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Abstract

Our project uses the evolution of artificial life in a virtual environment to simulate natural
evolution. By observing naturally evolved organisms, we investigated the impacts of
environmental conditions and evolutionary processes under changing constraints.

Background

Evolution is a fundamental process that drives the diversity and adaptability of life on Earth.
Through mechanisms such as mutation, recombination, and natural selection, organisms develop
traits that enhance their survival and reproduction in varying environments. Our evolution
simulator aims to replicate these natural processes within a controlled virtual environment. By
using genetic algorithms and integrating real-time data through APIs, we can create dynamic and
realistic conditions that impact the evolution of virtual creatures.

Methods

We set up the simulation environment as a grid where creatures can exist anywhere. Our
simulation code includes configuration, which controls grid size, mutation probability, and tick
intervals; graphics, which controls the user interface and constraints; model, which controls
creature creation, actions, location, and genomes; and state, which controls creature additions
and generation changes.

To create and maintain the state of the simulation, we created several classes: Creature, State,
Operation, Direction, Action, and Canvas.

The Creature class creates creatures with an ID, color, speed, and location and allows creatures to
reproduce and combine their genomes.



import random
from model.Genome import Genome

class Creature:
COLORS = ['red', 'blue', 'green', 'yellow']
NEXT_ID = @

def __init_ (self, location, genome=None):
self.id = Creature.NEXT_ID
Creature.NEXT_ID += 1

self.genome = genome if genome != None else Genome()

self.speed = 0
self.location = location
self.color = random.choice(Creature.COLORS)

def reproduce(self, other, location):
return Creature(location, genome=self.genome.combine(other.genome))

def sample_action(self):
return self.genome.sample_action()

The State class maintains the simulation state by creating a grid of a given size and tracking
creatures based on their location and ID, ensuring they remain within grid limits. It includes
functions to add and remove creatures from the grid, and the move creature function clears the
creature’s initial spot and moves it to a target location. The tick action and tick functions retrieve
the target location, check if it is out of bounds, and sort creature actions by speed before
executing a move. Additionally, the State class updates the simulation with each new generation.



import random
from model import Operation, Location, Creature

class State:
def __init_ (self, size, num_creatures, constraints=None):
self.size = size
self.num_creatures_per_generation = num_creatures
self.generation = @

self.constraints = None
self.update_constraints{constraints)

if num_creatures > size % size:
raise Exception(f'{num_creatures} creatures is too large for grid size {size} (max {size * size} creatures)!')

self.all_locations = [ Location(row, col)
for row in range(self.size)

for col in range(self.size) ]

self.randomize_generation()

def update_constraints(self, new_constraints):
if (new_constraints != None and
(self.out_of_bounds{new_constraints.start)
or self.out_of_bounds(new_constraints.end))):
raise Exception(f'Updated constraints {new_constraints} are out of bounds or invalid!"')
self.constraints = new_constraints
def out_of_bounds(self, location):

return (location.row < @ or location.col < @
or location.row >= self.size or location.col >= self.size)

def add_creature(self, creature):
location = creature.location
if self.out_of_bounds(location):
raise Exception(f'{creature} out of bounds for grid size {self.size}!')

self.grid[location.row] [location.col] = creature
self.creatures[creature.id] = creature

def add_creatures(self, creatures):
for creature in creatures:
self.add_creature(creature)

def remove_creature(self, creature):
location = creature.location
del self.creatures[creature.id]
self.grid[location.row] [location.col] = None

def move_creature(self, creature, target):
origin = creature.location
creature.location = target
self.grid[origin.row] [origin.col] = None
self.grid[target.row] [target.col] = creature



def tick_action(self, creature):
action = creature.sample_action()
target = action.direction.target_location(creature.location)
if self.out_of_bounds(target):
return False

if action.operation == Operation.MOVE:
if self.grid[target.row] [target.col]l == None:
self.move_creature(creature, target)
return True
elif action.operation == Operation.ATTACK:
target_creature = self.grid[target.row] [target.col]
if target_creature != None:
self.remove_creature(target_creature)
return True

return False

def tick(self):
sorted_creatures = sorted(self.creatures.values(), key=lambda creature: creature.speed, reverse=True)
for creature in sorted_creatures:
# A creature can be killed before it can act.
if creature.id in self.creatures:
self.tick_action(creature)

def randomize_generation(self):
self.reset()
random.shuffle(self.all_locations)
for i in range(self.num_creatures_per_generation):
self.add_creature(Creature(self.all_locations[i]))

def next_generation(self):
# Filter out old generation with constraints.
old_generation = []
for creature in self.creatures.values():
if (self.constraints == None
or self.constraints.contains(creature.location)):
old_generation.append(creature)

# If not enough survivors, extinction.
if len(old_generation) < 2:
self.generation = @
self.randomize_generation()
return

# Produce new generation.
new_generation = []
random.shuffle(self.all_locations)

for 1 in range(self.num_creatures_per_generation):
first, second = random.sample(old_generation, 2)
creature = first.reproduce(second, self.all_locations[i])
new_generation.append(creature)

# Update with new generation.
self.reset()
self.add_creatures(new_generation)
self.generation += 1



The Operation, Direction, and Action classes work together to enable movement in the grid. The
Operation class directs movement in the up, down, left, or right direction. The Direction class
identifies the target location based on these directions and returns a location. The Action class
represents an action with a specific operation and direction.

from enum import Enum

from model.Location import Location

class Operation(str, Enum):

MOVE = "move"

# disable for now: ATTACK = "attack"

class Direction(str, Enum):

UP = "up"
DOWN = "down"
LEFT = "left"

RIGHT = "right"

def target_location(self, location):

dr = dc =@

if self == Direction.UP:
dr =1

elif self == Direction.DOWN:
dr += 1

elif self == Direction.LEFT:
dc =1

elif self == Direction.RIGHT:
dc += 1

return Location(row=location.row + dr, col=location.col + dc)

class Action:
def __init_ (self
self.operation

operation, direction):
operation
direction

self.direction

def __str__(self):
return f'[Action {self.operation}_{self.direction}]"*

ALL_ACTIONS = [Action(operation, direction)
for operation in Operation
for direction in Direction

Visualization

To effectively observe and analyze the evolutionary process, we implemented a dynamic
visualization system that updates in real-time. This system displays the grid environment, where
each creature is represented by a distinct colored cell. As the simulation progresses, these visual
elements update to reflect the movements, interactions, and evolutionary changes of the
creatures. Our approach to visualization is informed by techniques discussed in research such as
the one presented at the ACM Symposium on User Interface Software and Technology (UIST)
2011, where dynamic and interactive visualizations are used to enhance the understanding of
complex systems (Reference: [Dynamic Exploration of Time-Series
Data](https://dl.acm.org/doi/abs/10.1145/2016741.2016749)). This real-time feedback allows for



https://dl.acm.org/doi/abs/10.1145/2016741.2016749

immediate observation of evolutionary outcomes and provides a clear, intuitive interface for
tracking changes across generations.

We implemented selection pressures by introducing environmental challenges and resource
limitations. Creatures that adapt better to these conditions have higher chances of survival and
reproduction. The simulation includes mechanisms for mutation and reproduction, allowing new
traits to emerge and propagate through the population.

def main():

constraints = Co i i 0),
Location(Config.GRID_SIZE // 2

while canvas.running:
canvas.update()

for _ in (Config. Nl

if not canvas.running
break

state.tick()
canvas.update()
time.sleep(Config.T.

state.next_generation()

if __name__ == "__main__":

main()

Genetic Mechanisms and Evolutionary Processes in the Simulator:

In our evolution simulator, the genetic mechanisms that drive the evolution of traits are modeled
to reflect the processes of mutation, recombination, and selection, similar to natural evolution.

To introduce genetic diversity, our simulation incorporates random mutation events during the
reproduction of creatures. This mechanism is essential for creating variability within the
population, a principle rooted in natural systems where mutation serves as a source of new
genetic material. The approach is informed by studies like those in Nature Reviews Genetics,
which emphasize the importance of mutation and recombination in maintaining genetic diversity
(Otto & Gerstein, 2011). In our simulator, these mutations can alter traits such as speed, color, or
movement direction, impacting the creature's ability to survive and reproduce.



We also simulate recombination by allowing creatures to combine their genomes during
reproduction. This process leads to new trait combinations, providing additional opportunities for
adaptation. This mirrors the role of recombination in real biological systems, where it creates
novel allele combinations that can be acted upon by natural selection.

Selection Pressures

Our simulator introduces selection pressures by imposing environmental challenges, such as
limited resources and threats from other creatures. The concept is inspired by population genetics
principles described in works like An Introduction to Population Genetics: Theory and
Applications (Nielsen & Slatkin, 2013), where selection pressures influence allele frequencies
and drive the evolution of advantageous traits. In our simulation, creatures with mutations that
enhance their survival—such as increased speed or more efficient movement—are more likely to
reproduce and pass on these advantageous traits.

Probabilistic Genetic Events

To model the inherent randomness of genetic evolution, we implemented probabilistic functions
that dictate when and how mutations and recombination events occur. This approach is based on
probabilistic models from evolutionary biology, as discussed in Likelihood and Its Applications
in Population Genetics (Edwards, 2014). By assigning probabilities to these genetic events, our
simulator captures the stochastic nature of evolution, allowing for a realistic simulation of how
traits emerge and evolve over time.

Gene-Environment Interaction

The interaction between genetic traits and environmental factors is a critical component of our
simulation. Inspired by studies on gene-environment interactions, such as those presented at the
IEEE Conference on Computational Intelligence and Bioinformatics (Yang et al., 2019), our
simulator dynamically adjusts the fitness of creatures based on the environment they inhabit. For
example, a mutation that increases speed may be beneficial in an environment with abundant
resources but less so in one where stealth and camouflage are critical. This dynamic interaction
ensures that the evolutionary outcomes in the simulator are influenced not just by the creatures'
genetics but also by the environment they must adapt to.

Genetic Algorithms and Evolutionary Optimization

Our simulator draws upon the principles of genetic algorithms, where solutions (in this case,
creature traits) evolve over time through processes of selection, mutation, and recombination.
This approach is akin to the use of genetic algorithms in computational biology, as described in
Journal of Computational and Mathematical Biology (Wang et al., 2011). By iteratively evolving



the population of creatures, our simulator seeks to optimize their fitness in a given environment,
providing a practical demonstration of evolutionary processes in a controlled, virtual setting.

Results

In our evolution simulator, creatures initially adapt to survive by staying within the constraints
on the top left side of the grid. When the constraints are changed to the bottom right corner, the
creatures initially struggle but eventually adapt and move towards the bottom of the grid. This

demonstrates their ability to adjust to new conditions over time.

Evolution Simulator Video
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Future Direction

In the future, we aim to compare the efficiency and adaptability of evolved organisms to
reinforcement learning (RL) agents by creating RL agents with the same sensory and motor
capabilities as evolved creatures. We will define clear goals, such as survival or reproduction,


https://drive.google.com/file/d/1RXL__ZJIzF7PJJfcvZzmP92k80PICch-/view?usp=sharing

train RL agents, and then compare their performance to that of evolved creatures in different
environmental conditions. By training RL agents to achieve specific goals in the simulation, we
can create a standard to compare the performance of naturally evolved creatures, helping to
quantify the efficiency of evolution in producing adaptive behaviors. To improve our evolution
simulator, we also plan to replace the creature's action probabilities with expressive neural
structures.

API

To enhance the capabilities of our evolution simulator, API integration can be implemented
based on principles from web service-based application integration and middleware, as discussed
in recent literature (Benatallah et al., 2005; Schmidt, 2004). By leveraging APIs, our simulator
can interact with external data sources to fetch real-time environmental data, such as temperature
or resource availability. This allows the simulator to dynamically adjust environmental
conditions, making the evolutionary outcomes more realistic and adaptable to real-world
variables.

Moreover, by applying middleware architecture, we will modularize the simulation components.
Such as creature behavior, environmental setup, and visualization, into separate services that
communicate through APIs. This modular approach facilitates scalability and flexibility,
enabling individual components to be updated or replaced without affecting the entire system.
This strategy not only improves the simulation's adaptability and realism but also future-proofs
it, allowing seamless integration with new technologies and datasets as they become available.
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