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Abstract

We introduce DIRT, the Distributed Intelligent Replicator
Toolkit, a new evolutionary simulator designed to support
GPU-accelerated massive populations and a large physical
scale for artificial life research. DIRT is designed to simulate
mobile agents in a natural environment that must consume
resources in order to survive and reproduce. It uses highly
configurable grid world dynamics that include multiple sen-
sor types, complex terrain, water features, and a climate sys-
tem. Agents in DIRT have traits that control their individual
abilities. DIRT is interoperable with a wide variety of popu-
lation algorithms that are able to produce policies and traits
for new agents. DIRT is built on JAX and as a result, it can
support populations of over 10,000 agents on a single GPU.
We also provide a rich set of measurement tools and a 3D
viewer which allows fine-grained inspection and tracking of
individual agents.

Submission type: Full Paper

Introduction
The natural world is enormous. Researchers in biology
and ecology have made important connections between the
physical size of ecosystems and their resulting diversity and
ecological dynamics (MacArthur and Wilson, 2001; Rosen-
zweig, 1995). Unfortunately for researchers studying these
phenomena in simulated settings, computational require-
ments can force difficult decisions about the level of abstrac-
tion and fidelity with which a system is modeled. While
many high-quality, large-scale simulation platforms exist
(Luke et al., 2005; Railsback et al., 2006; Macal, 2016; Abar
et al., 2017), recent software and hardware systems devel-
oped for AI training offer new tools for acceleration and
scaling beyond what has previously been possible (Paszke,
2019; Jouppi et al., 2017; Bradbury et al., 2018; Rasley et al.,
2020; Shoeybi et al., 2019; Brown et al., 2020; Chowdhery
et al., 2023).

With this in mind, we have built a new distributed system
to study populations of mobile intelligent agents in a simu-
lated natural setting. Following recent trends in reinforce-
ment learning and artificial life, we compute environment

dynamics on the GPU, which allows for massive paralleliza-
tion of computation and reduces communication overhead
with neural network policies, dramatically speeding up the
training/evolution loop. Our goal in designing DIRT is to
construct an environment that is cognitively challenging yet
computationally efficient enough to support fast iterations
with very large population sizes. Given this objective, we
embrace a relatively high degree of environmental abstrac-
tion and use discrete grid world dynamics in a 2D landscape.
This allows us to take advantage of tensor-based computa-
tional tools developed for modern neural-network training
workflows. The grid world abstraction has a long and rich
history in Artificial Life and Reinforcement Learning, and a
comprehensive analysis of our relationship to these methods
is elaborated in the Related Work section.

Our environment is also designed to be highly config-
urable for a variety of Artificial Life and AI applications.
DIRT supports terrain elevation, a water cycle, weather sys-
tem, a day/night cycle and a seasonal cycle, as well as re-
source dynamics, each of which impacts the agents’ actions
and observations in different ways. DIRT also supports vi-
sual, olfactory and auditory sensors, which can be added
or removed and independently configured. Agents in DIRT
collect resources in order to survive and reproduce, and have
individual traits that can affect their abilities. However, we
do not enforce any particular model of heredity, and instead
allow these traits to be modified arbitrarily in an effort to
make the system interoperable with a range of evolution-
ary and learning algorithms. The Model section provides a
mathematical description of the high-level interface between
agents and the environment, while the Simulator section pro-
vides the details of the environmental dynamics, how they
interact with each other and their configuration parameters.

Given the difficulty of performing experiments on large
population sizes, we have also developed a suite of tools
designed to measure and inspect simulation runs. This in-
cludes a 3D visualizer, shown in Figure 1, that allows users
to inspect and track individual agents and environment prop-
erties. We have also developed a framework for running be-
havioral assays, as well as tools for tracking agent lineages



Figure 1: Simulator Overview: This map is contains 1024 × 1024 grid cells and 10000 individual agents, which are too small to see when
fully zoomed out. The inset areas progressively zoom in on one patch of terrain to reveal detail.

and recording other customized data about the population
over time. The Measurement section provides details on
these tools.

Our goal in building DIRT is to provide a scalable and
configurable environment for researchers studying massive
populations of agents in evolutionary settings. We hope that
this system provides new tools for studying the emergent be-
havior of intelligent agents, especially population dynamics,
on a large scale.

Related Work
While an important goal of Artificial Life research is the
open-ended evolution of emergent behavior, the abstractions
and computational paradigms used to achieve this goal have
developed significantly over several decades. In many in-
stances these changes have been driven by the availability
of new computational resources. Below we give a brief
overview of this important history and discuss its relation-
ship to DIRT, our new simulator.

Cellular Automata and Agent-Based Models
Some of the earliest artificial life systems were cellular au-
tomata developed using only pen and paper (Von Neumann
et al., 1966; Gardner, 1970). These systems apply simple
rules to state values stored in a discrete grid. Since this early

foundational work, these systems have grown in size and
complexity (Adamatzky and Martı́nez, 2016), yielding in-
sight into the nature of computation (Wolfram and Gad-el
Hak, 2003). In recent years, these systems have also been
extended to continuous domains (Rafler, 2011; Chan, 2018;
Plantec et al., 2023), and learning-based models (Mordvint-
sev et al., 2020; Kumar et al., 2024).

In parallel to these efforts, researchers also began devel-
oping agent-based models that simulate the interactions be-
tween discrete individuals, often embedded within a larger
spatial structure. Early examples studied flocking and
schooling behaviors in animals (Reynolds, 1987), and agents
that adapt to their environment due to competitive pres-
sures (Holland, 1992). Some of these simulated interac-
tions between computer programs (Ray, 1992; Ray and Hart,
1999). As computational resources grew, some environ-
ments (Yaeger et al., 1994) began making use of basic ren-
dering in order to incorporate visual behaviors, while oth-
ers used increasingly sophisticated physical simulation to
explore adaptive morphology (Sims, 1994). Using early
Neural Networks to control agents rather than fixed rules
also became an important approach in this era (Channon
and Damper, 1998; Channon, 2001). The development
of open-ended agent-based toolkits such as Avida (Ofria
and Wilke, 2004), MASON (Luke et al., 2005), Netlogo



Name GPU Distributed # Agents Dynamics Births Deaths Objectives Config.

MASON × ✓ > 105 Generic ✓ ✓ Generic ++++
Griddly ✓ × > 102 Gridworld ✓ ✓ Generic +++
Gigastep ✓ × > 104 Particle × ✓ Reward ++
MAgent × × > 106∗ Gridworld × ✓ Reward +
XLand-Minigrid ✓ × = 100 Gridworld × × Reward +++
Jax-MARL ✓ × > 101 Various × × Reward +
Neural MMO 2 × × > 104 Gridworld × ✓ Reward ++
JaxLife ✓ × > 102 Gridworld ✓ ✓ Open +
Amorphous Fortress × × ∼ 101 Gridworld ✓ ✓ Open ++
DIRT (Ours) ✓ (soon!) > 105 Gridworld ✓ ✓ Open ++

Table 1: Comparison of agent-based artificial life systems and multi-agent reinforcement learning environments. GPU indicates
that the environment code runs on accelerator hardware. Distributed means that a single large environment can be distributed
across multiple machines or accelerators. Agents is an approximate order of magnitude estimate of simultaneous agents that can
coexist in a single environment. The ∗ by MAgent indicates that this is an advertised capacity which is rarely used. Dynamics
indicates they kind of environmental dynamics supported. Births and Deaths indicates the kinds of population dynamics
supported. Objectives indicates if the environment is a generic open-ended platform for building a variety of scenarios, reward-
based or Open-ended (objective-free). Finally Config. indicates the level of configurability, with ++++ indicating a tool
for building completely new environments with many types of dynamics, +++ indicating a tool for building completely new
environments with many different objectives, but a single type of dynamics, ++ indicating a tool for building heavily configured
environments or scenarios within a more specific context, and + indicating either a number of fixed scenarios with limited
configuration options. Citations for these methods are MASON (Luke et al., 2005), Griddly (Bamford et al., 2020), Gigastep
(Lechner et al., 2023), MAgent (Zheng et al., 2017), XLand-Minigrid (Nikulin et al., 2023), Jax-MARL (Rutherford et al.,
2023), Neural MMO 2 (Suarez et al., 2023), JaxLife (Lu et al., 2024), and Amorphous Fortress (Charity et al., 2023).

(Tisue and Wilensky, 2004) and Mesa (Kazil et al., 2020)
allowed greater customization for a wider range of research
objectives. Along with these technical advances, researchers
continued building new systems to study specific compo-
nents of open-ended evolution (Spector et al., 2007; Soros
and Stanley, 2014).

Our DIRT simulator sits between general-purpose agent-
based modeling tools, which offer more generality but re-
quire greater authoring effort, and special-purpose envi-
ronments designed to explore specific phenomena. Some
recent work that is similar to this effort is Amorphous
Fortress (Charity et al., 2023) which provides flexible open-
ended game design and JaxLife (Lu et al., 2024) which pro-
vides a GPU-accelerated grid world environment with re-
sources and open-ended reproduction rules.

Our goal is to create a system that can be used for a vari-
ety of large-scale artificial life applications with easy-to-use
configuration parameters.

Biomechanical and Neurosensory Simulations
While many of the systems discussed above use abstract
settings to study interactions between many agents, there
has also been a growing push to utilize new computational
tools to produce more realistic and accurate simulations of
model organisms such as nematodes (Szigeti et al., 2014),
fruit flies (Lobato-Rios et al., 2022; Wang-Chen et al., 2023;
Vaxenburg et al., 2025), rats (Aldarondo et al., 2024) and

ants (Sun et al., 2025).

Large-Scale Learning Environments
Simulating agent interactions with synthetic environments
has also been an important component of reinforce-
ment learning (RL) and multi-agent reinforcement learning
(MARL) research. These settings have benefited from stan-
dardized APIs such as Gym/Gymnasium (Brockman et al.,
2016; Towers et al., 2024), Gymnax (Lange, 2022) and Pet-
ting Zoo (Terry et al., 2021), which allow researchers to
develop policy architectures and learning algorithms for a
variety of environments. While developing a new API for
population-based systems is not the primary focus of this
work, we take inspiration from these frameworks and build
our system in a way that is similarly agnostic to agent poli-
cies and inheritance mechanisms for greater flexibility.

In recent years, as RL/MARL experiments (Vinyals et al.,
2019; Berner et al., 2019; Team et al., 2021; Zheng et al.,
2017) and simulators (Guss et al., 2019; Bamford et al.,
2020; Yu et al., 2024; Suarez et al., 2023) have dramati-
cally increased in scale and complexity, researchers have be-
gun to develop GPU-accelerated environments (Koyamada
et al., 2023; Rutherford et al., 2023; Matthews et al., 2024;
Lechner et al., 2023; Nikulin et al., 2023) in order to reduce
the computational bottleneck introduced by interaction with
the environment. Much of this work has relied on the JAX
ecosystem (Bradbury et al., 2018), which provides tools for



Figure 2: Illustration of information flow between the environment and the learning algorithm. Pink boxes represent environ-
ment data and blue boxes represent environment functions. Yellow boxes represent population algorithm data and orange boxes
represent population algorithm functions.

parallelized tensor processing.

Model
Inspired by mathematical models such as Markov deci-
sion processes (MDPs), stochastic games (SGs) and their
partially observable counterparts (POMDPs and POSGs),
we build a model that supports open-ended populations of
agents with underlying Markovian state dynamics. This al-
lows us to cleanly separate the agent’s decision-making from
the environment and present a simple interface that is com-
patible with a variety of agent policies and population algo-
rithms. This interface is depicted in Figure 2. This model
is a general framework meant to describe any open-ended
interactive environment with a dynamic population. In this
section we describe the components of that model and in the
Simulator Section below we provide details on the specific
instantiation used in DIRT.

Our mathematical model combines the multi-agent
Markovian dynamics of a POSG (Hansen et al., 2004) but
adds heritable agent traits and replaces the reward function
and discount factor with a model of the population dynam-
ics. This yields a structure that we refer to as a partially
observable ecological game (POEG):

(I,Γ, S, ρ0, A,Φ, T,Ω, O) (1)

Similar to a POSG, I is a set of agent identifiers, S is a set
of states and ρ0 is an initial distribution over states. Unlike
a POSG, which typically contains a fixed number of agents
over time, a POEG includes the function Γ, which describes
the dynamic number of agents in the underlying state.

Γ(st, at)→ īt,
¯̄jt

Here we use the notation īt = {i1 . . . in} ⊆ I to rep-
resent the population of n agents that are alive at time t,
and ¯̄jt = {j̄0 . . . j̄n} to represent a set of parent vectors
j̄t,k ∈ R|I|

>=0 for each agent it,k. Representing the parents as
a vector of nonnegative real numbers allows each individual

to have an arbitrary number of parents, and for those par-
ents to have unequal contributions to their offspring’s genes.
The only constraint we impose is that for an individual it,k
born at time t (implying it,k ∈ īt, but it,k /∈ īt−1), its par-
ents must have been alive at some point in the previous time
steps jt,k,l > 0 =⇒ l ∈ ∪t−1

t′=0īt′ .
Note that the values īt and ¯̄jt are not state variables, but

should instead be thought of as information communicated
to an external user about the changing population so that
policies for newly created agents can be instantiated, and
old ones for the dead can be discarded.

Agents influence the dynamics of the environment by tak-
ing actions āt = {at,0 . . . at,n} ∈ An, where A is the set
of available actions for a single agent. The effect of these
actions and the environmental dynamics are also influenced
by traits ϕ̄t = {ϕ0 . . . ϕn} ∈ Φn which are meant to repre-
sent the potential differences between individual agents that
are not captured by their actions. The model described here
does not require these traits to be constant for each agent
over time, which allows for both developmental and herita-
ble traits. The state dynamics are described by a transition
function T (st, āt, ϕ̄t)→ p(st+1|st, āt, ϕ̄t) that maps states,
actions and traits to a distribution over future states.

Finally, Ω is the set of all possible observations an agent
could receive, and a vector of observations for a population
would be ω̄ = {ω0 . . . ωn} ∈ Ωn. O maps a state to a distri-
bution over observations for each agent O(st)→ p(ω̄t|st).

In order to interface with this model, a population algo-
rithm (the equivalent of a learning algorithm in an objective-
based reinforcement learning setting) only needs to provide
a number of actions and traits that align with the popula-
tion size at each time step. Realistically, a population al-
gorithm should maintain a set of policy parameters θ̄ =
{θ0 . . . θn} ∈ Θn for each agent that is updated as new
agents are born or old agents die. In Figure 2 we refer to
a breed function B that takes the previous traits ϕ̄t−1 and
policy parameters θ̄t−1, as well as the population informa-
tion īt and ¯̄jt, and produces a new set of traits ϕ̄t and policy
parameters θ̄t. These traits and parameters can then be used



Figure 3: A mountain range, island chain, wetlands and a frozen tundra, created using different configuration parameters.

in a policy π along with the observations ω̄t to compute the
next actions āt.

Importantly, the policy π, its parameterization Θ and the
breed function B are all part of the population algorithm,
and thus not specified by the environment. This separa-
tion allows researchers to implement and compare different
policy classes and inheritance models of the environment’s
traits, while keeping the environmental dynamics fixed.

Simulator
In the DIRT simulator, the environment state space S from
Equation 1 contains data with three high-level shapes. The
first is two-dimensional map information smt,x,y containing
spatial information about the distribution of resources and
terrain features in the world, indexed using time t and spatial
dimensions x and y. The second is agent-specific informa-
tion sat,i about the position and resources allocated to each
agent, indexed by time t and agent index i. Finally, global
information sgt , such as the current time of day, is not spe-
cific to any grid cell or agent and is only indexed by time
t.

st = {smt , sat , s
g
t }

The subsections below describe the components of the en-
vironment and their dynamics.

Terrain
Although our system is a two-dimensional grid world, we
add terrain height to each cell in order to provide greater
environmental complexity. This terrain affects the weather
conditions and the amount of incoming light, described in
Subsection Days, Seasons and Climate below, as well as the
effort agents must take to traverse the landscape, described
in Subsection Agent Dynamics.

The terrain consists of a height map representing the un-
derlying rock rt,x,y . This is initialized using Fractal noise,
a sum of multiple layers (octaves) of Perlin Noise (Perlin,
1985) with increasing frequency and decreasing magnitude:

r0,x,y = h

c−1∑
i=0

wiη
(
uλi (x, y)

)
where h is an overall height scale, c is the number of oc-
taves, and η is 2D Perlin noise. w ∈ (0, 1) describes the

persistence, or how quickly the noise magnitude is reduced
between each octave, λ ∈ (1,∞) is the lacunarity, which is
the increase in frequency for each octave, and u is the unit
scale controlling the frequency of the first octave.

Water
Water wt,x,y in DIRT can evaporate, precipitate, and flow
downhill on the map based on the terrain. Water is initialized
using a desired sea level z0 relative to the terrain.

w0,x,y = max(z0 − r0,x,y, 0)

We refer to the water plus rock as the “altitude” at,x,y =
rt,x,y +wt,x,y which is used for several weather-related cal-
culations discussed later.

We implement the hydrodynamics using a discrete wa-
ter flow simulation. Water flows between adjacent cells in
direction d ∈ {←, ↑,→, ↓} based on local differences in al-
titude scaled by a flow rate αw ∈ [0, 1].

∆wd
t,x,y = clip

(
−αw∆adt,x,y, 0,

wt,x,y

4

)
The term above describes the water flowing out from one
location to its neighbor, where ∆a

(d)
t,x,y represents the differ-

ence of the altitude between the two locations. The com-
bined effect is

wt+1,x,y = ∆mt,x,y +
∑
d

∆w−d
t,(x,y)+d −∆wd

t,x,y (2)

where ∆mx,y,t is an evaporation term described in the Days,
Seasons and Climate subsection below. In areas where the
temperature drops below 0, water freezes and αw is reduced
to almost 0.

These dynamic water effects have several configuration
parameters to control the evaporation, precipitation and flow
rates, and can also be disabled for performance considera-
tions.

Days, Seasons and Climate
The climate simulator in DIRT manages light, temperature,
and air moisture values at each grid cell, as well as a global
wind direction. The climate system also propagates scents
and audio for the agents sensors.



Light is controlled by a global day/night and seasonal cy-
cle. The light entering each cell is computed by comparing
the global light direction, which is dependent on the current
time of day and year, to a cell-specific altitude normal. This
value is multiplied by local air moisture, representing shade
caused by clouds.

The wind direction ξt is a global variable governed by an
OU process with configuration parameters θξ and σξ:

ξt = θξξt−1 +∆ξt, ∆ξt ∼ Nσξ

Many quantities in the climate system are modeled using
simplified gas propagation. This model stores gas values
gt,x,y at each grid cell, offsets them according to the wind
such that x′, y′ = (x, y)− ξ, and diffuses them using a con-
volution kernel Kσ . It also includes an optional reversion
term g0 and reversion rate αg to return the quantity to some
mean over time, and a term ∆gt,x,y which describes an ex-
ternal quantity added to the system.

gt,x,y = Kσ⊙ (∆gt,x,y + αgg0 + (1− αg) gt−1,x′,y′) (3)

The model also supports storing quantities at lower resolu-
tion so that they can be propagated faster and at lower cost,
at the expense of coarser granularity.

The temperature τt,x,y is also simulated using this model,
where ∆g is heat gain from the amount of light entering a
grid cell and g0 is an altitude-specific baseline night-time
temperature. The temperature reversion rate αg depends on
the standing water in each grid cell, such that areas with
water change temperature more slowly.

Moisture mt,x,y is accumulated in the air due to evapora-
tion ∆mt,x,y , which is a function of the local temperature
and water.

∆me
t,x,y = min (τt,x,yαm, wt,x,y)

The evaporation is subtracted from the water wx,y,t (see
Equation 2). Once the air has accumulated enough moisture,
it begins to rain, and continues to do so until the moisture
level has been depleted.

∆mr
x,y,t = min(δr,mx,y,t)

Odors ot,x,y are represented as a multi-channel signal at
each grid location. The number of channels is configurable.
New odors ∆gt,x,y are created by both agents and resources,
and then propagated using the gas model with a slow rever-
sion to zero (g0 = 0).

Audio at,x,y is similarly represented as a multi-channel
signal with a configurable number of frequencies generated
by agents. In order to capture the instantaneous quality of
audio, it is simulated on a much coarser grid defaulting to
1/64 of the full gridworld resolution. Audio also does not
persist, meaning g0 = 0 and αg = 1.

Resource Dynamics
There are four resources in DIRT: light, energy, biomass,
and water. The propagation of light and water have already
been discussed in the Terrain and Days, Seasons and Cli-
mate subsections. Biomass is the physical quantity neces-
sary to build agents, while energy and water are necessary
for metabolism and movement. Like water, the total quan-
tity of biomass is conserved in the environment. When a new
agent is born, its parent must give it a certain fixed quantity
of biomass. An agent can increase its biomass by finding
and eating more of it in the environment.

Energy, on the other hand, is not conserved. It can be
produced internally by agents with a photosynthetic trait in
the presence of light. It can also optionally be produced by
standing biomass in the environment based on a biomass
photosynthesis configuration parameter. The more activity
agents perform, the more energy and water they use. Used
energy is simply destroyed, while used water is returned to
the air as evaporated moisture.

Agent Dynamics

Figure 4: An example of several agent observation and action
spaces. In this example, each agent has three motion primitives,
shown here as white arrows. Note that these primitives perform
different motions for each agent, as they each have different traits.
Each agent has a single attack primitive in this example represented
by the red box. The agent’s visual range is represented by the yel-
low box. The pixelated background represents the color map that
agents see, where blue pixels are water, grey is rock and shades of
yellow and brown represent different distributions of the biomass
and energy resources.

DIRT is an open-ended, objective-free environment. In-
stead of an external reward signal, the environment’s dy-
namics provide an implicit fitness function by determining
which agents survive and reproduce. Agents are born with a
certain amount of starting resources and full health. Agents’



health will be reduced if they are attacked by other agents
or if they do not collect enough resources to accommodate
their metabolic functions. When an agent dies, the resources
it was carrying inside its body are returned to the grid cell in
which they died.

Agent actions in DIRT are discrete and belong to one of
six high-level action categories: Move, Attack, Eat, Call,
Mark Scent and Reproduce. However, within each of these
categories, an agent may have multiple distinct choices, such
as which direction to move or attack.

Move is controlled with a fixed number of motion primi-
tives. Each of these specifies a relative offset to the agent’s
current position and orientation. The number of these move-
ment primitives is configurable, and the exact offset spec-
ified by each one depends on the agent’s traits, which al-
lows for agents with different speeds. The white arrows in
Figure 4 give examples of this for agents with three move-
ment primitives each. These offsets are real-valued, but dis-
cretized using stochastic rounding. The energy required to
perform a movement action depends on its distance. Only
one agent can be in a grid cell at once. If an agent attempts
to move into a currently occupied cell, or if two agents at-
tempt to move to the same cell, the movement fails and they
are returned to their original position.

Attack is similarly structured with a set of primitives.
Each of these specifies an offset, shape and a strength which
are again controlled by agent-specific traits. Attacks damage
the health of other agents that lie within the attack radius
based on the strength of the attack and the toughness (an-
other trait) of the opposing agent. The red boxes in Figure 4
give examples of the attack areas of several agents.

Call and Mark Scent actions also consist of a set of prim-
itives, each of which adds a different value to the audio and
odor features in the agent’s current grid cell. As before,
the values corresponding to these actions are controlled by
agent-specific traits.

Eat is a single action that consumes whatever resources
are available in the current grid cell. Each agent has a stom-
ach size that can accommodate a fixed amount of each re-
source.

Reproduce is also a single action that creates new off-
spring using single-parent reproduction. This action only
works if the agent has accumulated enough resources to do-
nate to its new offspring.

Agents in DIRT have access to six sensors: visual, audio,
odor, thermal, wind, and internal that they can use to make
decisions.

Visual sensing is approximated by generating a color map
of the environment and slicing out a visible window in front
of each agent. This is a common model used in other grid-
world settings (Chevalier-Boisvert et al., 2023; Matthews
et al., 2024; Lu et al., 2024). The color map is generated by
overlaying the colors of the rock, water, and resources and
then multiplying by the light intensity lt. In addition to this

color map, we also give the agents access to the local eleva-
tion change in this window, which is normalized relative to
the agent’s current elevation. The visual sensing range can
be configured on a per-agent basis using a set of traits that
describe the position, length and width of the visual win-
dow. A light and altitude sensitivity trait adds uniform noise
to these values to simulate agents with noisy sensors. The
yellow boxes in Figure 4 give examples of agents’ viewing
windows.

Odor, Audio, and Thermal sensing provides the agent
with the odor, audio, and temperature values at their present
location. The Wind sensor tells the agent which direction
the wind is blowing, and the Internal sensor tells the agent
the contents of its stomach, and its health level. As with the
visual sensor, each agent has a sensitivity trait that controls
the amount of noise added to these values.

Traits

As mentioned previously, agents have a number of traits that
can control their individual behavior. Some of these traits
can be more beneficial than others. For example, an agent
with stronger attacks, or a larger attack box might be strictly
more powerful than weaker agents. In order to balance these,
we attempt to provide a comprehensive set of configuration
parameters allowing these more beneficial traits to be costly
in some way. For example, the amount of energy required to
move an agent should depend on the distance of the chosen
movement primitive. In this way faster agents must eat more
in order to support their more energetic lifestyle. Similarly,
traits can have biomass costs as well, for example greater
speed may require longer legs which require more resources
to build.

Measurement

Across many artificial life environments, it remains notori-
ously difficult to explore both the environmental state and
individual agent parameters at specific time steps. Our en-
vironment is no different. Given our large map sizes and
populations, logging the entire state information from each
time step would generate dozens of gigabytes of data in min-
utes. Furthermore, storing all this data to disk can substan-
tially slow the simulation. To prioritize depth of analysis
within our system, we have carefully designed reporting and
measurement tools as built-in features that occur between
chunks of just-in-time compiled code. Our high level strat-
egy is to store small quantities of customizable report data
per time step, and then periodically store the entire state as
a checkpoint which contains enough information to restart
the simulation from a particular point in time. These tools
enable users to design detailed and rigorous experiments to
test general hypotheses about artificial life systems.



Reporting
Our system includes a robust and customizable reporting
structure to analyze environmental dynamics across many
levels of detail. Frequency of reporting relative to the num-
ber of time steps can be adjusted depending on memory lim-
itations and simulation length. Reporting can include three
primary types of information:

1. Global information, such as the presence of food at a grid
cell or the total number of players at a given time point.

2. Agent-specific information, such as traits.

3. Derived values, such as a family tree of individuals across
the simulation.

Global Environmental and population-level values, such
as the locations of food on the grid, the locations of players,
or the altitude at certain points on the grid, can all be directly
included in reports. This allows for various statistical anal-
yses that mirror those performed in experimental biological
settings; for example, a simulation could be assessed for the
correlation between total amount of food and total number
of players per time step.

Agent-Specific Individual agents can be extracted from
the environment at any step, and analyzed either in isola-
tion or in the context of a new environment. Easily acces-
sible state variables and reproducible dynamics are the two
primary engineering features that make this possible.

Derived The reporting system is not constrained to exist-
ing environmental state parameters; sets of parameters can
be interpreted as custom function arguments, and the func-
tion output can be directly included in a report file. For ex-
ample, a tree-like data structure mapping the parent-child
relationships of all agents that existed at some point during
the simulation (i.e. family tree) can be constructed to ana-
lyze distinct lineages and evolutionary bottlenecks.

Visualization
Due to the potential complexity of the systems produced by
DIRT, visual analysis can sometimes provide nuanced be-
havioral insight than could be missed by statistical analysis
of report data. The interactive 3D visualizer built into DIRT
allows for step-by-step replays of past simulations, starting
at any specified point in a simulation. Visual information
such as environmental altitude, water, rain, and the location,
direction, and energy of agents are all included in the visu-
alizer as shown in Figure 5. It should be noted that the vi-
sualizer requires substantial report data in order to function.
Consequently, we also support the workflow of selective vi-
sualization, in which a large simulation is run with periodic
checkpoints, but without the reporting necessary for visual-
ization. Then for any desired range, the checkpoints can be

Figure 5: Visualization of environmental phenomena in the moun-
tain example. A: the fully rendered environment. B: cloud cover
with raining areas shown in blue. C: Altitude. D: Temperature,
with blue as negative (freezing) and red positive. Note that the rea-
son the mountain peaks in A are white is the presence of frozen
water due to this temperature.

used to rerun small sections of the simulation that need to be
visualized with the reporting data necessary.

Behavioral Assays
We have also developed tools for performing behavioral as-
says, where individuals from a population can be instanti-
ated into a smaller controlled environment to measure their
performance. For example to test how quickly an agent will
find and eat food. We again leverage the parallel processing
power of the GPU to run these in batch across many agents
simultaneously.

Conclusion
Our goal in releasing DIRT is to provide researchers with
new tools to accelerate and scale artificial life experiments.
DIRT is designed to allow for large populations of mobile
agents controlled by deep neural networks. To this end, we
prioritize environment dynamics that provide a rich cogni-
tive challenge, yet are cheap and parallelizable on modern
hardware accelerators. We have also built in a comprehen-
sive set of configuration parameters to customize the envi-
ronment to a variety of applications. We have also devel-
oped a rich set of inspection and measurement tools that en-
able fine-grained tracking and experimentation on individu-
als, lineages and subpopulations. We hope that DIRT will
be a useful tool for ALIFE and AI researchers studying the
population dynamics of intelligent agents.
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