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Abstract

In biology, there is a direct and dynamic relationship between
an individual’s form, in terms of shape, size, number and con-
nection of limbs, and the functions that the individual can
perform, such as temperature regulation, movement, and re-
production. These relationships influence the biological di-
versity of existing and extinct species, and there is a critical
need for biologists to further understand them. The analysis
of the interplay between form, function, and environmental
constraints on current species is a challenging task. The prob-
lem is difficult to formalize due to the many form and func-
tion models that need to be encoded, requiring real data for
their definition. However, current research focuses on under-
standing how forms of imagined species can evolve to achieve
optimal functions, without using real data to encode species
diversity and functions. In this paper, we present an approach
to study the interplay between form and function. Using real-
life data collected from field experiments, our multi-objective
optimization framework allows for the definition of various
functions, including swimming speed, reproduction potential,
and an organism’s morphology. As an example, we employ
our approach to determine the optimal forms for maximum
swimming speed and reproduction potential in a group of ma-
rine amphipods.

Introduction
Earth’s biological diversity can be represented by a vast ar-
ray of forms (Foote, 1997). These morphologies are shaped
by and affect different functions, including reproduction,
mobility, and resource acquisition. The tight and changing
relationship between form and function has determined the
fate of extinct species. In rapidly changing environments
such as those predicted by future climate scenarios, it is of
paramount importance to understand how form and func-
tion will be affected, and whether species will be able to
adapt or will become extinct. Current experimental tools
and research have limited predictive ability and studying
the evolution of form and function relies on the observa-
tion and experimentation only with current species (Jänes
et al., 2015). Predicting form and function of extinct, fu-
ture, and even impossible species is an invaluable scientific
advancement (Foote, 1997; Grant and Grant, 2011; Wain-
wright, 2007). Future and fictional species in particular can

provide a glimpse of how current species could evolve and
how their form and function could adapt to changing envi-
ronmental conditions (Grant and Grant, 2011; Wainwright,
2007). The exploration of these species and their functions
provides much needed insight, allowing researchers to focus
on aspects such as water flow, temperature, colour change
and courtship among others.

In marine habitats, most species have two life stages,
namely, sedentary and nomadic. These stages have evolved
distinct shapes and can undergo significant changes in form
and size. The differences in shape and size between life
stages can be explained by the environment and the func-
tion that these forms experience. The sedentary stage has
evolved traits to maximize reproduction and feeding at a
cost of reducing mobility (Munguia et al., 2011). Species
in this stage may be territorial or even completely immo-
bile, as is the case of barnacles or mussels (Olson, 1985).
In contrast, in the nomadic stage, a larva or a juvenile is
cast into the water column where it can spend large peri-
ods of time before settling on to new habitats (Palmer et al.,
1996; Roughgarden et al., 1985). These individuals are of-
ten small (< 5mm) and to maximize energy rely on currents
for transport. Species have therefore evolved shapes to help
control buoyancy such as spines or spherical morphologies
(Levinton, 2001). These two morphologically distinct stages
have very specific functions associated with either moving
through the water column or anchoring down to substrates
and resisting flow regimes. Successful species are those that
can maximize their function in both sedentary and nomadic
stages (Munguia, 2014; Munguia et al., 2007) and avoid dis-
turbance (Munguia and Miller, 2008).

Water flow affects movement behaviour and trajectory
(Koehl and Hadfield, 2010). Inertial forces govern move-
ment for large organisms who are usually powerful swim-
mers. In contrast, small organisms are influenced mostly by
viscosity and are thus more sensitive to the influence of flow
speed and turbulence (Koehl and Hadfield, 2010). Morphol-
ogy can also be linked to reproductive success as traits can
be used as indicators of mate quality (Shuster and Wade,
2003). In crustaceans, such traits are often body size and the
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large claw of males. These traits can have a direct effect on
swimming ability or other functions, often as an opposing
force (Darnell and Munguia, 2011).

Existing work in the area of evolving morphologies fo-
cuses mainly on evolving imagined species with particu-
lar traits, such as movement (Miconi and Channon, 2005),
swimming and crawling (Taylor and Massey, 2001), for-
aging (Pilat et al., 2012), and flying (Shim et al., 2004).
These approaches rely on block-like representations of var-
ious alien shapes, usually evolved using single-objective
algorithms with fitness functions defined using simplistic
physics models (Miconi and Channon, 2005) or more com-
plex models limited to a single shape (Shim and Kim, 2006).
There is a lack of computational approaches that analyse
the evolution and extinction of real species as a response to
changes in the environment and population dynamics.

We propose to address this gap through a system that em-
ploys single and multi-objective evolutionary algorithms on
shape encodings of real-life species. In our system, fitness
functions are defined either as regressions based on datasets
collected from real-life experiments and observations of ex-
isting species, or using previously validated biological mod-
els. It is this unique collaboration between computational
methods and biology that permits answering more complex
”what-if” questions about the evolution or extinction of past
and present species. As an example of how our system can
be used, in this paper, we model several traits such as body
size and claw size to test the evolution of shapes in crus-
taceans that rely on swimming but attempt to maximize re-
productive potential. This paper represents a first step in this
direction, with other attributes, environmental constraints
and models easily added to the software architecture. We
focus on gammarid amphipods (Crustacea: Peracarida: Am-
phipoda). The contribution of our work is twofold:

• an approach for evaluating the evolution of form and func-
tion using real data to define species

• a case study evaluating this approach and analyzing the
evolution and extinction of gammarid amphipods species

Related Work
Extensive research interest has been on the evolution of arti-
ficial creatures that can perform various optimized functions
since the 1990s. This work started with the seminal work of
(Sims, 1994a,b), who pioneered the evolution of morpholo-
gies and controllers of virtual creatures. Sims proposed the
use of 3D blocks to represent virtual creatures, with neural
network controllers embedded in the modules. The results
showed various behaviors for independently evaluated learn-
ing tasks, such as swimming, walking, jumping, and follow-
ing a light source. The work was extended in various ways
in the following years, however no work, to the best of our
knowledge, has yet to focus on analyzing the potential evo-
lution and extinction of real-life species. Instead, the focus

is on the evolution of various behaviors from scratch, with-
out any correspondence to real-life species. We detail some
of this research below.

Taylor and Massey (2001) expanded Sims’ work and
evolved swimming and crawling creatures. The Framsticks
system (Komosinski, 2000) evolved stick creatures com-
posed of cylindrical body parts and joints, to show simple
moving and swimming behaviors. The control of the Fram-
sticks creatures is accomplished using an evolved neural
controller, however the system only allows a few individu-
als to be simulated at a time, and the ecosystem is reduced in
size and variables. Shim and Kim (2006); Shim et al. (2004)
again expand on Sims’ work to evolve flying and swimming
morphologies. Miconi and Channon (2006) have success-
fully evolved virtual creatures for the tasks of locomotion
(Miconi and Channon, 2005) and the co-evolutionary task
of box-grabbing. In contrast to Sims work, their model uses
a tree-like model and McCulloch-Pitts neurons. Pilat et al.
(2012) focus on foraging behaviors, while Mazzapioda et al.
(2009) focuses on evolving virtual creatures optimized for
movement on level and uneven terrain. Chaumont et al.
(2007) have used the Sims creature model to evolve walk-
ing and block-throwing (catapults) creatures. Their model
used a subset of Sims neurons and body modules specifi-
cally modified to fit the block-throwing task. Their work
also discusses the prevention of exploitative behavior and
the importance of fitness functions.

In the work analyzed above, the fitness functions are ex-
plicitly defined by software developers. While they tend
to follow some form of physics-inspired equations, e.g., in
the case of Shim et al.’s flying creatures, the fitness func-
tions in general are not driven by measurements of biologi-
cal processes. Moreover, through the nature of the research,
which is focused on the evolution of the best artificially-
created shape, several biological-focused questions are not
answered. These questions are focused less on artificial
creatures, and more on the evolution and extinction of ex-
isting species in response to various changes in environment
and species functions. In our work, we aim to allow sci-
entists to answer these questions through the use of evo-
lutionary algorithms where creatures are evolved from real
species, and fitness functions are defined realistically, using
either data collected from real-life field trips or real biolog-
ical models. We discuss the problem of form and function
in gammarid amphipods (a type of crustacean) below, as an
example of this approach.

Problem Formulation
Form and Function in Crustaceans
There are many functions of the crustacean individual that
are influenced by its shape. These include swimming veloc-
ity, Reynolds number, reproduction potential, and tempera-
ture flow among others. These functions in turn influence
whether an individual survives, and leads, in the end, to the
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Figure 1: Exploring Form and Function using Evolutionary Algorithms

entire species’ survival or extinction. Our approach aims to
study these relationships using evolutionary algorithms and
existing datasets as shown in Figure 1.

A Form Generator module generates various morpholo-
gies using evolutionary algorithms, which will optimize
these morphologies based on various objectives, such as ve-
locity or temperature regulation among others. Fitness func-
tions will be calculated either using real-life datasets or var-
ious biological models. Each generated species is saved into
the repository, from where it can be further analysed. Ini-
tially, as shown in this paper, the morphology encoding is
done manually. However, a large corpus of morphological
information is found on drawn plates, such as the one pre-
sented in Figure 3. We plan to employ image analysis algo-
rithms to deduce form encoding, in particular the separation
into body, antenna and claws groups.

Using various single and multiple-objective algorithms
modeling the relationships between crustacean forms and
various functions, as well as the relationship between var-
ious individuals in a species, we aim to determine the fate
(with respect to survival and extinction) of various species.
Contrary to existing approaches that do not rely on real data
collected from the field, our function evaluation, as dis-
cussed below, is performed as a regression operation or us-
ing formula employing regressed values. This allows a real-
istic perspective on the survival of the generated species.

The focus for this current phase of our work is on body
and claw size, together with other morphological compo-
nents. Given a crustacean individual Ci, we can formally

define it as a series of body parts of size bij , Ci = {bij |bij ∈
R+, j = 1 . . . n}, where n is the total number of body parts
considered. To aid in the function definition, we further
define four key sets, namely, head, body, antennas,
and claws. As the name suggests, the head set contains
the encoding bij that corresponds to the head of the crus-
tacean, with |head| = 1. Similarly, the body set con-
tains all body parts other than claws and antennas, with
1 ≤ |body| ≤ n − 3. The antenna set contains the en-
codings of all antennas, 2 ≤ |antennas|, and the claws
set contains the encodings of all claws, 1 ≤ |claws|, with
the assumption that each crustacean will have at least two
antennas and one claw.
In the absence of a complete taxonomy of existing am-
phipods as well as a complete encoding of all individuals,
it is impossible for a computer to determine, based on the
above encoding, to which amphipod species an individual
belongs to. Instead, we define our own species encoding as
shown in Figure 2. Within a population of amphipods Ci,
all jth body parts bij , for all values of j, are collected and
a normal distribution is fitted to them. To allow for enough
species diversity, each of the body part-specific fitted distri-
bution is divided into three regions, which are assigned an id
of 1 to 3, as shown in Figure 2. The species id of an individ-
ual amphipod is constructed by concatenating the assigned
ids for each individual body part. For example, the species
id for individual C1 in Figure 2 will start with 1, since the
body part b11 is assigned to the first group in the size distri-
bution. We represent the solution to the form and function
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Figure 2: Species Encoding based on Form Sizes

problem using a single chromosome, which encodes the size
of connected body parts, as shown in Figure 3. With infor-
mation about the size of each body part, the functions of
each individual can be evaluated.

As discussed above, there are many trade-offs between an
individual’s form and their various functions. For simplicity,
in this paper we focus on the trade-offs between the veloc-
ity, reproduction potential, and the form of an individual. To
handle these, we propose the application of multi-objective
evolutionary algorithms, such as NSGA-II to optimize to-
wards a solution (Deb et al., 2002). Rather than evolving
solutions towards a single optima, multi-objective evolution-
ary algorithms maintain a set of optimal solutions - termed
collectively a pareto optimal set - that represent different
trade-off solutions to be chosen by the scientist. In this case,
the NSGA-II algorithm is used to optimize the form of an
amphipod both for maximum speed and reproduction poten-
tial simultaneously by applying appropriate crossover and
mutation operators. This problem is interesting from an al-
gorithmic point of view as it involves a number of complex-
ities, including the multi-objective nature of the problem,
the unique collaboration between computer science and bi-
ology, and the use of real-life data collected from the field
to calculate the various objective functions. In the follow-
ing sections, we discuss how the solutions to this problem
may be evaluated, with respect to the objectives of velocity
and reproduction potential, and how solutions are modified
using problem-specific operators.

Fitness Function Evaluation
We evaluate each solution using the following method. For
an individual Ci defined as Ci = {bij |bij ∈ R+, j =
1 . . . n}, we compute the reproduction potential and velocity
using equations 1 and 2.
Since the size of the claw of the males is a sexually se-
lected trait affecting reproduction potential in many amphi-
pod species, we define potential(Ci), the reproduction po-
tential of individual Ci as the relative size of its claw(s) to its

body, excluding antennas:

potential(Ci) =

n∑
j=1,j∈claws

bij

n∑
j=1,j 6∈antennas

bij

(1)

The velocity of an individual Ci is calculated from a re-
gression using data collected from video observations of
swimming individuals. In the laboratory, amphipods col-
lected from the temperate shallow waters of South Australia
are placed inside a small plexiglass cuvette filled with steril-
ized seawater. Their movements are recorded for 1 minute.
The videos are then analysed and velocity (measured in
cm/s) is recorded (Alenius and Munguia, 2012; Cook and
Munguia, 2013). After the video analysis, individuals were
photographed and body parts were measured. This work
has resulted in data from 231 individuals, with information
about the size of the various body parts belonging to the four
sets defined above, as well as their velocity, Reynolds num-
ber, and other environmental information.
In the initialization phase of the experiments, we compute,
from the initial dataset file and for each body part, the re-
gression slope. For each body part j, we compute the slope
y = ajx+cj , and store the regression setRj = {aj , cj , r2j},
where aj and cj are the slope coefficients and r2j is the coef-
ficient of determination for the regression for that particular
body part. When evaluating each individual C〉, we compute
its velocity, velocity(Ci) as the vector sum of the velocity of
each body part:

velocity(Ci) =
n∑

aj ,cj ,r2j∈Rj

r2j ∗ (aj ∗ bij + cj) (2)

It is important to highlight that our approach allows for
the definition of various functions, including among others
the Reynolds number of the body and the heat absorbency
and dissipation of an individual. We focus on velocity and
reproduction potential to showcase the approach, and allow
the extensive analysis of other functions, using other real-
life datasets collected as above, for our future work.

Problem Specific Operators
The proposed optimization framework is based on common
metaheuristic algorithms that are used in conjunction with
the fitness function evaluation method described above. We
employ both single and multi-objective algorithms to ana-
lyze species evolution with respect to velocity and reproduc-
tion potential. Both algorithms apply the same set of evolu-
tionary operators for selection, crossover and mutation, with
a slight modification for the selection operator in the multi-
objective case.
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Figure 3: Form Encoding for Crustaceans

For each algorithm, a standard Binary Tournament selection
operator is used at the beginning of each algorithm itera-
tion to select two parent solutions from the population. This
selection operator chooses two pairs of solutions from the
same species (as defined above) uniformly at random from
the population, performs a comparison of the fitness of the
solutions within each pair and selects the best solution from
each pair. The species evaluation is performed at the begin-
ning of each iteration. The two selected solutions are then
considered parent solutions for the subsequent crossover op-
erator. In the multi-objective implementation, the individu-
als with the current highest reproduction potential are cho-
sen. If a pool of such individuals exists, then the individuals
are selected uniformly at random for the pool.

A standard single-point crossover is applied to the solu-
tion chromosome of the solutions, where a crossover point is
chosen uniformly at random to divide the chromosome. The
first segment of the chromosome from one parent is then
combined with the second segment of the other parent to
yield valid chromosomes for two offspring solutions.

A mutation operator is then applied, with specified prob-
ability, to the offspring solutions. If a solution is chosen
for mutation, then each gene within its chromosome is ran-
domly flipped, taking into consideration problem constraints
such as an individual’s maximum size.

Experiments
In our experiments, we consider crustaceans from the order
Amphipoda. We consider that each individual Ci has five
body parts, i.e., n = 5, representing respectively: bi1 - head
size; bi2 - claw size; bi3 - body size; bi4 - first antenna; bi5 -
second antenna.

Experimental Parameters
Towards a realistic model, we employ parameters describing
the environment and initial population as shown in Table 1.
This set of experiments focuses on amphipods that are ex-

Parameter Value
Environment density 1,025 kg/m3

Environment viscosity 0.00124725 Ns/m2

Initial population size 50
Initial population generator input, random-repeat, random
Maximum population size 200

Table 1: Environment and Population Characteristics

periencing a marine environment, and thus we employ the
density and viscosity parameters of sea water as shown in
Table 1. While viscosity is a function of temperature, we
take this value to be constant as our model currently does
not consider temperature. A temperature model and other
parameters will be added in future work.

We start with an initial population size of 50 individ-
uals, whose characteristics are given by the value of the
initial population generator parameter. If this
parameter is equal to input, then the characteristics of
the individuals in the initial population are exactly those
present in our collected South Australian dataset. In a
random-repeat experiment, the most optimal individual
(with respect to either speed or claw size, or both) is selected
from the real data set. This individual is then replicated 50
times, with random changes to its size. A random experi-
ment will randomly create individuals with various profiles
to explore fictional or future species.

Single-Objective Evolutionary Algorithm
We implement two single-objective evolutionary algorithms
to optimize the amphipod body shape with respect to veloc-
ity and reproduction potential respectively. We embed the
problem formulation and operators described above within a
standard steady-state genetic algorithm, implemented within
the jMetal optimization framework (Durillo et al., 2006).
We configure the algorithms with a mutation and crossover
probabilities of 0.9 and a maximum number of evaluations
set to 100,000. We evaluated other parameter configurations
but found that these mutation and crossover probabilities
lead to the best results. We executed 30 independent opti-
mization runs, and for these experiments, we consider only
individuals with body sizes between 14 and 16 mm. The
mean and standard deviation for these runs are shown in Ta-
ble 2.

Initial Population Mean Velocity Std. Dev Best Velocity
Input 0.569 cm/s 0.073 0.719 cm/s

Random-repeat 0.828 cm/s 0.237 1.253 cm/s
Random 0.607 cm/s 0.281 1.042 cm/s

Initial Population Mean RP Std. Dev Best RP
Input 0.551 0.348 1.586

Random-repeat 1.048 0.578 2.633
Random 1.061 0.781 3.713

Table 2: Velocity and Reproduction Potential (RP)

As it can be seen in Table 2, the best velocity is achieved
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by the random-repeat population, whereas the best re-
production potential is achieved by the random population.
When optimizing for velocity, the random and input pop-
ulations yield results close in value. However, this is not the
case when optimizing for reproduction potential, where a
much larger variety across classes can be seen. This may be
due to the current model, in which reproduction potential is
only a function of the claw size, disregarding more compli-
cated biological aspects.

Figure 4 presents the extinction of species in the sin-
gle objective implementation for one run, when optimiz-
ing for reproduction potential, for the three types of popu-
lation. We define the extinction generation EG as the gen-
eration where a large percentage of the species become ex-
tinct, that is, the generation where the number of species
drops to below 2. As it can be seen in Figure 4, the input
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Figure 4: Average Species Extinction in the Single-
Objective Implementation - Reproduction Potential

population type achieves extinction around the 18th gen-
eration. In contrast, the random-repeat and random
achieve a species extinction at generations 6 and 13 re-
spectively. The input population type also gives the
best average EG, at EGinput = 19.4, when compared to
EGrandom−repeat = 5.7 and EGrandom = 16.2 for the
other population types, across all runs. The greatest species
diversity until the respective extinction generation is given
by the random-repeat population, with an average of
25.7 distinct species per generation, as opposed to 12.0 and
14.6 for the input and random populations respectively.
The extinction results when optimising for velocity are sim-
ilar and thus not included.

Multiple-Objective Evolutionary Algorithm
We implement a multi-objective evolutionary algorithm to
optimize the crustacean form with respect to velocity and
reproduction potential. We embed the problem formulation
and operators described above within the standard NSGA-
II algorithm, implemented within the jMetal optimization

framework. To allow comparison with the single-objective
case, we also configure this algorithm with an initial popu-
lation size of 50, mutation and crossover probabilities of 0.9
and a maximum number of evaluations set to 100,000. We
again executed 30 independent optimization runs for each
initial population type, and report on mean, standard de-
viation and best individuals. To allow for the meaningful
comparison with the single-objective variant, the mean and
standard deviation for the velocity and reproduction poten-
tial achieved for each of these runs are shown in Table 3.
As it can be seen, the best results for mean velocity and re-
production potential in the multi-objective case are obtained
using the random-repeat population.

The formulation of this problem as a multi-objective opti-
mization allows scientists to understand trade-offs between
form and function, as shown in Figure 5, for the case of
input type initial population.
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We present the extinction of species in the multi-objective
implementation for one run in Figure 6, for the three types
of population. As above, one species remains, in this case
after the 35th generation in the case of the random popula-
tion. On average across runs for the random population, the
extinction generation EG is EGrandom = 34.4, σ = 2.3.
The average EG for input and random-repeat popu-
lations is EGinput = 13.2 and EGrandom−repeat = 11.5
respectively. The initial population that shows the greatest
diversity is random, with an average of 10.10 species un-
til the extinction generation, when compared to 5.53 and 7
for input and random-repeat respectively. It is how-
ever premature to suggest that a random configuration shows
better diversity than a real-life setting, as the model and our
approach has yet to consider a variety of parameters and en-
vironment conditions.

An illustration of the forms of the best individuals ob-
tained by the single-objective optimization of velocity and

D
ow

nloaded from
 http://direct.m

it.edu/isal/proceedings-pdf/alife2018/30/311/1904834/isal_a_00061.pdf by FLIN
D

ER
S U

N
IV O

F S AU
STR

ALIA user on 02 July 2021



Initial Population
Single Objective Multi-Objective

Mean Std. Dev Best Mean Std. Dev Best Mean RP Std. Dev Best RPVelocity Velocity Velocity Velocity
Input 0.569 cm/s 0.073 0.719 cm/s 0.351 cm/s 0.140 0.840 cm/s 0.060 0.056 0.292

Random-repeat 0.828 cm/s 0.237 1.253 cm/s 0.346 cm/s 0.218 0.861 cm/s 0.143 0.065 0.269
Random 0.607 cm/s 0.281 1.042 cm/s 0.477 cm/s 0.326 1.161 cm/s 0.052 0.033 0.105

Initial Population Mean RP Std. Dev Best RP
Input 0.551 0.348 1.586

Random-repeat 1.048 0.578 2.633
Random 1.061 0.781 3.713

Table 3: Comparison of Optimization Methods with Respect to Velocity and Reproduction Potential (RP)
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Figure 6: Average Species Extinction in the Multi-Objective
Implementation

reproduction potential and by the multi-objective algorithm
respectively are shown in Figure 7, with darker rectangle
representing the claw. In these representations, the head is
represented by a horizontal, thin rectangle, while the two an-
tennas are placed on the head either vertically or slanted due
to figure size limitations.
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Figure 7: Resulting Forms for Best Individuals

Discussion
Our analysis, summarized in Table 3, shows the conflict
between velocity and reproduction potential in the multi-
objective algorithm. One possible explanation for this result
is that the NSGA-II algorithm implicitly includes a diversity
mechanism to spread solutions across the pareto front. This
offers an improvement in terms of diversity over the single

objective mechanism, where no diversity algorithms are im-
plemented. Moreover, the use of a multi-objective mecha-
nism allows us to implement a wide variety of fitness func-
tion, in a realistic scenario that makes biological sense. This
allows scientists to answer what-if questions about the im-
pact of environmental variables and various form and func-
tion combinations, in order to better understand species evo-
lution or extinction.

As expected, we were able to explore species extinction,
following our form-based definition of what constitutes a
species. We also explored what type of initial populations
achieved the best species diversity until the extinction hap-
pened. Perhaps unsurprisingly, when using the initial popu-
lation from our real-life data set, we achieved significantly
lower diversity than when using populations with random
individuals. Understanding the algorithmic and biological
causes for this are still open for experimentation.

Conclusion
The relationship between form and function of biological
species is complex, dynamic and difficult to analyse. Yet,
this relationship and its feedback loops can lead to a species’
extinction or to the evolution of bizarre shapes. In this paper,
we propose an evolutionary approach that focuses on opti-
mizing various morphological traits of amphipods to achieve
specific functions, such as increased swimming velocity or
reproduction potential. The contributions of this paper are
twofold. Firstly, we propose single and multi-objective
evolutionary algorithms with problem-specific operators for
mutation and crossover. Secondly, we embed within these
algorithms biological models informed by observations of
real-life species, obtained from field experiments. This eval-
uation considers environment characteristics such as viscos-
ity, as well as swimming velocity, reproduction potential,
and Reynolds number. In contrast to existing work, our ap-
proach considers more than one objective, and validates the
results using real-life data.

Our experiments obtain various amphipod shapes opti-
mized for swimming velocity and reproduction potential,
and show high species diversity, followed by extinction. We
explore various types of initial populations, either identical
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to the populations depicted by our dataset, or with varying
degrees of randomness. The evolution of species is a com-
plex process that can be modelled using a variety of param-
eters. In this paper, as a first step, we have only considered
swimming velocity and a simplified model of reproduction
potential in amphipods, but other parameters can be consid-
ered in future work. Specifically, of interest are temperature
regulation, more complex reproduction mechanisms, as well
as modelling food resource acquisition.
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