells. Also, the important role of contact sig-
naling should not diminish even when larger organisms are
developed, since localized organization of cells would almost
always be required. It is essential when solving unknown
problems that the ADS is not biased on a specific type
of multicellular ordering, and it is equally evolvable for all
evolutionary computation problems.

H. Limitations of the Current Results and Scope for Future
Work

The experiments show that a version of an ADS may
perform well on certain problems and equally poorly on
others. This strongly suggests that using a single class of
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Fig. 19. Development of one of the worst and the best organisms from
the experiments with the improved ADS (case F of this section). All of the
organisms evolved can match the simple 2-color mosaic pattern perfectly,
therefore only one of the organisms are displayed. (a) Development of the
worst 2-color mosaic pattern with 13 incorrect pixels. (b) Development of
a perfect matching 2-color mosaic pattern. (c) Development of a perfect
matching simple 2-color mosaic pattern. (d) Development of the worst 4-color
mosaic pattern with 25 incorrect pixels. (e) Development of a perfect matching
4-color mosaic pattern. (f) Development of the worst asymmetric borders
pattern with five incorrect pixels. (g) Development of a perfect matching
asymmetric borders pattern. (h) Development of the worst bordered French
flag pattern with 12 incorrect pixels. (i) Development of a perfect matching
bordered French flag pattern. (j) Development of the worst 8 patch pattern with
32 incorrect pixels. (k) Development of a perfect matching 8 patch pattern.

experimental problems for the empirical validation of an
evolutionary system is not sufficient and often misleading.
Although, a variety of organizational patterns were used for
the investigations presented, there are aspects of artificial
development that are not covered and the results obtained
here cannot be generalized. The aspects of development not

Fig. 20. Development of one of the organisms that achieve median fitness
scores in matching the respective patterns they are evolved to match. (a) 2-
color mosaic pattern with two incorrect pixels. (b) 4-color mosaic pattern
with five incorrect pixels. (c) French flag pattern with two incorrect pixels.
(d) Eight patch pattern with eight incorrect pixels.

covered by the current work include fault tolerance, adaptivity,
and development of dynamic phenotypes. Investigation of the
highlighted mechanisms on the evolvability of developmental
systems exhibiting such properties would be an important step
in generalizing the results obtained here. The fact that patterns
of different ordering provided different results in some of the
experiments strongly suggest that it is important to repeat these
experiments on other problem domains as well. Although this
will be time consuming, and probably a repetition of many of
the conclusions obtained here is likely, such an undertaking
is worthy for the certainty and solid understanding of the
developmental mechanisms and parameters in EC.

A number of important mechanisms and parameters in
multicellular development were explored by the investigations
provided in this paper, but many mechanisms were left out
and even more mechanisms and parameters that need detailed
investigations were found. Growth and cell division, cell move-
ment and adhesion, importance of the order of cell processing
in a developmental step, the use of signaling pathways, long
distance cell signaling (i.e., auxins and endocrine) are some of
the important and only partially explored mechanisms that can
have a significant effect on the performance of an ADS, and
these mechanisms would be worth investigating in the future.
It was also found in the experiments provided in this paper
that a detailed investigation of the decision mechanisms used
in the rule based GRN models and the techniques of mapping
a developmental system to a phenotype may provide important
advancements in the use of ADS in EC.

It would be also worth investigating and including fitness
function independent evolvability measures into future inves-
tigations as well as fitness function dependent measures for
even more reliable results and conclusions. Jin and Trommler
developed a fitness function independent evolvability measure
for GRN based ADSs, where the GRN is modeled using
differential equations [82]. It should be possible to extend the
method presented for developmental systems using rule-based
GRN models as well.
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TABLE XI

Summary of the Investigations Done on the Evolvability of A

Multicellular ADS in Forming Various Patterns

Mechanism Result
Contact It was shown that contact signaling is an essential part
signaling of an ADS, and its absence made pattern formation

almost impossible for some examples. It is also impor-
tant to design a contact signaling mechanism carefully,
in order to allow the ADS to be able to control the
intensity of signaling.

Diffusion It was shown that both the lack of and constant presence
of diffusion is undesirable. The best overall perfor-
mance was obtained via a simple method that gave ADS
control for the diffusion process without the need for
more complicated mechanisms.

Gene-
chemical
interactions

The optimal values for ADS parameters were shown
to be problem dependent. Most of the time a non
optimal combination of these parameters was shown
to be undesirable. Evolving these parameters during the
evolution of the genotype of the ADS provided the best
overall performance.

Extra The use of messenger molecules was introduced to
chemicals monitor the phenotypes of the neighboring cells. Local

proteins were introduced to regulate the dynamics
within a cell without the direct interaction of other
cells, and food chemical was introduced to create extra
level of control on the number of active genes. All
these chemicals provide alternative ways of guiding
the ADS by gene regulation, but none showed any real
improvement in the overall performance of the ADS.

Mapping It was observed that a cell has more information in the
development oscillations of its chemicals’ concentrations that arise

during gene interactions rather than the concentration of
its chemicals at the end of a developmental step. Thus
it was concluded that using the final concentrations of
chemicals to map the cell phenotype is inefficient.

Decisions Only two different decision mechanisms for activating
a gene were compared: a conjunctive expression and a
voter. There were large negative effects of using a voter
decision mechanism when compared to a conjunctive
expression. It would be worth investigating the effects
of a larger number of mechanisms.

Chemical
control

The results showed that uncontrolled supply of chem-
icals via diffusers or constant diffusion is not desired,
and in most cases the performance of the ADS deteri-
orates under such conditions. Protein consuming genes
and unproductive genes were introduced as redundant
controls of chemical supplies. But the results showed
that the ADS did not need these mechanisms.

VII. Conclusion

A new method of classification was introduced in the
background section in order to provide a clearer distinction
in the existing artificial implementations of development. This
new method divides ADSs into two categories depending
on their sources of inspiration: macro-modeling was used to
refer to ADSs that model the overall behavior of biological
development (taking a “high-level” view), and micro-modeling
was used to refer to ADSs that model biological development
at a small scale (taking a “low-level” view), i.e., modeling cells
and their interactions that lead to multicellular development. A
GRN based multicellular ADS was introduced in detail with
a description of the design process, using relevant literature
from biology and EC as a guide. Several mechanisms and
design constraints were embodied as part of the ADS during
the design process. But the logic behind these decisions was

merely an interpretation of the biological development and
the artificial development in EC. Although the literature on
multicellular ADS is rich with various models and impressive
demonstrations on the capabilities of ADSs, the understanding
of the importance of mechanisms and parameters is still
poor.

Consequently, a detailed investigation into some of the
poorly understood mechanisms and design constraints fol-
lowed the introduction of the ADS. These investigations were
undertaken with the aim of optimizing the presented ADS
as well as providing a better understanding of some of the
developmental mechanisms. 2-D patterns were used as the
experimental problems. Such 2-D patterns are easy to under-
stand, implement, and make a distinction between different
organizational ordering. Using problems of different orders
proved to be important throughout the experiments, as patterns
with different types of orders usually ended up providing
different results. This was an important lesson in choosing
the problem-set carefully for empirical investigations on the
properties of a system. An example of this was demonstrated
by the experiments on the effects of constant diffusion; one of
the patterns strongly favored constant diffusion, three of the
patterns produced acceptable results with it, and two of the pat-
terns produced poor results. These results as well as the ones
observed from the “chemical-gene interaction parameters,”
highlighted that most of the time the optimal parameters, and
well performing mechanisms are highly problem dependent.
The best mechanism/parameter value was found to be the most
flexible one that provided the best overall performance, but not
necessarily the best performance for each problem.

In almost all the experiments it was observed that an ADS
is more evolvable when evolution has more control over it.
The ADS was the most evolvable:

1) when its parameters were included in genotype being
evolved;

2) with a diffusion cell signaling mechanism, where the
diffusion rate could be adjusted by the ADS; indirectly
giving control to evolution;

3) with a contact cell signaling mechanism, where the ADS
controlled the flow of chemicals; again indirectly giving
control to evolution.

A large number of experiments (of over 40 sets of 50
runs) were done with six different patterns. Each run took
approximately an hour of computational time on the single
core of a 2.83 GHz Intel Q9550 CPU based unix system.
This totalled up to approximately 12 000 h of CPU time for
all the investigations presented in this paper. The experiments
presented in this paper were run on a Unix based cluster PC
that was built of 10 Intel Q9550 CPUs and 80 GB of memory.

The conclusions obtained here apply on the evolvability of
a micro-model developmental system to achieve multi-cellular
organization. Hence, they provide valuable information on
the effects of several important mechanisms in cellular or-
ganization. The investigations provided here should inform
researchers about the relative importance of developmental
mechanisms and parameter choices. The data and conclu-
sions provided in this paper can be used for the design and
optimization of a developmental system, or used for future
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investigations probing other problem domains. Albeit focused,
the results obtained still provide a valid direction on which
parameters and mechanisms have large effects on the evolv-
ability of a micro-model developmental system. Understanding
the capabilities of the mechanisms that accompany ADSs is
an important step toward harnessing the full potential of ADSs
for designing and optimizing engineering problems. With the
advancing technology and a better understanding of what is
needed from evolutionary computation, ADS has the potential
to be used in the evolutionary design of real life systems.
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