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Abstract
Genetic Algorithms for the Physical Simulation of Flower Pigmentation Patterns

by Grant Skaggs

Modeling flower pigmentation patterns using physical simulation offers the potential for
several advantages over texture mapping. These models may, for instance, be used to au-
tomatically create a diverse population of flowers by slightly modifying their parameters,
geometries, and initial conditions. However, physical simulation of pigmentation patterns
may involve finding parameters for instances of a class of differential equations known as
reaction-diffusion equations, a process which can be difficult and time-consuming. This
thesis analyzes the use of genetic algorithms to search for appropriate parameters for such
systems. It demonstrates the effectiveness of this approach via case studies, as well as a rela-
tively unconstrained exploration of the parameter space using an automated fitness function.
The author presents both a web application and a command line tool to interface with his
genetic algorithms, in order to aid future researchers in finding realistic flower pigmentation
patterns.
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Section 1: Motivation

The use of physical simulation to model flower pigmentation patterns offers several advan-
tages over texture mapping. In the context of synthesizing images of a flower, this latter
process involves two steps. First, a texture must be created, either via a scanned photo or
a painted image. Next, a mapping must be made from the texture to the flower’s geometry.
Though texture mapping can produce reasonable results, it is a fundamentally unmalleable
method, in that it suffers from distortions when applied to new geometries. In contrast,
physically simulated models do not suffer from any such distortions, and the parameters,
geometries, and initial conditions of such models may be mutated slightly to create large
populations of distinct individuals.

Additionally, simulations of flowers can offer insight into the natural science which they
intend to mimic. Botanists may use models of flower pigmentation as evidence in favor of
or against their theories of cellular development and molecular systems.

The current state of the art for the simulation of flower pigmentation patterns is presented
in a 2021 paper by Ringham et al. entitled “Modeling Flower Pigmentation Patterns” [10].
The authors identified 7 mechanisms critical to development of flower pigmentation patterns
in nature:

1. Organ identity: For instance, the labellum and sepals of an orchid may be colored
differently than the rest of its petals, as seen in Figure 1.1.

2. Flower age: Flowers of different ages may be colored differently and contrast each
other when bunched together.

3. Exposure to light: “Bud blushing” refers to the behavior some flowers exhibit whereby
the parts of the petals exposed to light before bloom are colored differently.

4. Vasculature: Proximity to veins often affects local flower pigmentation.

5. Position within petals: Different areas of the petal may be colored differently. The
outer edges of a flower may have a distinct color. Alternatively, the flower may have
patterns which follow axes along the petals’ geometries.

6. Reaction-diffusion patterns: These are more complex patterns, characterized by the in-
teractions of a few key molecules and resulting in spots, stripes, or maze-like aesthetics,
as in Figure 1.2.

7. Random patterns: Stochastic processes result in non-uniform patterns as in Figure 1.3.

Most of these processes are simple to implement and understand. Proximity to organ and
position with in petal, for instance, reduce to simple interpolations of color based on geomet-
ric distances. Modeling can be performed via the space colonization algorithm presented in
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Figure 1.2: Flowers whose pigmentation may result from reaction-diffusion patterns.
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Figure 1.3: A flower whose pigmentation appears stochastic in nature.

[11]. This algorithm was originally used to simulate the growth of trees and plant limbs, and
involves little more than iteratively growing plant nodes toward programmer-defined points
of attraction.

Much more difficult theoretically and practically are the reaction-diffusion patterns which
result in the more complex patterns flowers have to offer. Models which produce such pat-
terns are composed of systems of differential equations known as reaction-diffusion equations.
These are discussed in detail in Section 2.

While systems of reaction-diffusion equations are powerful in that they can produce a
broad range of patterns, finding the right parameters for these models to produce a desired
pattern is difficult. In fact, many choices for parameters yield no pattern at all. As a result,
Ringham et al. reported that creating their models for a given flower “ranged from hours to
days,” a period of time “longer than using scanned textures.”

Additionally, even putting aside the problem of choosing parameters, when modeling
natural phenomena using reaction-diffusion equations, researchers rely on prior knowledge
of the literature to choose which system of reaction-diffusion equations might produce the
desired patterns. Programmers unfamiliar with this domain would not have the background
knowledge to make such choices and may struggle to produce realistic flower pigmentation
patterns as a result.

This thesis attempts to use genetic algorithms to reduce the time and prior knowledge
needed to produce flower pigmentation derived by reaction-diffusion patterns. It makes the
following contributions to the problem of flower modeling:

1. Tt proposes a novel generalized system of reaction-diffusion equations called GenRD
in hopes of removing the need of the programmer picking a system from the many
available in the literature.

2. It analyzes the application of genetic algorithms for finding appropriate parameters for
this generalized model, as well as two established models.
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3. It makes available both a web application and a python implementation of my genetic
algorithms so future researchers may use and build upon my work as a tool to model
flower pigmentation patterns (or any other reaction-diffusion patterns).



Section 2: Background

2.1 Reaction-Diffusion Equations and Applications

The notion of reaction-diffusion equations was first introduced in 1952 by Alan Turing [14].
Turing hypothesized that tissue differentiation emerged due to the varying concentrations of
compounds he called “morphogens” across a given geometry. He modeled these morphogens
as having both reaction and diffusion properties. That is, their concentrations depend on
interactions among each other and on their rates of diffusion.

The reaction-diffusion equation for an isolated morphogen is a differential equation of the
form:

= F(u) + DAu (2.1)

Here, u = u(z,t) is the concentration of the morphogen at time ¢ and position z € R",
w is the partial derivative of the concentration of u with respect to time, F'is some function
meant to represent a reaction mechanism, D is a constant corresponding to the rate of
diffusion of u, and Awu is the Laplacian of w.

We may also have systems of N reaction diffusion equations, as in:

Very often, a system of reaction-diffusion equations considers just two morphogens. In
these cases, I'll refer to the morphogen concentrations as v and v to simplify notation. One
example of such a system is the Gray-Scott model which was introduced in 1984 and is known
to produce many interesting patterns when simulated and presented visually [7]. This model
is given by equations 2.3 and 2.4.

= —uv® + F(1 —u) + D,Au (2.3)

v =uv® — (F + k)v + D,Av (2.4)

Here, F refers not to a function but to a constant feed rate of the first morphogen, whose
concentration is given by u. The existence of the first morphogen may be seen to fuel the
growth of the second, whose concentration decays with greater values of constant k. Three
example patterns produced using the Gray-Scott model are given in Figure 2.1.

In addition to the Gray-Scott model, another popular model which uses two morphogens
and produces interesting visual patterns is the Gierer-Meinhardt model [6], which is given
by equations 2.5 and 2.6.

i = p(v? —vu) + D,Au (2.5)
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Figure 2.1: Example patterns from Gray-Scott model.

"*};‘f}. ¥

Figure 2.2: Example pattern from Gierer-Meinhardt model.

U2

v=p|—
P lu(l + Kkv?)
Where p, i, v, and k are all constant parameters of the model. An example pattern I

produced using the Gierer-Meinhardt system is given in Figure 2.2.
These models and those like them have have been used to describe a broad spectrum of

— ;w] + D,Av (2.6)



SECTION 2. BACKGROUND 7

phenomena in nature, including predator-prey, competition, and symbiotic relationships in
population models; reversible reactions and general reactions in chemistry; and serial and
plane waves in mathematics [8]. As discussed briefly in Section 1, reaction-diffusion models
have been used to describe the pigmentation patterns of flowers [10]. Other applications of
reaction-diffusion equations include the simulation of pigmentation patterns for zebras and
leopards [15], seashells [4], and fish [12].

2.2 Genetic Algorithms for Reaction Diffusion
Equations

Genetic algorithms are a type of evolutionary algorithm in which biologically-inspired func-
tions like fitness, selection, and reproduction are performed over a population of candidate
individuals over several generations in order to find solutions to search and optimization
problems. In the field of machine learning, they have been used to select hyper-parameters
for neural networks [5]. In Artificial Intelligence, they have been used, for instance, to create
high-performance Tetris agents, where traditional reinforcement learning algorithms have
failed [1]. And in computer graphics, they have been used to evolve textures defined by
simple symbolic expression, as well as animations built upon those textures [13].

There is one paper in the literature which attempts to apply genetic algorithms to reaction
diffusion equations. Unfortunately, the subject of this paper was not pattern formation, but
instead the use of the Gray-Scott model to control the motor patterns of what is called
a "minimally-cognitive agent” [2]. Each cell of the agents in this study had associated
with them a different set of parameters for the Gray-Scott model, as determined by the
cells’ chromosomes. The concentrations of morphogens v and v in particular cells controlled
motor patterns, and in other cells were affected by the exterior environment. While it’s
impressive that such a design when evolved using genetic algorithms performed well on
certain navigation tasks, this result offers little insight into the use of genetic algorithms for
visual pattern formation.

To my knowledge, no researchers have explored the use of genetic algorithms to produce
visual patterns via reaction-diffusion equations. Until now researchers have been able to
search the space of parameters by choosing parameter values (e.g. F and k in the Gray-Scott
model) by ad hoc exploration. This may be sufficient to make shell or leopard geometries
which are relatively generic. However, based on Ringham et al’s report (as relayed in Section
1) about the time taken to parameterize their models, modeling the intricacies of flower
pigmentation patterns using reaction-diffusion systems may require more time and human-
effort.



Section 3: Methods

3.1 Genetic Algorithm

I applied genetic algorithms to three reaction diffusion models:
1. Gray-Scott, given by equations 2.3 and 2.4.
2. Gierer-Meinhardt, given by equations 2.5 and 2.6.

3. GenRD, given below.

GenRD is a generalization of reaction-diffusion systems of two variables. The observation
which led to its creation was the following: All the two-morphogen reaction-diffusion systems
used by Ringham et al. to make their flowers in [10] had reaction terms which were degree

2 or smaller rational functions in u and v. The natural generalization of this pattern was
GenRD:

3 2 2 Catad
il N I,

=3 FZ_O Z]{O i ] + D,Au (3.1)
t=1 Zi:O Zj:O Bu,t,i,julvj
3 2 2  agiayd
il N P TALY

0=y [2’2—0 232_0 ik ] + D,Av (3.2)
=1 Zizo Zj:o Bv,t,i,juzvj

Where o and 3 are 4-dimensional lists of parameter values. a,;; and (3, ; are fourth
order tensors which denote parameter (i, j) for term ¢ for morphogen x.

Each simulation was done on a square grid of size 256 by 256 cells, which was programmed
to have periodic boundary conditions. The morphogen concentrations were either initialized
via a random uniform distribution over [0, 1] or more complex function which in practice
centers patterns and gives them and gives each a line of symmetry about an axis tilted away
from either horizontal or vertical. Unless otherwise specified, the results in Section 4 were
derived from simulations initialized according to this latter function, which is given here
explicitly:

utY =1 — ¢~ 80-((2+0.05)? +(y+0.05)?) (3.3)

VY = 80 (2-0.05)%+(y~0.05)%) (3.4)

Where ug? and vy? are the initial concentrations of u and v for a cell on the grid centered
at x,y, supposing the grid itself is a unit square and centered about (0, 0).
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Model Genes D, D,
Gray-Scott F Kk 0.32768 | 0.16384

Gierer-Meinhardt 0, Ky by V 0.05 2.0

GenRD 045 and By 5 for all defined x,¢,1, j 1.0 1.0

Table 3.1: Genes and diffusion constants for each reaction-diffusion model.

Parameter F k P 4 v K Qi | Patig

o? 0.05 0.05 0.2 0.1 0.1 0.5 0.5 0.5

Initial Range | [.02, .08] | [.04, .06] | [.45, .55] | [.95, 1.0] | [.85, .95] | [.2, .8] | -1, 1] | |-1, 1]

Table 3.2: Mutation rate for each gene.

Each individual contained a collection of parameter values for a given reaction-diffusion
model. These parameters values comprised that individual’s genes, and because each reaction-
diffusion model has a different number of parameters, the number of genes per chromosome
varied depending on the experiment. The genes for each reaction-diffusion model are given
by Table 3.1. Note that the diffusion constants D, and D, are not treated as genes. Instead,
for each model, I used hand-picked values which produced good results in my simulation
and, in the case of Gray-Scott and Gierer-Mienhardt models, were also used to produce
interesting patterns in [12] and [12], respectively. These values may likewise be seen in Table
3.1.

Crossover was done naively; each chromosome has an equal chance of coming from either
parent. The mutation to the value of a gene v is given by:

v :=v+ N(0,0?) (3.5)

Where o2 is the mutation rate for that gene. I experimented with several different
mutation rates for my models and determined that those given in Table 4.3 find a useful
balance of exploration and stability in my genetic algorithm. That these values are different
among the parameters implies that the reaction-diffusion patterns are more sensitive to
changes in one parameter as compared to another.

At the start of each evolutionary simulation, the individuals of a population have genes
initialized via a random uniform sampling from a gene-specific range of values. Like the
learning rate, I had to experiment with different values for these ranges.

I experimented with two different fitness functions for my chromosomes. The first, which
I call the modified Dirichlet energy of a grid, was intended to be a hands-off, automated
means of discovering interesting reaction-diffusion patterns. This function is based on a
quantity know as Dirichlet energy, which measures how variable a function is. It’s given by:
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5 | IVu@)ldz (3.6)

When using the Dirichlet energy as a measure of fitness, I found that grids with interesting
patterns but low absolute value for morphogen concentrations had lower gradient values, and
therefor lower fitness scores, than their less interesting counterparts. To amend this problem,
I introduced the modified Dirichlet energy accounts for differences in the absolute value of a
grid and is given by:

1
maxq||Vu

o /Q V()| 2dz (3.7)

The discrete version of the modified Dirichlet energy is given by:

1

maxg||Vu

BIE g IVu(z)|? (3.8)

Where Vz is now the discrete gradient of the discrete vector-valued function uw and €2 is
now a grid of values instead of a continuous region in space.

The second fitness function I used was selection by the application user. Here, we let a
human guide the genetic algorithm toward a desired pattern by picking at the end of each
generation a non-null set of chromosomes they feel is in “the right direction” with respect
to the goal state. If there are N individuals in the population and S is the list of selected
individuals, then the fitness of a given individual is by:

1—-A

Ji: N — length(S)

"~ length(9)
Where A is a constant set to .9 in my program.
To produce the next population after a generation is simulated and evaluated, I used
fitness proportionate selection, whereby the expected number of times an individual will
reproduce is given by:

if i € S, otherwise

(3.9)

e L
' Z?]ﬂ I J
Where N is again the size of the population and f; is the fitness of individual .
Simulation parameters which the user may change easily in either the text or graphical
user interfaces are the simulation length and step size, which are referred to in the remainder
of this thesis as T" and dt respectively.

(3.10)

3.2 Experiments and Simulation Details

To evaluate the effectiveness of the modified Dirichlet energy as a fitness function which pro-
duces interesting reaction-diffusion patterns, I ran my genetic algorithm with 30 individuals
and 10 generations, for each of the three models I investigated.
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Model dt T
Gray-Scott 0.5 | 2000
Gierer-Meinhardt | 0.05 | 500

GenRD 0.01 | 50

Table 3.3: dt and T for each reaction-diffusion model.

To evaluate the effectiveness of genetic algorithms as tools for finding specific flower
pigmentation patterns, I chose three different flowers as case studies whose patterns I wanted
to replicate. Since each of these flowers also appears in Ringham et al.’s “Modeling Flower
Pigmentation Patterns,” my algorithm’s performance on these tasks provides some insight
into the value this thesis has for future researchers in the space.

The results of all of these experiments are given in the next section.

The visualizations you will see there of reaction-diffusion patterns are of the concentration
v. This decision was arbitrary since visualizing u also results in interesting parameters, and
furthermore systems which are interesting when visualizing one of two morphogens are almost
inevitably interesting when visualizing its counterpart.

The choice for the simulation length 7" and time step dt were hand-tuned for each of
the three reaction-diffusion models considered. In general, the largest dt which resulted in
consistently stable simulations was used. Similarly, the smallest 7" which resulted in visually
interesting patterns was used. These values are given in Table 3.3.

Since some parameter choices for all three models may result in negative values or an
unconstrained ”blow up” of the concentrations v and v toward either infinity, I clamped the
concentrations to the range [0, 5] in my simulation, finding systems which previously took
on undesirable values to instead produce grids filled entirely with one end of this range.
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Section 4: Results

4.1 Modified Dirichlet Energy

Figures 4.1 and 4.2 show the first and tenth generations of an evolutionary simulation on the
Gray-Scott model which uses the modified Dirichlet energy as its fitness function. Figures
4.3 and 4.4 are the same as applied to the Grier-Mienhardt model, and likewise Figures 4.5
and 4.6 are the same as applied to the GenRD model.

4.2 Case Study: Phalaenoris Nanking’s 4.55

This flower is a hybrid of two orchid species. It has irregular blotches distributed non-
uniformly among its pedals. Although no reaction-diffusion model is known to create this
pattern in a stable terminal state, it has been shown to emerge from early iterations of
the Gray-Scott model from a random pattern of initial concentrations [9]. I attempted to
reproduce these results by applying the genetic algorithm to both the Gray-Scott using user
guidance to inform its fitness function. I set the initial concentrations of the morphogens to
random values and stopped the simulation at a relatively small T=200. To get results which
appeared reasonable took 5 generations.

Figure 4.7 contains three images. The first is the simulation output as visualized using
my default coloring, where brighter indicates higher v values. The second image is the
same output where each cell is either purple or white depending on its value crossing some
threshold which I handpicked. The final image is the that of Phalaenoris Nanking’s 4.55
which is the ground truth pattern I attempted to replicate.

4.3 Case Study: Kohleria

The Kohleria flower is tropical and has striking red and white, maze-like pattern. To repro-
duce its pattern, Ringham et al. used a reaction-diffusion equation from Turing’s original
paper. Since this was not one of the models I investigated, I originally intended to run a
user-guided genetic algorithm with both GenRD and Grierer-Meinhardt to replicate these
results. However, during the fourth generation of an evolutionary simulation for the Gierer-
Meinhardt model with the modified Dirichlet energy as fitness function, I discovered a pattern
which resembled Kohleria remarkably well.

This pattern is the first image in Figure 4.8. The second image in that figure is produced
by the same reaction-diffusion simulation, except run for a longer 7" = 1000 instead of the
original 7" = 500 and colored with a different palette. The third image is the ground truth
picture of Kohleria.
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Figure 4.1: Modified Dirichlet energy as fitness function, generation 1: Gray-Scott

4.4 Case Study: Mimulus guttatus

Mimulus guttatus is a wildflower with a distinctive spotted pattern. As in the Kohleria case
study, I actually found a pattern which approached the spotted pattern of Mimulus guttatus
in the fourth generation of the same evolutionary simulation for the Gierer-Meinhardt model.

This original pattern I discovered is the first image in Figure 4.8. The second image in
that figure is produced by the same reaction-diffusion simulation, except run for a longer
T = 1000 instead of the original 7" = 500 and colored with a different palette. The third
image is the ground truth picture of Mimulus guttatus.
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Figure 4.2: Modified Dirichlet energy as fitness function, generation 10: Gray-Scott
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Figure 4.3: Modified Dirichlet energy as fitness function, generation 1: Grier-Meinhardt
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Figure 4.4: Modified Dirichlet energy as fitness function, generation 10: Grier-Meinhardt
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Figure 4.5: Modified Dirichlet energy as fitness function, generation 1: GenRD
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Figure 4.6: Modified Dirichlet energy as fitness function, generation 10: GenRD

Figure 4.7: Original simulation, altered coloring, and ground truth pattern for case study 1.
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Figure 4.8: Original simulation, simulation with altered coloring and termination point, and
ground truth pattern for Kohleria

Figure 4.9: Original simulation, simulation with altered coloring and termination point, and
ground truth pattern for Mimulus guttatus.
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Section 5: Software Implementation
and Performance

The results obtained in Section 4 were done so using a program I wrote called gard (ge-
netic algorithms for reaction-diffusion). Gard was implemented on top of a python-based
Gray-Scott reaction-diffusion simulator written by researchers at ETH Zurich. The origi-
nal repository for this code may be found at https://github.com/cselab/gray-scott. |
added to this code the functionality to simulate both the Gierer-Mienhardt model as well
as my own GenRD model. The core simulator itself was modified to interface with chromo-
somes from my genetic algorithm code, which was also implemented in python. The grid of
morphogen concentrations were stored in this core simulator as NumPy arrays of data type
float64.

To improve the speed of my simulation, I implemented multi-threading of my code where
each individual was simulated in parallel, up to the number of threads specified by the user.
Doing so resulted in a significant speed-up for simulating all the models I analyzed. Even so,
my machine still took longer than a minute to simulate an individual of the GenRD model.
Consequently, I implemented a version of all models on the GPU using a library called
PyOpenCL. The time my machine takes averaged over fiver iterations to run a generation of
20 individuals for each model is given in Table 5.1. Unsurprisingly, the GPU implementation
offers more speedup on the computationally expensive GenRD since the overhead cost of
moving data to the GPU is overpowered by the immense gains in computation speed.

The command line interface provided by the original implementation was sufficient for
the purposes of a Gray-Scott simulator. Unfortunately, it became clunky with the added
complexity of genetic algorithms and user-provided selection. To make the use of my genetic
algorithm as a tool feasible, I implemented a graphical user interface to gard using a library
called streamlit.

To make gard accessible as a tool to future researchers, I deployed it as a web applica-
tion with the aforementioned GUI as its interface. You can access this web application at
https://reaction-diffusion.herokuapp.com/. To avoid paying for a server with GPUs,
this online version of gard runs on multi-threaded CPUs and is considerably slower than the

Implementation: CPU-1 | CPU-16 | GPU

Avg. Seconds for Gray-Scott: 39.72 27.03 6.39
Avg. Seconds for Gierer-Meinhardt: | 18.63 11.58 6.81
Avg. Seconds for GenRD: 118.19 | 84.31 | 21.20

Table 5.1: Average time in seconds implementations take to simulate each model.
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results one obtains from using a GPU or even faster CPUs. However, the full implementa-
tion of gard is available at https://github.com/gskaggs/reaction-diffusion for anyone
to download and run on their own machines.
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Section 6: Discussion and Future
Work

6.1 Issues

I encountered two fundamental problems with GenRD. First, the model was prohibitively
slow. Terminal time values 7' greater than 100 could mean minutes to simulate one individ-
ual, even on a GPU. This reason using GenRD is so slow is because each time step requires
many more computations than either Gray-Scott or Gierer-Meinhardt. There is no getting
around this. It was designed to encompass many possible reaction terms and any attempt
to reduce the models complexity would also reduce its power of expression.

The second problem I encountered with GenRD was its volatility as a model. The
patterns observed in both Figure 4.5 and 4.6 are often predominately yellow (indicating the
model ”blew-up” and hit ceilings on the concentrations which I imposed) or else they’re
grainy and resemble static, even if they do appear to look something like a normal reaction-
diffusion pattern. No attempt I made to reduce the static phenomenon helped, including
reducing the time step dt, increasing the grid resolution, and actively trying to choose non-
static patterns when the fitness function was user-input. In fact, the first two of these
hypothesized solutions just slowed down the simulation process more, making exploration
of the space more difficult. T might have blamed my explicit integration and implemented
a semi-implicit approach if I had experienced similar issues with the other two reaction-
diffusion models, but this was not the case.

A fundamental problem I experienced with the user-guided approach to genetic algo-
rithms for reaction diffusion patterns was (again) speed. Even when simulating a simple
model like Gray-Scott, doing a simulation of 100 individuals for 10 generations may take an
hour or more and requires periodic attention from the user. This is certainly faster than
blindly searching a space by trying out values until you find patterns resembling what you're
looking for. However, it may not be faster than someone familiar with what the literature
suggests are good parameters to consider for a given model, and it is much less convenient
than having an automatic fitness function go on autopilot.

The main issue I had with my proposed modified Dirichlet energy is that it sometimes
produces less interesting geometries in order to maximize the gradient. That’s why the tenth
generation selected by this function (as in Figures 4.2 and 4.4) contain less diversity than
the randomly initialized first generation (Figures 4.1 and 4.3). This explains also why the
patterns I declared as best matching the ground truth patterns in the second two cases
studies came out of the fourth generation of an evolutionary algorithm using the modified
Dirichlet energy, and out of not the tenth or twentieth.

A problem I observed with genetic-algorithms for reaction-diffusion systems in general
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was that this approach did not actually reduce the need for prior knowledge about the
reaction-diffusion model being simulated. A successful genetic algorithm relies on reasonable
learning rates. Too large and you miss interesting elements of the search space. Too small
and you do the same. With respect to using the Gray-Scott model, for example, knowing
roughly how large the set of values for F' which result in patterns makes setting the learning
rate simple. If all good F' values are between 0.01 and 0.1, then a learning rate of .25 or
.0001 for that parameter doesn’t make sense. The same goes for any other parameter of a
reaction-diffusion system. Without this prior knowledge, a user may be stuck trying different
values for the learning rates until they find one which appears to work well. This is exactly
the kind of ad hoc exploration my thesis set out to eliminate.

6.2 Visual Performance

Analyzing the degree to which a simulated reaction-diffusion pattern matches nature is dif-
ficult. I rely on visual comparison, as did Ringham et al. in their work. In the first case
study, that which examined Phalaenoris Nanking’s 4.55, it’s clear that the morphology of
the splotches in my pattern did not match that of the ground truth which were more circu-
lar. However, my pattern honored that the splotches varied in size and were non-uniformly
dispersed. In the second case study, which analyzed the patterns of the Kohleria flower, my
simulation produced moderately better results. My model had a mixture of maze-like lines
and dots which were also observed in the ground truth, even if they were mixed together
in a very different way. That is, while the flowers’ dots are seen more toward the petal’s
edges, my pattern’s dots are seen throughout the maze-like lines. Lastly, in reproducing
the Mimulus guttatus flower, my models succeeded in producing uniformly distributed dots,
similar to those seen in the actual plant. However, I was not able capture the spacing of
these dots with respect to each other, nor was I able to capture how the dots only appeared
in specific parts of the petal.

6.3 Limitations

The shortcomings of my patterns in these case studies are explained by a number of mech-
anisms which Ringham et al. used to great effect and which my model ignored. These
mechanisms are:

e Petal geometry: My models existed on square grids as opposed to on triangular meshes.

o Wrap-around: To be consistent with prior simulations using 2D grids, my models used
a wrap-around morphology where concentrations at borders affected concentrations on
the other side of the grid. Petals do not have this functionality.

e Variable model parameters: The values of my model parameters were consistent when
applied throughout the grid. To get more complex patterns, Ringham et al. used
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what they called an ”intermediate morphogen” to construct a gradient across a petal
geometry, and then used that gradient to gradually vary the parameters for their
reaction-diffusion simulations.

e [sotropic diffusion: The diffusion terms in my models were all isotropic. That is,
morphogens diffused equally along both x and y axes. Diffusion in which this is not
the case is called anisotropic and is essential to modeling certain flower patterns.

e Proximity to vasculature: In some flowers, good models result from varying the mor-
phogen concentrations in close proximity to vasculature, which I did not model.

These differences meant my model was unable to capture all the reaction-diffusion pat-
terns necessary for some flower pigmentation patterns. One potential avenue for future
research, then, would be to explore the use genetic algorithms for a more realistic set of
models. A researcher might, for instance, synthesize a set of flowers by hand and by an evo-
lutionary approach in order to determine which is faster. Alternatively, she might attempt
to model some of these more complex mechanisms using genes and add them to individuals’
chromosomes.

6.4 Conclusion

The aim of this thesis was to evaluate genetic algorithms as a mechanism for determining
good parameters for models of flower pigmentation. Since I did not use the same models to
simulate flower geometry as Ringham et al., I cannot determine with absolute certainty if
the insights I gained through my experimentation would hold for their development process
as well. That said, it seems the issues outlined in Section 6.2 were fundamental to any evolu-
tionary approach to this problem, and consequently I conclude that the genetic algorithm I
developed, as well as the generalized reaction-diffusion model I introduced, are not in general
likely to speed up the process of parameter selection for reaction-diffusion models.

However, I do not feel the issues I encountered are insurmountable and would not ad-
vocate for giving up on the potential advantages of either an evolutionary approach to this
problem or a generalized reaction-diffusion model. Instead, I propose the following iterations
upon my work as potential avenues toward more fruitful research:

e Exploring other automatic fitness functions besides the modified Dirichlet energy I
used. Automatic fitness functions makes simulation time less of an issue since the user
does not have to be around to give it periodic attention. A fitness function which
was able to reward interesting patterns and dismiss static, for instance, might’ve done
much to expedite my exploration of GenRD’s parameter space. Of course, an automatic
fitness function which could be initialized to target patterns which look similar to a
photograph or drawing would be ideal.
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e Designing algorithms which modulate the learning rate for a parameter based on the
degree to which changing its value affects simulations. Ideally this would be done
automatically, but feedback from the user on how much or little patterns changed in
between generations could also be used. In either case, this would lessen the advantage
of having prior knowledge about a given system of reaction-diffusion equations.

e Using combinations of popular reaction-diffusion systems instead of a more complex
generalized system like GenRD. For instance, a linear combination of the reaction
terms of the Gray-Scott and Gierer-Meinhardt models might be able to express more
patterns than either of them on their own, all while mainting expressiveness of all
patterns each is known to produce. The computation and simulation time necessary
for such a model would be much less than something more bulky like GenRD.
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