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Abstract
One goal of the Artificial Life field is to achieve a computational system with a complex richness similar to that of biological life. In lieu of the knowledge to achieve this, Openended evolution is often cited as a promising method. However, this is also not straightforward because it is unknown
how to achieve open-ended evolution in a computational setting. One popular hypothesis is that a continuously changing fitness landscape can drive open-ended evolution toward
the evolution of complex organisms. Here, we test this idea
using the neuroevolution of neural network foraging agents
in a smoothly and continuously changing environment for
500, 000 generations compared to an unchanging static environment. Surprisingly, we find evidence that the degree to
which novel solutions are found is very similar between static
and dynamic environments.

Introduction
Open-ended evolution presents a major challenge for computational evolutionary models (Bedau et al., 2000). The
open-ended evolution paradigm for novel solution discovery is quite different from other computational approaches
of novel discovery, such as genetic algorithms or genetic
programming, because those methods perform optimization
toward a well-defined – possibly complex – fitness optimum.
Open-ended evolution provides only an abstract fitness optimum, such as “be more complex but also do better at meaningfully existing” and that is difficult to quantify or define.
Natural systems appear to evolve indefinitely – catastrophic
events aside. The specific characterization of such openendedness has led to much debate already (Taylor et al.,
2016; Juric, 1994; Maley, 1999; Channon et al., 2000; Channon, 2006; Soros and Stanley, 2014; Taylor, 2015). While
an open-ended system may be trivial to implement (Channon, 2006; Hintze, 2019), and we know various algorithms
to discover novel solutions (Lehman and Stanley, 2011),
what these systems struggle with is to produce a continual
increase in complexity that is also relevant to the research
question.
A simpler way of creating novel challenges for adaptation may be changing environments: As selection pressures
change, agents must keep adapting. The most naı̈ve im-

Environment
The environment is a 2d lattice of 1024×1024 tiles on which
agents forage for food. Specifically, 10, 000 pieces of four
different types of food each are randomly distributed at the
start of every generation. In addition, a barrier surrounds
the environment and another 10, 000 random locations are
converted to barriers. A population of 100 agents is also
distributed randomly. Agents can rotate or move in four cardinal directions (N, S, E, and W). At every step agents are
given sensory information about the tile in front of them,
then allowed to compute their action: turn left or right, move
forward and eat, or do nothing. To resolve conflicts, agents
are executed in sequential order.
When agents move to a food tile they also consume it.
However, the various food types each reward agents differ-
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plementation is to repeatedly switch between two environments over the course of evolution. However, we previously
found that if environmental change occurs much faster than
evolutionary adaptation, then the populations stop adapting
and settle for a generalist neural structure (CG et al., 2018).
In this kind of meta-adaptation, even a dynamic environment does not lead to open-ended neuroevolution. At the
other end of the speed-change scale where changes happen
rarely, the populations adapt as if in a static environment,
and quickly lose neural structures common to both environments. In such a slowly changing environment, populations
discover an optimum at which they remain until the environment changes again. This is also not a from of openended evolution, because a specific fitness maximum exists
that could have also been found through other more direct
optimization methods.
The question remains if we can create an environment
that is evolutionarily predictable enough to discourage metaadaptation, but unpredictable enough to discourage static
adaptation and repeated discovery of the same solutions?
Here, we create a spatial foraging environment wherein
agents controlled by Markov Brains – a form of evolvable neural network not unlike Cartesian genetic programming (Miller and Harding, 2008) – must adapt to everchanging environmental conditions (Hintze et al., 2017).

R(i,j) = triSin(t(α(i,j) + 0.5) + 2Πβ(i,j) ),

discovered
novelty

ently depending on the current generation, and on the 1-step
history of food previously consumed. The first food consumed does not provide a reward. For subsequent consumption, a matrix R defines the reward. Each element of the
matrix R(i,j) specifies a reward for consuming a particular
food f after consuming food i. Values of R are bounded
∀r ∈ R ∈ [−1, 1] making certain combinations of consumed
resources very rewarding and others punishing.
The reward values R(i,j) are newly defined every generation as:
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where the time t is the product of the current generation g,
and a scaling factor s: t = gs. The matrices α and β are randomly generated at the start of evolution and populated with
random numbers sampled uniformly in the range [0, 1]. The
triSin is the triangle wave function approximated using
additive synthesis of sin function with N = 10 iterations.
The α and β factors modulate the period as well as the yintercept. The scaling factor s determines the speed with
which the rewards change. While other periodic functions
like sin or cos could be used, the triangle wave function
has the advantage to have a uniform value function, which
creates a uniform parameter space for the R matrix. As
such, there should be no predictable irregularities of R for
evolving strategies to exploit. Evolution proceeds through
roulette-wheel selection, site-mutation rate of 0.001, with
a duplication and deletion rate of 0.1 per genome, where
stretches of 128 to 512 sites (sampled from a uniform random distribution) will be copied or deleted) with constant
population size.

the shortest intra-archive distance is removed. In this way,
the archive defines the space of all discovered novelty. We
quantify this space by computing the mean distance between
all members of the archive.

Results
We find that the size of solution space discovered in a dynamic environment compared to the size discovered in a
static environment is approximately the same (see Figure 1).
At the same time, we find that under both experimental conditions the space of discovered solutions becomes saturated
around 400, 000 generations, and no more novel solutions
are found. This saturation point – as well as the average
distance between solutions – is also far from the theoretical maximum of a fully explored solution space (the average
distance between randomly generated connection matrices
is large, data not shown).

Discovered Novelty
Agents are controlled by Markov Brains using 4 input sensors, 4 output actuators and 24 hidden states. They evolved
as populations of 100 individuals for 500, 000 generations.
Two environmental conditions were tested using 50 independent replicate experiments. One condition used a changing
environment with s = 0.001, and the other was static with
s = 0. At the end of the experiment we reconstructed the
line of descent (Lenski et al., 2003) and the topology of the
evolved Markov Brains. Each of these brains has a connectivity matrix of identical dimensionality, and we compared
their values using the Frobenius distance (Weisstein, 2003).
To determine the novelty arising from evolution, we use
the concept defined in Novelty Search (Lehman and Stanley,
2008), specifically the idea of keeping an archive of unique
solutions by some metric. Here, a solution produced by evolution is the brain connectivity matrix. The first 100, 000
agents discovered by evolution seed the initial archive. A
new solution is considered novel and added to the archive if
it has a shortest distance to all members of the archive that is
greater than the shortest distance between all current members of the archive. Contemporaneously, the solution with

Discussion
We expected that a continuously changing environment
would produce significantly more novel solutions than a
constant one. Surprisingly, both conditions explore the solution space approximately the same after 400, 000 generations. Clearly, more tests with different rates of change are
necessary to arrive at a definite conclusion. It is possible that
the speed of change chosen is still too fast to allow proper
adaptation to each new environment. However, the current
results indicate that ever-changing environments do not allow for the continuous discovery of novel neural network
structures.
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Figure 1: Average discovered novelty for 50 replicate evolutionary experiments in a dynamic environment (red) compared to a static environment (black). The areas indicate the
standard error. Observe that the plot begins with generation
100, 000, before that all solutions are allowed in the archive
and thus no meaningful measure of discovered novelty can
be derived.
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