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An Evolutionary Algorithm to Evolve Recurrent Neural Networks for
Autonomous Agents
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Autonomous agents are one of the most
critical factors of promoting the competitive
ability for industry. An autonomous agent must
possess self-adaptive ability and tolerate noise
to adapt its behavior to any changes of its
environment. Neural networks have been
considered to well achieve the demands and to
avoid the bias of the designer in shaping the
system development, because neural networks
are flexible, robust, and tolerant of noise. In the
project, we will develop a new evolutionary
algorithm to evolve neural networks. The
algorithm is ablt to avoid the disadvantages of
back propagation to improve the solution
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quality of recurrent networks. To demonstrate
that cur approach is an efficient approach, our
algorithm was applied to two benchmark
problems, including Boolean function learning
and regular language recognition. Furthermore,
we studied two simple autonomous agent
problems that are artificial ant problems and the
simulation of playing football. We will continue
to apply this algonthim to practical neural-based
autonomous agents.

Keywords: Autonomous Agent, Recurrent
Neural Networks, Evolutionary Computation,
Genetic Algorithm, Artificial Ants.
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An autonomous agent is a system situated
within  an environment that senses the
environment and acts on it to fulfill a set of
goals. Autonomous means that an agent operates
without any external agent control and
adaptation means that an agent is able to
improve its  performance  oOver time.
Behavior-based control systems have been
successfully offered to design autonomous
agents. An autonomous agent must pOSSEss
self-adaptive ability and tolerate noise to adapt
1ts behavior to any changes of its environment.
Neural networks have been considered to well
achieve the demands and to avoid the bias of the
designer in shaping the system development,
because neural networks are flexible, robust,
and tolerant of noise.

Many leamning approaches have been
proposed to train ANNs, One of the most widelv



used approaches is back propagation which is a
gradient decent search algorithm. Back
propagation s susceptible to being trapped into
local optima and is inefficient in terms of
searching for a global minimum of functions

which are vast, multimodal, and
nondifferentiable. In addition, back propagation
produces worse recurrent networks than

non-gradient methods when an application
requires memory retention according to a
theoretical perspective.

An evolutionary algorithm is a non-gradient
method and a very promising direction for
global search to avoid the disadvantages of back
propagation. At the same time, evolutionary
algorithms do not need the gradiemt and
differentiable information when they are applied
to train ANNs. Recently, they have been
successfully applied to train or evolve various
ANNs structures for many application domains.
Several pertinent researches have demonstrated
that the search speed of evolutionary algorithms
1s competitive with back propagation if genetic
operators are well designed.

In this project a new method called family
competition evolutionary algorithm (FCEA) is
proposed for training neural networks. FCEA is
a multi-operator approach which combines three
mutation operators: decreasing-based Gaussian
mutation, self-adaptive Gaussian mutation, and
self-adaptive Cauchy mutation. The
performance of these three mutations heavily
depends on the same factor called step size.
FCEA incorporates the family competition and
adaptive rules for controlling step sizes to
construct the relationship among these three
mutation operators. The family competition is
derived from (/-A)-ES and acts as a local
search procedure.
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The basic structure of the FCEA is as
follows (Fig. 1): N individuals (ANNs) are
generated as the initial population. Then FCEA
enters the main evolutionary loop, consisting of
three stages in every iteration: decreasing-based
Gaussian  mutation, seif-adaptive  Cauchy
mutation, and self-adaptive Gaussian mutation.
Each stage is realized by generating a new
quasi-population (with .V ANNs) as the parent of
the next stage. As shown in Fig. 1, these stages
differ only in the mutations used and in some
parameters. Hence we use a general procedure

"FC\_adaptive" to represent the work done by
these stages.
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Fig. 1. Overview of FCEA
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Fig. 1: The steps of family competition

The FC'\_adaptive procedure employs three
parameters, namely, the parent population (P,
with N solutions), mutation operator (M), and
family competition length (L), to generate a new
quasi-population. The main work of
FC'\_adaptive is to produce offspring and then
conduct the family competition (Fig. 2). Each
individual in the population sequentially
becomes the " family father." Here we use /' as
the ""family father" to describe the procedure of
the family competition. With a probability p.,
this family father and another ANN (/'.)
randomly chosen from the rest of the parent
population are used as parents to do a
recombination operation. Then the new
offspring or the family father (if the
recombination is not conducted) is operated on
by the mutation to generate a offspring (C'')
For each family father, such a procedure is
repeated L times. Finally L ANNs (C*..... (')
are produced but only the one (C'-***) with the
lowest objective value survives. Since we create



L ANNs from one " family father” and perform
a selection, this is a family competition strategy.
We think this is a way not only to avoid the
premature but also to keep the spirit of local
searches.

A. Artificial Ant Problems

An antificial ant problem, i.e., tracker task
“John Muir Trail” is that a simulated ant is
placed on a two-dimensional toroidal grid that
contains a trail of food. The ant traverses the
grid to collect any food encountered along the
trail. This task requires to train a neural network,
e, & simulated ant, that collects the maximum
number of pieces of food during the given time
steps.

Fig. 3 presents this trail. Each black box in
the trail stands for a food unit. According to the
environment of, the ant stands on one cell,
facing one of the cardinal directions; it can
sense only the cell ahead of it. After sensing the
cell ahead of it, the ant must take one of four
actions: move forward one step, turn right 90°,
turn left 90°, and no-op (do nothing). In the
optimal trail, there are 89 food ceils, 38 no food
cells, and 20 turns. Therefore, the number of
minimum steps for eating all food 15 147 time
steps.

Fig. 4 depicts a typical search behavior and
the traveled path of a simulated ant that is
controlled by our evolved neural network. The
number in the cell is the time step to eat the
food. The symbol * denotes a ceil traveled by an
ant when the cell is empty. Fig. 4 indicates that
the ant requires 195 time steps to seek all 89
food pieces in the environment.
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Fig 3. The artificial ant problem.
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Fig 4. A solution of the artificial ant problem
shown in Fig. 3.

B. The Simulation of Playing Football

FCEA aimed at developing a simulated
robot capable of performing a sequence of
behavior: an agent learns to play football. The
simulation of Maniezzo’s football environment
is that both robot and ball are randomly set to
any positions on a field To shoot ball into
opponent’s goal, an agent must learn four
sequential tasks: reaching the ball, getting the
ball, dragging it and reaching opponent’s goal,
and last kicking it into the goal. In sequential
behavior environment, the controller will be
triggered when environment is changed, and
then the controller will refer previous actions to
dectde next action. The intelligent agent needed
seven sensory inputs: two inputs for the distance
of ball, two inputs for the distance of opponent’s
goal, two inputs for own goal ( an agent must
intercept ball in two-player environment when
opponent got the ball earlier) , and one tnput for
ball status. The ball status (free or controlled by
a player) can be considered as a trigger input in
this problem.

Fig. 5 shows a typical evolutionary process
and the results of one robot plaver environment.
Fig. 5(a) shows an ideal path obtained from an
experiment. Fig. 5(c) shows the paths of the best
simulated robot player at 1% 20" 50" and
100" generations.

player environment.
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This project presents that FCEA is a stable
approach to train both feedforward and
recurrent neural networks with the same
parameter settings for the artificial ant problem
and the simulation of a playing football. The
experiments verify that the proposed approach
is very competitive with other evolutionary
algorithms, including genetic algorithms and
evolutionary programming. We believe that the
flexibility and robustness of our FCEA makes it
a highly effective global optimization tool for
other task domains. We have published two
journal papers and two conference papers by
using FCEA on training neural networks.
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