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ABSTRACT

In this work we investigate the possibility to exploit environmen-
tal differentiation to promote evolvability in artificial evolution.
More specifically we propose a new algorithm and demonstrate
how agents evolved for the ability to solve the double-pole balanc-
ing problem in differentiated environmental conditions among the
population outperform agents evolved in homogeneous environ-
mental conditions. The algorithm operates by evolving the agents
on multiple environmental niches with randomly varying environ-
mental characteristics and by enabling agents displaying superior
performance in other niches to colonize them. Agents evolved
through the proposed algorithm outperform agents evolved in ho-
mogeneous environments, either on stable or temporally varying
environments.
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1 INTRODUCTION

Notably, despite natural evolution clearly occurs in environments
that vary over space and time, artificial evolution is normally re-
alized in non-differentiated environments. Even in the cases in
which the evolving population is divided into separated islands
or groups (as in [2, 4, 5]) the environmental characteristics of the
different islands/niches are maintained constant. In these works,
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the subdivision of the population into islands is introduced to pre-
serve diversity among the population. However, the lack of envi-
ronmental differentiation among islands prevents the exploitation
of another important mechanism that promote population diver-
sity that consists in the need to adapt to varying environmental
niches (see [3]).

In this work we propose a new evolutionary algorithm that op-
erates on multiple differentiated environmental niches. The need
to adapt to specific niches promotes the development of specialist
solutions that are adapted to their niche but that are not necessar-
ily fit in other environmental conditions. On the other hand, the
possibility for the individuals displaying good performance in dif-
ferent environmental conditions to colonize new niches promotes
the development of more general solutions that operate success-
fully on multiple niches. The comparison of the results obtained in
two control experiments in which the environment is undifferenti-
ated, stable or varying randomly, demonstrates that environmental
differentiation favors the evolution of better solutions.

2 METHOD

As experimental set up we chose the so-called double-pole balanc-
ing task [6], the problem consists in controlling a mobile cart with
two poles of different length attached through passive hinge joints
on the top of the cart for the ability to keep the poles balanced.
We consider the non-markovian version of the problem proposed
by [6] in which the agent controller does not have access to the
speed of the cart and of the poles.

We used a neural network as the cart controller with three sen-
sory neurons, 10 internal neurons with recurrent connections and
one motor neuron, a sigmoid was used as the activation function
for the internal and output neurons. The sensory neurons encoded
the position of the cart, and the angular position of the two poles.
Each agent was evaluated for a certain number of trials that differ
with respect to the initial position of the cart and of the poles. The
initial angle of the poles and the position of the cart were selected
within [-0.2, 0.2]rad and [-2.4, 2.4]m, respectively. Trials lasted up
to 1000 steps and were terminated when the angular position of
one of the two poles exceeded the range [-36°, 36°] or when the
position of the cart exceeded the range [-2.4, 2.4]m. The fitness
function include two components that rate agents for the ability
to maintain the poles balanced and to penalize oscillations that
could lead to an exploitation of round off errors in the simulation,
as proposed in [1]. The equations describing the dynamics of the
system are the same used in [6]. The mass of the cart was 1kg, the
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long and short pole had a mass of 0.1kg and 0.01kg, and were 0.5m
and 0.05m long respectively. The friction was set to 0.

To check whether environmental differentiation promotes the
discovery of better solutions we carried out two series of the ex-
periments in which the agents were placed in an undifferentiated
environment, i.e. were evaluated from the same initial conditions
that could change or not on each generation, and one in which
the agents were placed into 20 different niches and were evaluated
from different initial conditions in each niche. Since the adaptive
problem is influenced by the initial states of cart and poles, we
decided to use them to differentiate the ecological niches of the
agents.

The evolutionary process for the undifferentiated experiments
was done on the basis of the (u+1) evolutionary strategy that uses
4 parents, 20 in our case, enables each parent to produce a single
mutated offspring, 4% mutation rate, and use the 20 best individ-
uals among parents and offspring as new parents. The first series
of experiment we called homogeneous was composed by a single
niche with 200 randomly generated initial conditions that never
changed. The second series we called random and was composed
by a single niche with 10 conditions that changed on each gener-
ation. All individuals were placed in the same niche and so were
evaluated on the basis of the same initial conditions.

For the heterogeneous environmental conditions, instead, the
evolutionary process was carried out on the basis of a new algo-
rithm that we developed, in which each of the 20 individuals form-
ing the population was placed in a different corresponding niche.
Each niche was characterized by 10 different randomly generated
initial conditions that differed among niches, consequently each in-
dividual was evaluated in different environmental conditions. Indi-
viduals adapted in the basis of a (1+1) evolutionary strategy for 50
iterations, i.e. they generated an offspring, 4% mutation rate, that
was used to replace the parent individual depending on whether
it’s fitness was equal or greater than that of the parent. The best
mutated agent obtained during the 50 iterations was then evalu-
ated in all other niches and was used to colonize the niche in which
it displayed the greater improvement, with respect to the individ-
ual currently occupying that niche.

For each condition we ran 30 replications of the experiment and
for each replication were done 20 millions evaluations (trials) in or-
der to maintain the computational cost constant. The performance
obtained in the different experimental conditions was measured by
post-evaluating the evolved agents for 625 trials during which the
initial position of the cart, the angle and velocity of the long pole
varied uniformly as proposed in [1].

3 RESULTS

The measured performance refer to the number of trials in which
the agents managed to balance the pole up to the end of the trial
during the post-evaluation procedure described in the previous sec-
tion. Notice that the optimal performance level is unknown but it
is probably much lower than the theoretical maximum given that
balancing the poles from certain initial states is likely impossible.
As can be seen in the Figure 1 the agents evolved in the heteroge-
neous environment display better performance than those evolved
in the undifferentiated environments, homogeneous and random.
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Figure 1: Performance in the three experimental conditions.

The differences between the first and the other two conditions are
statistically significant (student’s t-test, p < 0.001).

4 DISCUSSION

We investigated whether the presence of differentiated environ-
mental conditions promotes the synthesis of better solutions in

agents evolved for the ability to solve the double-pole balancing

problem, a hard problem commonly used as a benchmark for the

evolution of embodied agents. The experiments in the heteroge-
neous environment were carried out through a new evolutionary

algorithm that we designed to explore the advantage of environ-
mental differentiation. The algorithm operates by: (i) allocating

each individual of the population in a corresponding niche that

varies randomly with respect to other niches, (ii) periodically check-
ing the presence of general solutions (i.e. agents that are able to

display superior performance in niches that differ from the one in

which they adapt), and (iii) enabling generalist individuals to colo-
nize other niches. In other words the algorithm has been designed

so to facilitate the occurrence of the incremental evolutionary pro-
cess described above in which evolution proceeds by first generat-
ing specialist high-quality solutions and then progressively more

generalist high-quality solutions.
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