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USING EVOLUTIONARY ALGORITHMS FOR DESIGNING
NOVEL 3D OBJECTS
ABSTRACT
There are numerous varieties of living designs specialized for every habitat in nature.
Resolving these designs’ maturation mechanisms starting from the replication of one
initial cell (zygote) can help us design objects that we need.
In order to understand how a big organism emerges from millions of tiny cells, cell
behaviors must be understood sufficiently. Cells read a given instruction booklet -the
DNA- according to the situation that they are in, and they decide what to do with the
rules coded into the booklet. If these rules, how they are encoded in the DNA and
which mechanism is employed to decode them are known, the same methods can be
applied to the computerized 3D design.
In this thesis, how multicellular creature embryos are maturated in the womb or egg
is investigated, thereafter performance of this mechanism on producing 3D artificial
novel objects is analyzed via making a simple simulation of that. An application
developed with Unity3D game engine starts with a set of symbolic cubic zygotes and
DNAs. In order for the artificial embryos to reach the ultimate maturity, the cells
question their DNAs to reproduce, suicide, protein synthesis etc. to carry out their
actions. Embryos having random genes are evolved to form optimal designs for
given tasks by the help of a "steady state genetic algorithm".
In order to evaluate the ability to create original 3D objects of this system known as
"artificial embryogeny", a number of tests are performed. As a result, it is observed
that proposed evolutionary algorithm is able to generate shapes that resemble given
target shapes which have different characteristics, with a similarity between 50% and
85%. The system proposed in this study can easily be adapted to many different
design problems simply by adjusting the fitness function.
Keywords: Genetic algorithms, artificial cell chemistry, artificial embryogeny,
evolutionary 3D design, generative encoding.
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EVRİMSEL ALGORİTMALAR KULLANILARAK ÖZGÜN 3D
NESNE TASARIMI
ÖZET
Doğada, her türlü yaşam alanı için özelleşmiş sayısız çeşitlilikte canlı tasarımları
mevcuttur. Tek bir başlangıç hücresinin (zigot) kendisini çoğaltması ile ortaya çıkan
bu tasarımların olgunlaşma mekanizmasının çözülmesi, kendi ihtiyaçlarımıza yönelik
nesneler tasarlamada bize yardımcı olabilir.
Milyonlarca küçük hücreden büyük bir şeklin nasıl meydana geldiğini anlamak için
hücre davranışını iyi anlamak gerekir. Hücreler, içinde bulundukları duruma göre,
kendilerine verilmiş olan talimatlar kitapçığını yani DNA'larını okur ve burada
kodlanmış olan kurallara göre ne yapacaklarına karar verirler. DNA üzerindeki bu
kuralların neler olduğu, nasıl kodlandığı ve hücre içinde nasıl bir mekanizma ile
çözüldüğü bilinirse, aynı yöntem bilgisayar ortamında uygulanarak 3D tasarım için
kullanılabilir.
Bu çalışmada, çok hücreli canlı embriyolarının anne karnında ya da yumurta içinde
nasıl olgunlaştığı araştırılmış ve bu mekanizmanın basit bir simülasyonu yapılarak
yöntemin 3 boyutlu özgün tasarımlar üretmedeki başarısı araştırılmıştır. Unity3D
oyun motoru ile geliştirilen uygulama, küp şeklinde bir grup sembolik zigot ve DNA
ile başlamaktadır. Yapay embriyoların nihai olgunluğa ulaşabilmesi için hücreler
DNA'larını sorgulayarak üreme, intihar etme, protein sentezleme vb. eylemleri yerine
getirmektedirler. Rastgele genlere sahip embriyolar bir çeşit “kararlı durum genetik
algoritması”

yardımıyla,

kendilerine

verilen

görevlere

en uygun tasarımı

oluşturmaları için evrimleştirilmektedirler.
Yapay Embriyojeni olarak bilinen bu sistemin özgün 3D cisimler oluşturabilme
yeteneğini ölçmek için bir takım testler yapılmıştır. Sonuç olarak, tasarlanan
evrimsel algoritmanın, hedef olarak belirlenen farklı karakteristikteki bir takım
nesnelere %50-%85 arası benzerlikte şekiller üretebildiği görülmüştür. Bu çalışmada
önerilen sistem, sadece uygunluk fonksiyonunun değiştirilmesi ile çok farklı tasarım
problemlerine kolayca adapte edilebilir.
Anahtar Kelimeler: Genetik algoritmalar, yapay hücre kimyası, yapay embriyojeni,
evrimsel 3D tasarım, jeneratif kodlama.
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CHAPTER 1
INTRODUCTION
There are unimaginable diversity of living “designs” which we are observing like a
solution to the problem of survival in nature. While the geometry of the creature is
taking form, codes of its DNA are read and interpreted gradually and embryological
development of the living cells is completed in the egg for the majority of animals.
The most complex living -human- is formed from a combination of approximately
3.72x1013 cells [1] and has the ability to maintain its life up to 100 years. All
embryological and remaining mechanisms are hidden in “rules” of DNA. It is
unarguable that, the complexity of “encoding of life” is far beyond today’s most
complex man-made coding-encoding techniques. Although there are approximately
30 thousands active genes in DNA, there are 100 trillion neural connections in the
brain of human [2]. Such representational efficiency is made possible through gene
reuse [3]. With the utility of reuse and indirect encoding, a part of the DNA can be
used more than once in different phases and places of embryological development
[4]. Although a few events at the behind scene of the DNA are enlightened so far,
imitating the known mechanism of translating from genotype to phenotype according
to DNA is promising better solutions to real life design problems than humankind
could do. If the encoding logic of the DNA can be simulated, it would be easy to
evolve it by cross-over and mutation operators for specific design purposes.
Imitating the natural mechanisms with the help of the evolutionary algorithms can
contribute to 3D design process with 2 main ways:


Updating the parameters of an existing 3D design.



Designing a system that creates completely novel 3D shapes from scratch.

Today, there are lots of successful industrial or hypothetical 3D designs made with
the help of the evolutionary algorithms in both category like floor plans, turbine
blades, cooling fans, DC motors, nuclear fuel lattices in the fields of engineering,
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robotics, art, or biology [5][6]. However, it is not easy to measure how successful a
3D design is because there is no known 100% optimal solution. For example, it is not
possible to say how optimal a wing of a natural bird is to fly. If a design of wing is
well enough to fly, there is still potentiality something more to produce better.
In this thesis, a simple kind of artificial cell chemistry system (or artificial
embryogeny) is evolved with a genetic algorithm to test how powerful/creative this
mechanism is while creating completely novel 3D designs. The algorithm that is used
to simulate natural events in the egg shell puts a symbolic cell: zygote (a small cube
in 3D design software environment). Iteration by iteration, every cell in the egg
reproduces itself through the axis of x, -x, y, -y, z and -z. After producing a design
that has predefined number of cells, the product is measured for how well it matches
the target shape with a fitness function. The rate of the similarity between target and
produced design defines the success of evolutionary mechanism. System's capability
was tested on different target shapes with various structures, geometries, and
resolutions.

1.1 Related Works
The first implications of biologically inspired artificial intelligence studies can be
traced back to Alan Turing, John von Neumann, Norbert Wiener and other earliest
scientists of computer era [7]. Most of the studies in which evolutionary
computational methods are used comply with one of the four main categories[8]:
genetic algorithms [9], genetic programming [10], evolutionary strategies [11], and
evolutionary programming [12]. Generally, representation schemes, reproductive
operators and selection methods can be different in these paradigms [8].
The most popular and simplest type of the evolutionary computation is “genetic
algorithms”. After Holland’s description and implementation, the meaning and usage
of Genetic Algorithms (GAs) are changed over years. If the problem is “designing”
2D or 3D objects, unlike first primitive one-to-one translation (direct encoding) of
DNA, lots of GA implementations use “implicit” (indirect) encoding today. Lots of
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different types of indirect encoding techniques can be seen in the literature. It must
be carefully decided to choose which type of encoding is going to be used according
to the characteristic of the problem.
Benefits of the using indirect encodings in GAs are their abilities to search on
solution space more systematically and reduce disorder that originated from utter
randomness with special features like “symmetry”, “hierarchy”, “reuse” and
“modularity”. Additions from these features to design system are that the genotype of
design is short. Also, exploring and exploiting promising novel solutions are fast and
the rate of the illegal solutions is low [13]. All of these effective features can be seen
on all of the organism DNAs in nature also. However, the drawback of the generative
DNA representation is that the encoding and implementation are peculiar to the
problem and it is hard to construct such a complex genotype [14]. In the topic of
creative 3D design by evolutionary algorithms, there are two main approaches:


Grammatical Approach



Artificial Embryogeny (Artificial Cell Chemistry / Morphogenesis) [3]

1.1.1 Grammatical Approach
Grammatical encoding technique can be considered as a kind of programming
languages. Like in the logic of programming language, a given code (DNA) is
interpreted and converted to program output (3D design). DNA consists of a set of
“developmental instructions”. Thus, the following three properties provided by
programming languages can be added to the system:


Combination



Control Flow



Abstraction

Under favor of these 3 properties, utilizing loops, procedure calls, variables,
parameters etc. are allowed while developing phenotype [15]. With these properties,
it is possible to create infinite sized and also complex structures that have a very
small DNA. Besides, the genetic material of a real organism has similar features
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intrinsically [16][17].
First and fundamental usage of grammatical approach is Lindenmayer Systems (LSystems) [18]. Indeed, L-systems were used not for the evolution of designs, but for
modeling and representation of plant morphologies at the beginning. Aristid
Lindenmayer researched the growth mechanism of plants and tried to simulate it [19].
In his simulation model, growth is started from an initial string and a set of
grammatical rules. The initial string is derived gradually using grammar rules. This
derivation process continues until reaching a predefined number of iterations.
Theoretically, there is no limit for derivation steps. The initial parameters affect the
final strings sequencing. In the end, the output string is used as rules that define the
morphology of a 2D or a 3D object. This expression technique gives successful
results for expressing the wide range of shapes that have a fractal structure like
almost all kinds of plants [19]. The evolutionary algorithms have a part after this
stage. After measuring the fitness of the final design, algorithms can be used to
evolve initial strings, grammatical rules or initial parameters.
For example, 3 rules of a grammar are these:
A => AB
B => CB
C => C
If the initial string (axiom) is “A”, the output string will be “ABCBCCB” after 3
steps as seen in Figure 1.1.
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Figure 1.1 Derivation of axiom “A” with 3 steps.

The amount of the derivation is not limited to any number but the output string grows
exponentially in each step. After producing the output string, it should be translated
to “something”. This string can be interpreted as notes of a music [20][21],
instructions for 2D or 3D drawings of a structure [22][23], growth model of plants
and roots [24], the morphology of a virtual robot [15] etc. To convert output string
into a design, a popular method defined as “turtle geometry” system [25] is used. In
this method, a virtual turtle reads characters one by one and decides the way of the
move. In original turtle implementation, there are some rules for actions. In similar
ways, let the characters have these meanings:
A: draw a line to upwards
B: draw a line in the right direction
C: draw a line to the left direction
In this simple method, “ABCBCCB” corresponds to T shape as shown in Figure 1.2.
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Figure 1.2 Interpretation of output string as 2D drawing.

There are many subcategories of L-systems [26]. In the above example, a “contextfree” L-system is used. “Context-free” means that each character is derived
independently from its adjacent characters. Additionally, parameters can be used in
L-systems to define the angle of the turtle, the number of repetitions for a moving
cycle etc. In Figure 1.3 there are some plant shapes [27] generated from parametric
context-free L-systems.

Figure 1.3 Sample shapes generated with L-systems [27].
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Grammatical approaches are used for not only represent plant structures, but also
antenna designs [28], blood vessel modeling [29], virtual robot morphology
generation [30] etc. A real antenna design made with grammatical evolutionary
algorithms is used in NASA's Space Technology 5 (ST5) mission [28]. As seen in
Figure 1.4, the antenna has unusual geometry, unlike man-made symmetric designs.
However, the antenna designed with the evolutionary algorithm outperforms the
team of antenna engineers’ designs and is designed faster than the traditional design
process [28].

Figure 1.4 Prototype evolved antennas of NASA [28].

In March 2006, the ST-5 mission was started with one of the algorithmically evolved
antennas. With that evolutionary algorithm, NASA works on the production of tiny
microscopic machines, including gyroscopes, for spaceflight navigation [28].
In some research, virtual robots that not only standstill but also fulfill some simple
movements (for example running to a target on a flat or rippled terrain) were evolved
using the grammatical methods on directed graphs [30].
1.1.2 Artificial Embryogeny
The science of artificial embryogeny is the intersection of computer science, biology,
embryogeny, chemistry and mathematics because living cells shape their life
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according to inner and outer chemical, electrical and mechanical circumstances. Alan
Turing studied on intercellular reaction-diffusion model to explain the chemical basis
of morphogenesis and discussed how the genes of zygote formed resulting
organisms' anatomical structure [31]. Turing asserted that the mechanism of artificial
embryogeny should be simulated on a computer rather than being explained on
papers

with

mathematical

formulas.

After

later

researchers’

elemental

implementations of artificial cell chemistry on the computer environment, the idea of
creating “virtual creatures” was emerged using evo-devo (evolutionary development)
mechanism.
DNA consists of a set of rules for the organism to decide its next action. Internal and
external signals trigger the cell to activate a certain set of rules. A mechanism in the
cell reads and interprets the active parts of the DNA and the cell reacts via its basic
elements (enzymes, proteins, electrical signals etc.). The reactions not only affect the
outer environment but also cause some differentiations in the cytoplasm of the cell.
Because of the fact that every cell makes its own decision, the artificial embryogeny
approach is a bottom-up method, unlike the grammatical approach which is topdown [32].
A cell can face with an almost infinite number of preconditions. On the other hand,
the length of the DNA is very small according to numerous condition possibilities.
This contradiction can be explained only with “reuse of genes” [33]. The heart of
generative encoding paradigm in artificial encoding is “reuse of genes” motto. Even
if the cell is under different chemical conditions, the same DNA part can be activated
with or without different parameters to make an action. The being short of the DNA
is not the only benefit of the reuse. It also allows the evolutionary mechanism to
search the solution space rapidly via adjusting the small sequence of hereditary
material. In addition to this, symmetric structure of the artificial or natural organisms
is a consequence of reusing the genes.
In the egg or womb, the embryonic stage starts with a single diploid cell: zygote. The
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zygote duplicates itself and the number of cells increases exponentially for a while.
After reaching a stage of the embryo, some stem cells differentiate in order to be the
basis for different parts of the ultimate body. Therefore, it is obvious that the most
important decisions of the cells are duplication and differentiation for final product
for both real and virtual embryogeny. If these actions have a vital role for an optimal
creation, then the preconditions of these actions are also very important. In artificial
embryogeny, the difficult part of the system design is to define preconditions of
actions because the definition is problem-specific. The precondition-action pairs
revolutionize the form of the product. A single alteration of precondition or action
(mutation) can cause radical changes in the structure of the organism due to the reuse
of genes. The biggest drawback of the artificial embryogeny is that designing such an
evolutionary system is a challenging art and only a few researchers have
demonstrated successful results [14].
In a computer environment, the cells are represented with voxels generally. In some
research fixed-sized and uniform voxels are used [34][35][36] while in a few
research variable-sized [37] or various types of voxels [38][39] are used. In the study
of Cheney N. et al. [39], the voxels of the virtual creatures have different elasticity
and some of them expand and contract at a pre-specified frequency to move towards
a target on a smooth or hurdle ground. The virtual creature that is running from left
to right via its flexible voxels in Figure 1.5 is evolved with generative encoding. If
the creature is evolved with direct encoding, the lack of regularity and organization
stand out like in Figure 1.6.

Figure 1.5 A virtual creature that is running from left to right[39].
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Figure 1.6 A virtual creature generated with direct encoding [39].

The advantage of using voxels is that it is flexible, so any 3D shape can be
represented with a reasonable accuracy with enough resolution and geometric
constraints can easily be applied to design. However, voxel-based representations
can cause lack of smoothness and small holes in the final shape [40][41][42].
Reducing the voxel volume and increasing the number of it provide more realistic
results but require more computational effort. There is a trade-off between efficiency
and plausibility. In some research, to get realistic as well as computationally feasible
results, different hybrid methods that involve both cellular development and
grammatical derivation are used.
1.1.3 Hybrid Methods
While evolving 3D objects in the computer environment, taking advantages of both
grammatical methods and cell chemistry approaches is possible. Grammatical
methods make the morphology of the shapes easier to be symmetric, modular and
hierarchical just like natural organisms. As for cell chemistry approach, it gives the
system the ability to adjust every atomic element and has the potential of reaching
every solution on the solution space. Also some cell chemistry systems in literature
exhibit hybrid properties [4][34][43][44]. The purpose of using a hybrid system is to
gain the computational efficiency provided by grammatical methods and the realism
provided by cellular systems.
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Epigenetic Tracking(ET) [45] is the closest one to the hybrid methods used in this
study. In ET, the embryological development which basically starts with one cell
reaches life with millions of cells. Some parts of the genetic material serve as a
switch for activating and deactivating the other parts containing cell growth
instructions. In this respect, the morphology of the body, which varies according to
its age, or the reaction of the organism to external damage, can be simulated. Figure
1.7 shows the stages of the formation of a realistic hand shape generated from 3.3
million cells with ET method [46].

Figure 1.7 A 3D hand structure developed with ET [46].

If there is prior information about the desired solution, reducing computational
complexity arising from using a great number of voxels that is a major issue on
evolutionary design systems is possible. For instance, if the desired solution’s shape
is known as to be perfectly symmetric like a wheel, annulus etc., using 2D voxels to
evolve cross-section of the desired object can be beneficial instead of representing
the phenotype of the shape with 3D voxels [42]. After getting the 2D section, turning
that design 360 degrees creates desired 3D object. This approach provides unlimited
smoothness for one dimension and reduces search space from cube to square of
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dimension.
The genetic material should be kept as short as possible in order for the search space
to be minimized. In this study, a system is introduced to ensure that each cell can
make decisions by conducting a state-by-case assessment with the closest cells.
Thanks to this novel system, the length of the genetic material is shortened about 6
thousand times and this method is not encountered in the literature.
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CHAPTER 2
BIOLOGICAL BACKGROUND
Advances in science and every field of engineering are running incredibly fast.
Nevertheless, all kind of technological or industrial appliance that we build with our
capability seems just a toy when contrasted with its biological equivalent. Therefore,
to advance more in technology, imitating the living mechanisms of natural organisms
conserves its serviceableness until humankind could produce more complex synthetic
organisms, if possible. The mimicking of natural creature development is possible
only with the enlightenment and advance in the science of biology. Simulation of
natural development is related to which class of organisms -vertebrate animal, insect,
plant, fungi etc.- development would be selected. The embryologic growth of
mammalian or insect development which has a wide range of research area
(particularly drosophila flies) shows different growth patterns. At this point, if we
decide to take an example from the organism that has the most sophisticated
embryological development, it is not possible to choose the “most sophisticated
organism”. Because the “being sophisticated organism” will be different for various
types of products. For example, if the need is to develop a minuscule, lightweight,
flying virtual robot, it is surely required to imitate the growth of insect rather than
humankind. However, today we have not enough theoretical or practical experience
and background to test development models of different species on the computer
environment. It is feasible to simulate and focus on common fundamental
mechanisms of multicellular growth of organisms in general aspects.

2.1 From One Cell to Developed Organism
In recent researches, the embryological development is investigated in two categories:


Early embryological development



Later embryological development [47]
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In the early developmental phase, the zygote divides itself into identical “daughter”
cells and these daughters keep dividing themselves to form a general initial
morphology of the embryo. At the second phase, cells specialize rapidly to form
different limbs or systems of an organism like nervous system [15][48] (Just as it is
in biology, the bodies and nervous systems of Karl Sims' virtual robots develop
together [30]). The structural differentiation after embryological development is
“metamorphosis” phase which experienced by some insect species. DNA is the
instruction manual for all of these developmental stages.
If a gene on DNA is expressed, that part of the code is transcribed into the mRNA.
Using the data of the mRNA, different kinds of proteins can be synthesized. DNA
can be thought as a huge library of all the recipe books (genomic data) and RNA is a
temporary, small and portable device that searches, reads and copies parts of the
DNA to its memory in order to transfer a description data about specific recipe for
the cooker: “Ribosome” which manufactures proteins. Produced proteins can be used
both in and out of the cell for different purposes. A protein can also decrease the
effect of a gene or completely turn-on/off a gene’s expression. It means that a
synthesized protein can trigger producing a series of new proteins and change the
fate of the cell completely. All of these activation/deactivation mechanisms are
defined with gene regulatory networks (GRN) [49]. As seen in Figure 2.1, an enzyme
secretion mechanism that affects internal cell and other cells can be produced with
using GRNs.
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Figure 2.1 Cells communicate and turn on/off each other’s genes[50].

The research about GRNs are under “Epigenetic” science. The epigenetic material of
a cell determines when and under which circumstances a gene would be expressed.
For example, some genes are activated in only adolescence period on humans.
Although monozygotic twins have the same DNA, their phenotypes based on
hereditary materials can vary because of differentiation on their epigenetic features
that can be affected by environmental factors such as taken foods.
Modeling of GRNs on the computer is the most important part of the virtual
embryogeny. There are lots of studies on the topic of modeling GRNs [51][52][53].
Generally, simulation of a GRN is made to test various biological hypotheses. In
engineering, GRN mechanism can be simulated and evolved simply to shape the
morphology of the final body via adjusting the cell-cell interactions.
Mathematical models of GRNs are generalized in some studies [54][55]. For
example, a mathematical model of gene expression in one cell is described with these
equations [50]:
d[ R]
   R [ R ]   R H ([ P ])
dt

(2.1)
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d [ P]
   P [ P]   P [ R ]
dt

(2.2)

In these equations:
[R] and [P]

: the concentration of mRNA and protein

and

: the decay rate of the mRNA and protein

and

: synthesis rate of mRNA and protein

H(x)

: the Hill function

Descriptions of functions can vary according to the state of being repression or
activation of the related gene like these equations [50]:


  xn

(2.3)

x n
H Activation ( x )  n
  xn

(2.4)

H Re pression ( x) 

n

In the Hill function equations:
β : activation coefficient
θ : Threshold
n : hill coefficient
If the mathematical model for the interaction between the two cells is generalized,
the factors affecting the gene expression would change to include the diffusion of
transcription factors [44]:

 n g jl

   j g ij   W g il   j   D j  2 g ij
dt
 l 1


dg ij

(2.5)

In this equation [50]:

gij

: Concentration of j-th gene protein in the i-th cell
: Degradation of the protein at a rate of  j



: Activation function for protein production (usually a sigmoid function)
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Wjl : A matrix that shows interaction between genes (consists of positive and
negative values for activation/repression)

θ

: Threshold for activation of gene expression

ng

: Number of proteins
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CHAPTER 3
IMPLEMENTATION
The work of artificial embryogeny consists of 3 main stages. At the first stage, DNA
is built up implicitly. At the second stage, "interpreted" genotype of the virtual
organism that forms a basis for the eventual phenotype emerges according to the
generated implicit DNA. The above chapter in which biological fundamentals of the
system are clarified provides a background mainly for this stage. Using the DNA that
is generated from the first phase, a direct representation of the creature is developed
according to cell-cell interaction. The most exhaustive (computationally complex)
phase is the second phase. At the third stage, cells are created on the screen
according to the generated genotype. Generally, fitness measurement is made on
phenotype in GAs. In this study, the fitness of the product can be measured directly
on second phase genotype. The only purpose of the including the third phase is just
to provide visuality to the user. However, if strength test, aerodynamic test etc. are
applied as a future work, translations from genotype to phenotype have to be done
certainly.
The whole implementation is made on the free version of Unity3D game engine [56]
with C# programming language. Because of the Unity3D’s well-explained
documentation, huge user community and being free for non-commercial usage, it is
chosen.
One cell is represented with a cube or a sphere on the computer generally. Because
of the number of vertices of a sphere in a 3D environment is very high, representing
it on a monitor requires quite a few computations. In this study, some experiments
were made with more than 20,000 cells per virtual organism. In these experiments, it
required that as much 100 organisms were displayed on the screen simultaneously. In
this extreme situation, displaying more than 2 million spheres at the same time is
within the bounds of possibility. Of course, this is the worst scenario in terms of time
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complexity. This is a task which only today’s supercomputers can handle. To reduce
the computational complexity, the amount of the cell is fixed to small numbers in
most of the experiments. Additionally, it is clear that using cube instead of the sphere
as a cell increases the speed of system dramatically because of a low number of
vertices. As a result, all of the virtual creatures are grown out of cube-shaped cells. In
the situations where a high amount of cells are needed, the population of virtual
creatures are displayed on the screen once for every 100 iterations instead of every
iteration to reduce the load of video graphic card of the computer.
The system has 3 sub-components: nest, egg and cell. These components can be
thought as object oriented classes of C# programming language. A nest consists of a
predefined number of eggs and an egg consists of a predefined number of cells. In
natural biology, every cell has its own DNA and -if it is not decayed- every cell has
the same DNA in the egg. In virtual biology, an implementation like real biology is
not obligatory. The system is implemented as if the egg instead of the cell has one
DNA and every cell makes its own decision according to the DNA of the egg. As
seen in Figure 3.1, there are n eggs in the nest and each egg has 1 DNA. (The number
n can be changed before the program starts.) In addition, there is one cell in the
center of the eggs (although eggs are represented like spherical in the figure, they are
cubic in the program). Along with the "grow" command, zygote creates new cells by
copying itself. When a certain number of cells is reached, embryos are assumed as
mature. The "Evaluate" command calculates the score of each embryo according to
its quality. Quality embryos are selected as a parent for the production of new eggs.
The DNAs of the new eggs are created by the union of the previous generation
DNAs.
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Figure 3.1 Illustrations of the egg, embryo, cell and DNA.

The approach in which cells have not their own DNA contradicts the logic of GRN
(Genetic Regulatory Networks). Because, in real biology, even if the DNA sequences
are same for every cell in an organism, active and passive genes of the DNAs are
different among the cells. For this reason, monozygotic twins' phenotypes are
different. The state of the cell affects whether a part of the DNA is active or passive.
Nevertheless, the computational complexity of such a realistic GRN simulation is
considerably high and implementation is complicated. It is inevitable that there is
some trade-off in the simulation of a biological system. There must be an equilibrium
between efficiency and plausibility according to the aim of the study. Because the
purpose is not modeling a realistic GRN system in this thesis, a fractional realism is
provided with a simple if-then-else logic.
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3.1 The Artificial DNA
DNA used in this study consists of precondition-action pairs. Actions represent cells'
behaviors in the end of each iteration. There are 8 different action types:


6 actions: grow towards x, -x, y, -y, z and -z direction



commit suicide (apoptosis: programmed cell death)



do-nothing

Cells choose one of these 8 actions according to their inner and outer states. These
states, namely preconditions, are encoded into DNA and cells read corresponding
actions. A chosen action does not mean that the cell is able to do that action certainly.
Some exceptive situations prevent the cell from performing some actions. For
example, being on the verge of the bound of the egg does not allow a "grow" action
anymore.
The decision of the action stage is the sequel of consultation with adjacent cells if
they exist. The cell gets in contact with neighboring cells one by one to decide what
to do. In other words, neighboring cells promote or prevent the central cell to choose
a particular action or synthesize a particular protein.

Figure 3.2 Cells consult with 6 adjacent cells to make a decision.

The leading cell makes its final decision after voting of the adjacent cells council.
Even if an adjacent is absent, the leading cell considers this while making a decision.
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3.2 Action Type-1: Duplicate
The mechanism of duplication (growing towards a direction) is the most important
business that affects the morphology of an organism both in real and virtual
organisms. First of all, the zygote which is located right in the middle of the egg
duplicates itself. Sometimes, a defective genotype prevents the zygote from
replicating itself and causes the final body to be monocellular. If conditions are
suitable, the zygote chooses one of the 6 directions and replicates itself on that
direction. In the real biological world, the first cell divides itself instead of
duplication. Afterwards, these siblings continue to split themselves up until forming
an embryo gathered from tiny replica cells whose numbers are powers of 2. These
tiny cells grow later in the aspect of cytoplasmic volume. In virtual embryogeny,
there is no need to mimic split-and-grow mechanism. All the cells are supposed to
have identical size and reproduce themselves via replication instead of division.
Duplication process is made towards one of the empty neighboring directions. For
example, if there is an adjacent cell in -y direction of the central cell, it knows that it
cannot grow towards -y direction after the election of possible actions, so it is
enforced to choose another action. Thus, as long as the embryo is grown up in the
egg, the cells’ surroundings that are close to the center of the egg begin to be covered.
After this initial phase, boundary cells’ behaviors affect the remaining morphology
of the organism.
If two different cells decide to put a daughter in the same location, elder cell has the
priority. In order to know the age of the cells, every created cell object is added to an
ArrayList in C# code. The order of this ArrayList defines how old a cell is. In every
iteration, the cell ArrayList is traversed from index 0 to end and reached cells are
enquired for their desired actions. If there is no obstruction for the desired action of a
cell, this request is recorded to cell object as the "next action" to be carried out on the
beginning of the next iteration. In this way, the zygote always becomes the most
important cell in the embryo.
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3.3 Action Type-2: Programmed Cell Death: Apoptosis
The death of cells has a vital role for canalizing the organism morphology in
embryological development. Indeed, if a 3D object is monolithic, even if the cell
death is not implemented, that object can be grown with artificial ontogeny
theoretically. However, the beginning of the development from a central zygote cell
obligates to be filled right the middle of the egg necessarily. In a system which has
no cell death, every emerging design is connected to the root cell like as a baby’s
connection to its mother via the placenta. The decision of the suicide of some cells in
some circumstances solve this issue and has many other advantages. Some shapes
that have complicated details can be obtained under the favor of cell suicide speedily
and smoothly. For instance, at the beginning in mother's womb, finger structures of
the fetus hands are absent. As it is seen on electron micrograph scannings in Figure
3.3, gaps between fingers begin to be apparent in consequence of mass suicide of the
cells after the fourth week [57]. This programmed cell death mechanism gives the
shape to the embryo via carving up it like a sculptor.

Figure 3.3 Human hand at 28 days (A), 51 days (B), and 56 days (C) [57].
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Name of such a planned suicide process in a multicellular organism is "apoptosis".
Unlike apoptosis, “necrosis” is unexpected or traumatic cell death caused by external
factors. Apoptosis is for particular aims and occurs not only in the embryologic
development phase of the organism, but also in the whole life of it. Approximately
20 billion to 30 billion cells die per day for a child aged 8-14 [58]. Cells can decide
to die according to inner signals or with the oppression coming from adjacent cells.
The higher rate of the cell death slows down the embryo’s being mature. Normally, it
is expected that 1/8 rate of the cell death doesn't slow down the development. In
implemented virtual environment, if 8 actions are given equivalent chance in
experiments, too many cell deaths are observed and it is measured that this causes
deceleration to the speed of development perceivably. There can be lots of reasons to
inhibit cell growth such as being on one of the 6 bounds of the egg or another cell’s
bringing child to the same location in the same iteration. But, there is no reason to
prevent a cell that is decided to die. Therefore, even if the death rate seems to be 1/8
at the beginning, it is going to be much higher than this rate. To reduce death event,
all the cells are given some "bias" against suicide. Thus, the number of death
preference is reduced and the system is provided with fast development.
Name of the embryo that comes from 12-16 identical copy of divided zygote
offsprings is "blastula". In the period from zygote to blastula, there is no action of
death or do-nothing. In the first implementations of the system, it was expected that
the evolutionary process would indoctrinate initial colony -the blastula- to not to die.
However, in the duration of a predefined number of iterations, lots of organisms that
have one or insufficient numbers of cells evolved. These types of creatures were
killed at that moment because of being invalid individuals. The wastage coming from
invalid creatures was more than expected because embryos were given a chance for a
certain number of iterations (For example, 1000 iterations) to grow up to be a
multicellular organism. However, most of the embryos’ developments were
completed in first 100 iterations because of the exponential growth of the number of
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the cells. To understand whether an evolved organism is invalid or not, it is required
to wait until the end of determined maximum iteration. Therefore, invalid individuals
slow down the evolutionary mechanism. To reduce the emergence probability of
inefficacious individuals, a definite number of initiatory cells are prohibited from
choosing death or do-nothing actions and compelled to choose only grow action
throughout a definite number of iterations. It is observed that 20 copy of initially
immortal cells are enough for accelerating the remaining development. The tests in
which apoptosis mechanism was turned-off were made and results were recorded too.
As it is expected, if there is no apoptosis in the system, the embryo tends to be more
spheroid shaped.
Apoptosis can cause undesired effects on the embryo too. The most important sideeffect is fragmentation of the shape to two or more pieces. In the early embryologic
development phase, chopping off a thin link can end up with a separated body. Also,
invisible holes or unwanted blank spaces can occur in the midst of the shape. This
type of phenotypes can be detected and eliminated with various algorithms. However,
trying to understand whether a 3D shape is fragmented or monolithic requires extra
processor load. To achieve this, traversing all of the cells one by one to understand if
there are two separate parts is required. In this study, a mechanism that determines
divided parts is not used. Fitness rates of the divided shapes will be low because
given target models are monolithic after all. If target shape is not known, so the
algorithm will search the solution space blindly and this kind of invalid shapes must
be detected and figured out in some way.

3.4 Action Type-3: Do-Nothing
Cells can choose to wait without doing anything under certain circumstances. The
development of an organism is not obliged to be completed in one sitting. Embryo
passes in some phases (for example, blastula phase is explained in previous chapters)
and behaviors of cells will be different at each stage. Being "suspended" of some cell
groups as a whole will affect the morphology of the creature. Cells’ waiting without
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any action can be a preparation stage for any other future stages. Even if the cell
waits, it continues to synthesize proteins. According to these secreted proteins and
other materials, the fate of the cell changes. Moreover, the cell keeps interfering in
adjacent cells’ decisions while doing nothing. After an organism reaches the
adulthood age, most of the cells will lose their progeneration feature and wait until
die without doing any action except synthesizing some substances. For example, the
cells that belong to muscle and nerve tissue switch off their genes which are
responsible for the division after differentiation from stem cells to specialized cells.
If embryologic development is examined, it is seen that the most preferred action is
"do-nothing" (keep current situation) in our system. If all the cells are divided
constantly, there will be 2100 cells after 100 iterations. The rate of cell death is
adjusted to happen fewer as explained in the previous chapter. Therefore, if an
average organism consists of 3,000 cells in 100 iterations, do-nothing action becomes
the dominant action. In fact, do-nothing action is preferred mandatorily in most cases.
These compulsory do-nothing actions are counted in every virtual egg. A cell with all
of the 6 neighbors cannot reproduce itself anymore. Therefore, the wish of growaction will result with waiting until the death of one of the neighbors.

3.5 Action Type-4: Protein Synthesis
Protein synthesizing is a mechanism which a cell uses it to affect the inner and outer
environment. Descriptions of protein mixtures are encoded in DNA and it is
determined that which proteins will be produced under which conditions. In
biological cells, there are vast varieties of proteins that are gathered from various
amounts of 20 different amino acids and serve for lots of different goals. Today's
genetic scientists spend vigorous effort to explore which protein is incumbent on
what target. While revealing the misery of the proteins, the cipher of the long DNA is
serialized. However, in artificial cells, there is no need to assign lots of targets to any
protein because a virtual cell does not have to handle lots of the issues like
alimentation, respiration, evacuation etc. to survive. Thus, if the aim is to fulfill an
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engineering task rather than a realistic simulation of biology, there is no need to
design a realistic and complex protein producing mechanisms in the system. In our
implementation, virtual cells produce one of 10 different proteins in each iteration.
This is far from imitation of real biology as a matter of course, but the aim is to
shrink the search space to speed up the evolutionary search process.
While a cell decides its next iteration according to DNA, it determines the protein
which it uses in the next iteration. The "next protein" type is important because it
affects the fate of the cell so it changes the morphology of the eventual organism.
The cells inner protein takes in charge as a pre-condition for calculation of the next
action. During query on DNA sequence, proteins that belong to central and adjacent
cells are considered, hence, it is possible to interpret these variables as a cooperative
message gathered from electrical, physical and chemical signals rather than protein
types. Therefore, the implemented system consists of 10 different signals. An inside
signal of a cell can be read by neighboring cells. If there is no neighbor on a direction,
the value of the protein from that direction is set to 0. In this way, it is known that
there is no coming signal from that direction while querying the DNA. Remaining 9
proteins can be thought as some kind of identification numbers for the evolutionary
mechanism to encode different cell types. In other words, the number of the protein
type (or signal type) is used for providing cell differentiation into the system. A cell
type can be distinguished from others only with protein variation. The type of the cell
is also "the fate of the cell". In living creatures, cells appear like nerve, muscle or
blood cells as to be differentiated type of the zygote. In a computer environment, this
variation is expressed as "a cell that has the x-numbered protein". If a cell decides to
transform to another type, the only thing it must do is to change the variable of "next
protein".

3.6 Precondition Type-1: Current Proteins
Preconditions define the state of a cell in each iteration instantly. A cell reads its own
state and then listens to messages sent by adjacent cells while determining the future
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of itself. The next actions and next proteins are written on the DNA for all possible
states and can be read by querying the DNA. In natural organisms, this process is
made by RNA. RNA reads a part of the DNA sequence and goes to ribosome with
that data and ribosome produces related proteins. DNA can be thought as a long term
huge memory and RNA as short term small memory for protein recipes. In this study,
RNA artifact is not implemented. With the possibilities that are provided into the
system, a "state" of cell consists of these factors:


9 different inner proteins



27 different regions of the cell (“location” topic will be discussed in next
chapters)



The proteins of 6 adjacent cells (each of them can have one of 10 proteins)

A cell can be in 243,000,000 different states totally (9x27x106). A cell's reactions
(next actions and next protein types) to all of these states can be evolved by
optimization algorithms according to specific design tasks. As it is seen, the search
space is pretty huge for ordinary computers to explore even with heuristic algorithms.
Moreover, this approach conflicts with encoding systems that are praised for being
generative and doesn’t benefit from re-use paradigm as explained in the first chapter.
In the developed system, a new technique -consultation with neighbors one by oneis used to downsize the search space (This is a novel technique. A resembling
approach is not encountered in literature). According to the used technique, cells
make "situation assessment" with 6 adjacent cells one by one. For instance, the
centering cell and the cell at the +x direction examine the situation together to decide
the next action and the next protein via a "voting" on all of the possible values.
During every consultation, centering and an adjacent cell read their states and the
centering cell queries the DNA according to these states. The DNA consists of
"scores" for 8 types of "next action" of the centering cell. For example, "6 points for
growing towards +y direction, 13 points for dying..." is written on the score table of
the DNA. In addition to this, there is a score table for leading cell’s next protein
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choice among 9 protein types. At the end of the cell’s 6 dual consultations, all the
votes are gathered together according to each pairs' DNA query. Next action and next
protein of the cell are decided with regard to final scores. In this introduced novel
mechanism, new types of state factors are:


9 inner protein types



27 different regions



10 different protein types of a neighbor.

0-numbered protein points out that there is no neighbor cell in that direction. All in
all, being empty of an adjacent space changes the state and affects all decisions of the
cell. In renewed system, every dual consultation group can be in 2,430 different
states (9x27x10). However, 8 score values for next actions and 9 score values for
next proteins must be determined for every state. Therefore genetic algorithm should
optimize [(8+9)x2,430]=41,310 different parameters. This number is pretty small;
approximately 5.900 times smaller than the first propounded system’s parameter
quantity which is 243 million.
To sum up, DNA has 17 parameters for each of 2,430 states which contiguous cell
couples can be in. These 2,430 states on the DNA are queried for each of the 6
centering-neighboring cell-couples and cumulative scores are calculated to determine
the fate of the centering cell.
DNA is implemented as 4-dimensional array with the size of 9x10x27x17 to be able
to search on fast. Table 3-1 is an example rule of a DNA where all the scores are set
to be between 0 and 15. The score range can be changed in the program.
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Dimension-1: if inner protein no is 3 of 9



Dimension-2: if neighbor’s protein no is 4 of

Action Scores

10

Protein Scores

Dimension-4

Preconditions

Table 3.1 A sample rule from a DNA.



Dimension-3: if region no is 16 of 27



grow towards +x axis: 12



grow towards -x axis: 8



grow towards +y axis: 3



grow towards -y axis: 11



grow towards +z axis: 9



grow towards -z axis: 14



commit suicide: 7



do-nothing: 5



synthesize protein-1: 15

.
.
.
 synthesize protein-9: 7

Overall condition of the cell
is determined according to 6
directions’ neighbors.

Scores are read from DNA.

Scores are read from DNA.

Another advantage of the score-based approach is the ability to give "biases" to the
evolutionary process. For example, to prevent dying of the first 50 cells, the scores
for "commit suicide" actions of these cells are fixed to “-100”, so this action is
eliminated directly because if all of the other 5 cell pairs voting section give the
highest score (15) to this action, total score will be just -25 (-100 + 15x5 =-25) and
this option will never be chosen at all. As another example, if there is a neighbor on
+y direction, the score of "grow towards +y axis" is updated for to be “-100”, so this
option is canceled at that moment.

3.7 Precondition Type 2: Location of Cell
The most effective factor that initiates the cell differentiation is the location of a cell.
For instance, if a cell senses that it is in the coordinates of the skull, it can transform
into a nerve cell that will belong to the brain in later embryologic development. Cells
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act as if they know the exact location of themselves in morphological development.
However, there is no central unit that informs the cells about their coordinates in the
egg. Instead of a central coordinator, there are some prefabricated substances in the
cytoplasm to give positional information to cells. The general name of these
illuminating molecules is "morphogen". Firstly, Alan Turing asserts that embryo
patterns are designated by morphogen variety and density in the science of
"Morphogenesis" [31]. Cells activate or deactivate some special genes on DNA with
regard to perceived morphogens at that location. Morphogens can trigger
differentiation of a cell via affecting these specialized genes. In the experiments
made on drosophila flies, it is observed that alteration on morphogen patterns in the
egg changes embryo structure dramatically [59] as seen in Figure 3.4. According to
these scannings, differentiation on the genes that controls the body plan of the
embryo ends up with arising of the legs on the antenna root of mutant drosophila
melanogaster.

Figure 3.4 Normal and mutant drosophila melanogasters[59].

Moreover, if a group of the cell which prepares themselves to originate a specific
limb irreversibly are transplanted into another location, the cell senses the
morphogens at that point and grows like a mutant compounded tissue [59].
Substances of morphogens consist of molecules and proteins secreted by some
specialized cells throughout a specific pattern generally. It can be thought as a cell
that wants to learn its location information, calculates its distance to different
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morphogen resources. In fact, there is no distance calculation, but cells sense the type
and density of the morphogen around their membrane. Densities of morphogens are
like GPS signals coming from different satellites.
In a computer environment, learning the location data of a cell is not as hard as in
real biology. Cell coordinates are definite already and they can be read when they are
needed. In our system, the eggs are divided into 3D regions like separation to parcels
of the embryo by morphogens. Bentley and Kumar used cell chemistry automation
on the 2D environment and divided the plane into 4x4=16 regions [34]. At that study,
DNA rules (genes) are activated or affected by regions of 2D cells. In this study,
eggs are split up to 3x3x3=27 regions in the 3D world. Dividing the egg increases the
number of rules of DNA 27 times. A dimension is divided into 3 parcels because the
zygote is wanted to be located in exactly the middle of the egg at the same time
making the DNA as small as possible. For example, if a 5x5x5 region is used to
divide the egg, there will be 125 regions so the DNA length will be increased from
41,310 to 191,250. Because the zygote emerges right on the center of the egg, the
embryo has a chance to grow towards 6 directions equally. Every region can contain
9x9x9=729 cells in implemented system (Because resolution of the egg is 27x27x27).
If experiments are made with cells far less than 729 (e.g. with 300 cells), probably
the embryo will not be able to get out the range of the middle region (13th region).
This situation can cause a development system where location information is
ineffective. To overcome this inefficiency, the embryo should overflow other regions
as much as possible. This can be achieved only by setting the cell quantity high
considerably at the beginning of evolution.
In some experiments, it is observed that some regions of the randomly created shapes
are empty like whittled with a knife. Of course, this is an expected result that
demonstrates that embryo is processing the locational data. In such cases, the
existence of completely empty regions means that DNA rules are evolved to
indoctrinate cells to commit suicide if they come across to those regions.
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3.8 Resolution of the Space
Even small animals that can be seen with the naked eye have millions of cells in their
body. Today, it is possible to simulate such a huge number of cell's growth process
via supercomputers merely. Luckily, the artificial embryogeny is proper for parallel
computing because of a discrete characteristic of cellular structures. To gain insight
into how much an artificial embryogeny system works effectively, it may not be
required to design systems that consist of such a huge number of cells. If the
established development mechanism is successful in respect of "scalability", test
results that are made on small organisms can be counted as to be valid on larger
organisms. However, evaluating the scalability is not a simple issue. To understand
how much a system is successful in terms of scalability, lots of experiments should
be made on various-sized shapes with different scenarios. Roggen and Federici
experiment on direct encoding and implicit encoding techniques in artificial
embryogeny and report that direct encoding exhibits significantly lower performance
as the resolution increases [60]. In this study, some experiments are made on
resembling shapes with different numbers of cells to discuss scalability competence
of the system. The major problem of these experiments is that there are no common
target shapes in literature to measure the success of such developmental algorithms
unlike the "Lenna" picture in image processing. Stanley and Miikkulainen point out
that five-pointed star shapes etc. may be used as a target to make benchmark
comparisons on artificial embryogeny systems [4] (There are results from
experiments with 2D and 3D stars in Chapter-5). In this study, eggs can consist of
maximum 19,683 cells (273) and eggs are cube-shaped instead of spherical-shaped in
the explained artificial nest. Target shapes that are used to calculate the fitness of
organisms are desired to have various numbers of cells. Thus, it can be investigated
how the number of the cells is related to the speed of accomplishment.
Although resolution’s being low is beneficial in terms of computational requirements,
it leads to some disadvantageous situations. The most significant result of low
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resolution is a loss of smoothness on the shape. As a matter of fact, the shapes that
are formed from voxels cannot be precisely smooth. However, these shapes can be
made smooth out via various algorithms. In this study, smoothness is not an issue, so
it is not considered. However, if the geometry of the boundaries of the shape has a
vital role like when measuring the aerodynamic features of the shape, resolution
factor will be crucial. In contrast to this, smoothness is not important in such systems
that evolve for example efficient buildings according to the duration of receiving
sunlight or small mobilizing robots from voxels. If various sizes and geometries of
voxels are used, the term of resolution is not definitive. In this study, the system is
designed to use identical building blocks so borders and a cell capacity of an egg can
be adjusted in the program to get desired resolution of the organisms.
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CHAPTER 4
EVOLUTION OF THE DNA
After deciding the DNA structure, cell representation and encoding mechanism, the
next step is to define the process of evolution of the DNA. Evolution begins with a
group of initial individuals (virtual egg) that have random hereditary material. Baby
individuals are created from the mating of parent couples which are selected from
among initial individuals. The technique that is used to generate babies is important
for the evolution because it is desired that created babies should resemble both
mother and father. A badly designed mating mechanism can result in irrelevant
children that have far different features than their parents. In this study, suggested
system produces 3D models, so resembling of children to their parents is apparent
and can be realized even by human eye. As seen on experimental results chapter,
when a baby is viewed, the parents of it can be easily guessed among 20-30 different
individuals. Generated baby DNA's are exposed to mutation so some genes that are
not located in the initial pool are allowed to emerge.
The effects of mutations on the morphology can be devastating. If a mutation
operation has an impact on early embryologic development phase or especially
affects decisions of the zygote and its neighbors, the mutant shape can become
completely different than the original shape. On the other hand, if mutation operates
on surface cells of the mature embryo, local differentiations occur on the shape. Thus,
mutation operations are suitable for both exploration and exploitation of the solution
space. In other words, mutations can be used for both revolutionizing and fine
adjustments. After exposing to mutation, fitnesses of babies are measured. At this
point, all of the babies are considered as adults. If initial population is set to 50, top
50 individuals -in terms of fitness score- are selected for mating pool among all of
the new and old adults. Remaining individuals are killed. These procedures continue
as a loop until reaching the "last iteration" variable. In each iteration, the best
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individual in the pool is used in statistical results. Each step of a loop is going to be
explained in next chapters.

4.1 Selecting Parents
In a virtual environment, newly produced children are put into "children pool". The
capacity of the pool can be changed before starting the evolution. If it is desired to
produce 50 offsprings in each iteration, 50 parent couples are selected. These pairs
are chosen with "biased roulette wheel" method. According to this technique, an
individual's possibility of selection as a parent for next generation is directly
proportionate to its fitness score. For example, if the sense of smell of a male cat is
stronger, the chance of getting healthy and plenty of nutrition will be higher in nature.
Therefore, that cat will be more "fit" for the environment. Being fit causes the cat's
DNA to be seen denser in next generations with increasing chance of being chosen
by female cats. Moreover, if an animal has a special feature that provides it with a
significant advantage over the population, most of the individuals will have that
speciality after several generations.
While making a selection for parents, the previous selection is not considered. Thus,
there is a chance to choose same parent couple in each iteration. In a mating process,
the sequence of mother and father individuals can be effective or not with regard to
the type of crossing over mechanism. In some kinds of crossing over techniques (e.g.
probabilistic cross-over) DNA sequences of babies of x-y and y-x couples can be
same. The cross-over operator that is used in this study always starts from the first
individual which is selected as a mother while copying the DNA. In this way, x-y
and y-x couples' babies have gene sequences that are gathered from different regions
of sources definitely. For this reason, individuals are mentioned in implementation as
mother and father separately.

4.2 Crossing Over
Exploration and exploitation procedures exist in almost all of the heuristic
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optimization algorithms. In exploration phase, promising areas are searched with big
jumps on the search space. In exploitation phase, the investigator focuses on the
nearby domain of the promising areas to reach the local optimum of that region. If
these two operations are managed properly, the possibility of catching the global
optimum increases.

Figure 3.5 Exploration vs. exploitation.

To make the crossing over, two individuals are selected generally (it is possible to
use more than two). The function of crossing over mechanism is to get an available
and more convenient individual then its parents that have different beneficial features.
To transfer these features to the baby individual, a mixture of genes of parents is
copied out to the baby. The aim is that new individual should resemble both mother
and father somewhat. The sign of a successful crossing over is that the baby has
advantages of both mother and father because it takes only good features of them.
However, the gene sequence that brings forth advantageous phenotype is a mystery
already. Because, favorable genes are not known, genes are selected randomly from
parents. The reproduction event is repeated lots of times in every iteration. Therefore,
some matings that produce good results occur most probably even if they are random.
For crossing over, lots of techniques are suggested, tested and discussed in the
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literature [61][62][63]. In this study, "multi-point crossing over" is used. In this
technique, 4 different random points are specified by the DNA sequence (the number
of points can be changed). In other words, DNA is divided into 5 pieces which have
different lengths. Genes between a-b and c-d points are copied from the mother as
seen on Figure 4.2. Remaining genes are copied from the father.

Figure 3.6 4-points crossing over.

Because of that 4 points are defined randomly, the pieces that come from one of the
parents have a chance to be relatively small according to remaining genes. This
"injustice" can seem as a disadvantage but generative encoding's rule of "big
meanings with short genes" has a chance to be expressed here. For example, as a
result of generative encoding, a small sequence of DNA that comes from the mother
can have a massive effect on the embryo morphology. The root cell takes place on
the 14th of the 27 regions of the 3D environment, namely the exact center of the egg.
The genes that contain 14th region as a precondition shape the early embryologic
development phase. These genes are just 3.7% (1/27) percent of all genes. In other
words, the embryo needs and reads just 3.7% of its DNA sequences in the most
important part of its life. Henceforth, cells begin to differentiate in later embryologic
development with remaining genes’ coming into play. Therefore, taking relatively
small genes from one parent should not be considered as unfairness in respect to
effect on the result and it should be allowed. Thus, it will be possible to make pairs
from mother DNA that affects a small number of cells but brings about big
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consequences and father DNA that affects large quantities of cells but results in small
differentiations on the morphology.
In the experiments, the population size of parents is not too big (generally, 50
individuals constitute a pool). Hence, the probability of being selected of the same
pair as a parent is not so small. There can be 2,450 different mother-father pairs
(50x49) if there are 50 individual in the pool. Because, a qualified individual’s
possibility of being chosen is higher than the others, selecting a pair more than once
will be higher especially in early iterations. However, children that can have 41,3104
different DNA sequences can be produced by the same parent couple because 4
points of crossing over are selected randomly. In respect to this, high randomness,
namely diversity, is an advantage. This advantage provides that the searching
mechanism is not interested in promising areas redundantly so it is not satisfied with
local optimums on the search space.
In most of the genetic algorithm implementations, the rate of the crossing over is
defined with a variable and is fixed to a value between 0 and 1 at the beginning. In
this type of systems, a part of the old generation individuals is directly transferred
into new generations. Remaining new individuals which are defined according to
crossing over rate are generated from the mating of old couples. In this study,
crossing over rate is not set to a defined value and can be changed for each iteration
by status. Because old and new individuals are mixed and sorted at the end of each
iteration. The best individuals are selected from this mixture to be parents. Thus,
crossover rate can be changed between 0 and 1 from iteration to iteration.

4.3 Mutation
Crossing over operation is nothing more than mixing up the first random population's
gene pool. Hence, initial individuals are generally very few (about 50 eggs)
according to individuals that are created during the genetic algorithm's running. In
this study, a gene is implemented to take an integer value between 1 and 15. In a
common scenario, 50 individuals are created at the beginning. Every gene of this
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gene pool has a random value between 1 and 15. Therefore, a specific G gene will
never have a specific X value with the possibility of (14/15) 50=0.0318. If all of the 15
X

values

are

considered,

non-existence

possibility

of

any

value

is

((14/15)50)x15=0.476. Hence, it is expected that approximately 19,678 of total
41,310 genes of a new individual will never have at least one X value
probabilistically. The job of the mutations is to explore these "lost" genes that don’t
exist in the gene pool. If a new individual is created with a gene value which no other
individual has, it jumps to the completely different region in the search space. In this
way, new eggs are exposed to mutation with a predefined "mutation rate". Generally,
1%-5% percent of all the genes' values are changed with random values and
solutions are scattered to search space to encompass it.

4.4 Elitism
Produced individuals are transferred to later generations with "elitism". To apply
elitism, 2 individual ArrayLists are used: parent_pool and baby_pool. At the
beginning, the initial population is created and put into parent pool. This pool is used
to hold for the best individuals as parents of later generations. These parents make
couples with the techniques that are explained in former chapters. Produced babies
are held in the baby pool. Capacities of these two pools can be different and can be
changed before the program is started. In most of the tests, the size of the parent pool
is set to be half of the baby pool. After generating babies, they are submitted to
fitness measurement. Then, all of the individuals are merged as to be potential
parents in a temporary pool. Because parent pool's size is constant, only the best
individuals, in other words, elite individuals- are located in there and others are
deleted to make elitism. In this way, parent pool's individual quality will never
decrease. In respect of this, explained algorithm is a kind of "steady state genetic
algorithm". In the worst case, the population’s best individual will be same in each
iteration. Sometimes, "dinosaur" individuals don't go out from the pool for thousands
of iterations because babies born from these old parents are not better. To break this
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kind of vicious circles, age variable can be added to individuals. Incrementing the
age iteration by iteration, individuals get old and if an individual is old enough, it is
killed even if it is a fit solution. In this study, "aging" mechanism is not used. An
individual will continue to live and propagate until the programs reach the final
iteration if it fits.

4.5 Fitness Measurement
Fitness measurement techniques vary in genetic algorithms according to the
objective. Implementing the fitness measurement phase is the hardest part of the
whole algorithm generally. If a virtual 3D structure's strength, conductivity etc. can
be measured easily and accurately on computers, using the genetic algorithms in real
life problems will be too much. For example, Preen and Bull evolve vertical-axis
wind turbines using evolutionary algorithms [64]. However, because of evaluating
the quality of a turbine on a computer is very hard, they test every created design in a
real environment with printing them with a 3D printer. Printed prototypes qualities
were measured with a real wind source according to a number of rotation in a time
span. As it is seen, sometimes evaluating the solutions in the real physical
environment is preferred to evaluate on the computer. If evolutionary algorithms are
used for industrial product design, if fitness function is written with a high accuracy,
this measurement can be time-consuming. For instance, while evolving an
aerodynamically good automobile, generating a 3D chassis may consume just
milliseconds. However, testing this chassis in a virtual wind tunnel consumes a lot
more time than milliseconds. If it is considered that thousands of intermediate
models are created during the algorithm's running, it is seen that several seconds per
individual for measurement is not feasible.
Hence, the aim of this study is not designing a specific real-life product, measuring
the scores of candidate solutions is trivial. To evaluate solutions’ success, tests are
made for different target shapes. Voxel coordinates of the target shapes are
mathematically formulated. For example, if a target shape is a sphere that its center
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located on an [x,y,z] coordinate, then the fitness gauge is the rate or number of
matching voxels to the formula of x3+y3+z3=r3 where r is the radius of target sphere.
As the matching rate increases in the produced embryos, minor changes can be
overlooked by the evolutionary mechanism. For example, if the number of matches
is used directly as a fitness function, there will be 10% difference between two
embryos that have 10 and 11 valid cells. On the other hand, there will be only 1%
difference between two embryos that have 100 and 101 valid cells. As a solution, the
fitness score is calculated as follows:
If match-rate < (0.25 * target_shape_cell_amount)
then fitness_score = 0
else fitness_score = (matching_cell_amount - 0,25 * target_shape_cell_amount)2

In this respect, by assigning greater value to small changes, the evolutionary
mechanism has been blocked to slow down in the later generations even a little.
While making fitness measurement, different notions can be used according to needs.
It is possible to use not only geometry but also structure of the shape as a gauge.
Structure and geometry are different notions. For example, human body structure
defines body parts, junctions of arms, legs etc. and their lengths. The main emphasis
of the structure is knuckles and relations between parts. However, the geometry of
body presents shapes, angles and locations of parts without concerning the linkage
between them. For example, in a system where virtual robots are created with
artificial embryogeny, the initial geometry of robots cannot be important at the
beginning. In this case, what really matters is the adaptation capability of robots'
structures to the environment after robots start to move. However, if desired objects
have static bodies like antenna, ship or bullet, different concepts should be
considered. In this study, because of the focused subject is more about designing
motionless objects, 3D coordinates of cells are found sufficient for fitness evaluation.
Therefore, the objects that have holes or fragmentations are allowed to live and
reproduce. Even if a solution is an invalid individual such as being divided into 2
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pieces, its DNA is regarded as valid if the shape resembles enough to the target.
These types of deficient individuals are given a chance to mate and transfer their
DNAs to later generations while patching up the missing/faulty genes with their
couples. One disadvantage of this tolerance is that even if the evolved object matches
to target object with the rate of 99%, it can be the useless and invalid solution.

4.6 3D Representation
Explained program is implemented in Unity3D version 5 with C# language. Three
C# classes are created: Nest, Egg and Cell. In Nest class, there are 2 ArrayLists that
hold Egg objects belonging to parent and child populations. In this class, operations
like parent selection, mating, and evolving are made. Objects that belong to Egg
class are instantiated with a shell and central cell (zygote). Shells are created with
cubic shape instead of spherical and their job is to comprise the small cubic cells.
Resolution of an Egg object can be adjusted for different needs. Every cell belonging
to the Egg is put into an ArrayList named cell_list of that Egg. Order of the cell list
objects provides precedency information for the operations of reproduction and death.
While cells of the eggs are propagating, they need information about neighboring
cells. Because searching for the neighbors of a cell on the ArrayList one by one has
O(n) time complexity (n=number of the cells), every egg contains a 3-dimensional
array that holds the cells according to their coordinates. Although these arrays
consume extra memory, adjacent cells are reached with O(1) time with these arrays.
The "grow()" function in the Nest class makes the zygote propagated until reaching
the value of "max_number_of_cells" variable. Nothing appears on the user monitor
until growing phase is completed. After growing the embryo, the objects that belong
to Cell class instantiate GameObjects from 1x1x1 cubic “prefabs” in the screen of
Unity3D editor. In this way, all the mature embryos that are grown in the egg shell
are represented on the monitor in each iteration.
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CHAPTER 5
EXPERIMENTAL RESULTS
The system described above is implemented and tested under different conditions. In
every test scenario, emerged shape is measured in order to see to what extent it is
similar to the target shape. The program runs on the computer with Intel core i7-3770
processor (3.4 GHz, 4 cores) and 16 GB memory. All the tests are stopped after 12
hours and the results are recorded.

5.1 Test-1 Sphere
In the first test, target shape is determined as a sphere. In 3D coordinate space,
equations of a solid sphere with radius r: r2>=x2 + y2 + z2. Hence, the solid sphere
has lots of inner cells, evolution takes more time. To reduce test duration, the shell of
the sphere is used as target shape. As a matter of course, the shell of the sphere is
more sophisticated than the solid sphere in terms of evolution. To produce a filled
sphere, cells' continuous replication is enough generally. However, because the first
cells are born in the center of the sphere, cells should die in a sequence to constitute
empty sphere. Therefore, apoptosis mechanism of embryogeny should be used
wisely by the algorithm.
In this test, cells of two spheres with radius 6 and 7 are selected. The speciality of
this shape is that center of the 27 regions (14th region) is empty and all the cells are
distributed equally to remaining regions. Due to this, most part of the DNA sequence
has to be evolved and this takes too much time. The pseudo code of Figure 5.1 is:
For all x, y and z values between 0 and 26;
If(x2 + y2 + z2<=49) and (x2 + y2 + z2>36)
Then put a cell on the [x,y,z] coordinate.
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Figure 5.1Target shape: sphere shell with radius 7

Target shape consists of 494 cells. Some initial shapes that are developed with
random DNAs are given in Figure 5.2.

Figure 5.2 Initial random shapes made from 494 cells.

Because of that target shapes' inner space is not filled, random shapes' corresponding
cells are not too many. Generally, 60-120 cells of random embryos match the target.
If initial population quantity (parent pool size) is set to 40, and offspring quantity is
set to 80, just 20 iterations are enough for embryos to resemble target shape. At the
end of the 20th iteration, it can be observed that insides of the emergent shapes begin
to be empty and cells cluster on the shell.
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Figure 5.3 After 20 iterations, the inner side of the eggs begin to be empty.

After 12 hours approximately 6,000 iterations are executed and appearances of the
emergent embryos get near the target. However, if perfectly matching cells are
considered, the best embryo has only 290 of the 494 cells intersecting. In short, the
success rate is 59% in the 6,000th iteration. Resulting embryos are shown in Figure
5.4.

Figure 5.4 After 6,000 iterations.

5.2 Test-2 Umbrella
In this test, used target is umbrella shaped and has 316 cells. It is expected that
zygote propagates along +y and -y axis and a hemisphere is formed on top of the
stick. Target shape is shown in Figure 5.5 and 20th iterations embryos are shown in
Figure 5.6.

47

Figure 5.5 Second target shape –umbrella- consists of 316 cells.

Figure 5.6 Some shapes from 20th generation.

Some emergent embryos at the 7,000th iteration are shown in Figure 5.7. The best
embryo of this iteration has 53% of success rate (167 of 316 cells match).

Figure 5.7 Some shapes from 7,000th generation.

5.3 Test-3 2D-Star
In this test, target shape -2D star- arises from 179 cells as it is seen in Figure 5.8. A
2D target is selected because of its being simple. The DNA is expected to evolve
apart from z axis. Thus, convergence by the evolutionary process is accelerated
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perceptibly. Star shape consists of three isosceles triangle intersection in different
directions. If a cell's coordinate is in one of these triangles, it means that the cell is
within the star. In the trials, the sample individuals at the end of the 20th and
15,000th iterations are displayed Figure 5.9 and Figure 5.10. 15,000th iteration is
completed in 12 hours. In the last iteration, it is recorded that 153 of the 179 cells of
the finest star match with the target shape. The success rate is recorded as 85%
approximately.

Figure 5.8 Target shape consists of 179 cells.

Figure 5.9 Sample shapes from 20th generation.

Figure 5.10 The best shape of the 15,000th generation.
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5.4 Test-4 3D-Star
In this test, the previous test's 2D star formula is used to constitute a star projection
on the x-y plane. From the center of the projection, the shape is fattened up with 7
units throughout z axis. The shape gets thinner away from the center of the star and
thickness becomes 1 unit at the end points. The target shape in Figure 5.11 consists
of 763 cells in total. Sample embryos from 20th generation are shown in Figure 5.12
and final embryos from a 1,000th generation which is reached after 12 hours are
shown in Figure 5.13. In the last iteration, match rate of the best embryo is recorded
as 84%.

Figure 5.11 Target shape.

Figure 5.12 Sample shapes from 20th generation.
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Figure 5.13 The best shape of the 1,000th iteration.

5.5 Test Results
All the results of the 4 tests are shown in Table 5-1.
Table 5.1 Test Results
Cell
Amount

Reached
Generation
in 12 Hours

Success Rate at
20th
Generation

Success Rate at
100th
Generation

Success Rate at
Last
Generation

2D Star

179

15.000

72%

78%

85%

Umbrella

316

7.000

34%

49%

53%

Sphere

494

6.000

48%

57%

59%

3D Star

763

1.000

73%

81%

84%

According to the Table 5.1, it is seen that cell amount and development pace of the
embryo increases proportionally because every cell makes its decision by oneself and
the DNA should be queried after comprehending the preconditions for every decision.
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Figure 5.14 Development processes of 4 test shapes.

Sample embryos from tests and Figure 5.14 show that shapes begin to resemble their
target in first 20 iterations and approximately 100-200 iterations are enough for
embryos to reach eventual maturity that the system allows. After 200th generations,
trivial improvements come into play as mutation's effects. It is possible to get
considerable enhancements with different mixtures of heuristic operations,
exploration and exploitation processes.
The aim of the evolutionary algorithms is to produce an individual that acquires
advantageous features of its parents that have their own beneficial specialities. To
achieve this, the structure of the hereditary information and mating mechanism
should be well adjusted. In implemented system, emergent child individuals in
Figure 5.16 resemble both their mother and father generated from random DNAs in
Figure 5.15.
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Figure 5.15 Sample random mother and father shapes.

Figure 5.16 Sample children of above parents.

This similarity indicates that devised mechanism works effectively with regard to the
procedure of mating. However, making a quantitative measurement of quality of
mating operation is impossible.
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CHAPTER 6
CONCLUSION
6.1 Summary
In this thesis, a system that produces simple artificial shapes inspired by the
embryological development of multicellular organisms in nature, a kind artificial
embryogeny, is designed to produce novel 3D designs and the success of this system
to produce original shapes is discussed. In the proposed system, resulting shapes are
composed of smaller building blocks and the cells are loaded with artificial cell
chemistry techniques to create the main tasks morphology. The cells make their own
decisions through their DNA and they have a role in the formation of the final shape
via fulfilling the classic cell actions like reproduction, protein secretion, suiciding etc.
In the study, artificial organisms created by an algorithm that uses genetic
programming techniques are evolved to accomplish some tasks. Evolving the
produced embryos according to given task is done through a kind of genetic
algorithm. The performance of the built system is tested with 4 different scenarios
and each of them takes 12 hours.
The research reported here demonstrates that proposed 3D growth algorithm has a
potential in the matter of developing novel 3D models for specific design problems.
The most prominent feature of the implemented system is its ability to be used to
produce all size of shapes that can have a theoretically unlimited number of voxels
from the seeds having the same DNA structure but different gene sequences.
Also, a way to overcome the challenging problem of search space's being too large in
the operation of the evolution of mature embryos is presented in this work.
According to this novel approach, to shorten the DNA sequence, cells consult with
their neighbors one by one to perceive the situation and decide their next behavior
with respect to voting result. With this technique, search space is shortened
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approximately 6,000 times compared to classical approaches.
The results shown in this thesis demonstrate that exploration of 3D models that are
almost impossible to design or even imagine by humans can be achieved by
computers with mimicking the multicellular organisms’ embryologic development.
This method is useful and capable for both direct application and giving an idea and
inspiration to designers.

6.2 Future Works
Although every living species' embryologic development process is unique and
completed with lots of different stages, the simplest and general mechanisms that can
be observed on most of the multicellular organisms are explained and used in this
study. As a future work, a specific living creature's embryologic progress (insect,
human, fish, plant etc.) can be focused and simulated according to characteristics of
the desired objective. Also, different creatures' development process can be tested on
the same task.
In used algorithm, because of every cell has the same DNA and takes decisions with
its six neighbors independent from the rest of the colony, the algorithm is very
suitable to be accelerated by parallel computing techniques. It is possible to improve
the results with the power of parallel computing techniques and adjustments of
evolutionary mechanisms as future works.
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