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ABSTRACT

Many a researcher in evolutionary
robotics would love to have at his or
her disposal a real population of bop-
ping critters. We describe the design of
a cheap, modular, and adaptable robot
and the use of our robot in a real-world
version of the Santa Fe trail artificial ant
navigation task.

1 A real robot population for adaptive
robotics

To date, experiments with a population of dozens of
robots have been mostly (if not wholly) relegated to the
land of simulation. The ultimate goal of our work is
to construct a large population of bona fide robots, and
to use it to perform experiments in the real world. Us-
ing several real robots in an evolutionary scenario can
markedly speed up the process with respect to the clas-
sic approach, wherein one has but one robot, used to test
sequentially all individuals of a given generation. More-
over, a real population presents multitudinous opportu-
nities for investigating questions pertaining to interact-
ing robots (e.g., coevolution, cooperation, and competi-
tion). But, a population of robots might be too costly.

We found that LEGOT™ components are particu-
larly suitable for building cheap and modular robots.
However, the LEGOT™™ RCX (Robot Command Sys-
tem) was too expensive for our purposes. We built our
own controller—the EvoMaster—which interfaces with
LEGO sensors and motors, offers an open architecture
for our own specific extensions in the future, is small
and cheap, and exactly meets our demands.

2 Reality versus Simulation

Most roboticists use simulations to test and validate
their models. The advantage of simulation over train-
ing or evolving robots in a real environment is that sim-
ulation is much faster. However, a simulated environ-
ment is often strongly simplified compared to a real en-
vironment. Designing a simulative environment model
of a real robot and its environment is often very hard
(Miglino et al. 1995): sensors deliver uncertain responses,

apparently identical physical sensors are often signifi-
cantly different, and not all physical laws governing the
interaction between the robot and its environment are
taken into account. The problem may even become much
harder if the environment underlies dynamic changes.

3 Romero’s pilgrimage to Santa Fe

Using the EvoMaster controller we have built a sim-
ple robot dubbed Romero: it is cheap (costing under
$100), uses modular LEGO components, and can be eas-
ily adapted to new tasks and novel environments. To test
Romero in a real-world environment, we chose to evolve a
solution to the Santa Fe trail artificial ant navigation task
(Koza 1992). Several researchers have used this problem
as a benchmark for evolutionary experiments. Apply-
ing genetic algorithms, (Collins and Jefferson 1992) and
(Jefferson et al. 1992) evolved finite state machines that
control the ant’s behavior, while (Koza 1992) approached
the problem in a more direct way using genetic program-
ming. These works all involve simulated environments;
indeed, to the best of our knowledge, no one has stud-
ied the Santa Fe trail ant navigation task in a real-world
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The experimental setup.

Figure 1

The LSL Santa Fe trail (Figure 1) is a real-world ver-
sion for use with actual robots. We added a special
track enclosing the environment, which is used to guide
the robot back to the starting point; furthermore, the
32x 32 grid is not toroidal, as with previous simulated se-
tups. The proportion between gaps and trail has been re-
spected. As we are currently in possession of two robots,
we used two trails printed on A0 paper, i.e., of size 90cm
x 120cm (Figure 1).

A number of differences between our real-world setup
and previous simulated environments should be noted.



The Romero robot has—apart from the two ground-
facing light sensors—no other navigation or localization
system. Moreover, as opposed to the simulated worlds,
the grid markings (i.e., the cells) have been removed;
thus, Romero cannot move from cell to cell—as these
latter do not exist. In the simulations, the food pellets
were removed when the ant passed over them, whereas
in our case this is not possible (the pellets form part of
the printed environment). One can thus view our setup
as being more akin to a pheromone trail than to a food
trail.

When working in the real world, total predictability is
no longer possible—nature is noisy. One way to tackle
this problem is to try to “clean up” the (real) envi-
ronment to some extent, rendering it more predictable.
For example, in several works the exact position of the
robot is kept track of at all times (Thrun 1998, Roy and
Thrun 1999, Hong and Lee 1997). Position calculation
can, however, be quite costly, and it is often inaccurate.
We opted for a simpler approach: Romero has no idea
where it is, or—to be more precise—it does not possess
its absolute position in the environment.

4 The evolutionary experiment

Our first approach uses genetic programming with asyn-
chronous local tournament selection to evolve a so-
lution. Romero’s genome is defined as a sequence
of 30 “codons” (evolutionary building blocks) , e.g.,
--NNF--NFL--NNN--FFR-- where F (Forward), L (Left),
R (Right), and N (NOP) are elemental movements. By
grouping together (up to) three elemental movements,
the search space is markedly reduced (in comparison to
an encoding which allows for single-action codons). The
genome is treated as a program that is read and exe-
cuted in a linear fashion. Because the robot is not able
to count the number of food pellets amassed, we defined
the fitness as the time spent over food “cells”.

The local tournaments take place asynchronously (in a
manner reminiscent of steady-state genetic algorithms):
each robot, upon terminating an evaluation run (either
due to a timeout or when the genome program has
been executed), independently sends its calculated fit-
ness along with its genome to its two neighbors—which
transmit their own fitness values and genomes in turn.
Crossover then takes place between the genome of the
higher-fitness neighbor and the robot’s own genome. The
genome thus formed replaces the robot’s old genome.

Our tale of robot evolution has not (yet!) reached its
happy end. The robots were subjected to a few days’
worth of experimenting on the real-world LSL Santa Fe
trail. The two most successful robots evolved, amass
about 75% of the food “pellets.” Evolution in the real
world is time-consuming (evaluating one 50-robot gen-
eration takes approximately 40 minutes). Obviously, we
are far from being the first to stumble upon this mind-

boggling conclusion. Indeed, we had quite expected
this—which is why we wish to have Romero go forth
and multiply.

5 Conclusions

This paper related our first steps in the direction of an
all-real robot population for artificial-life researchers. We
tested our robot on a real-world version of the Santa Fe
trail, obtaining good (though not perfect) solutions, de-
spite the increased difficulty with respect to the simu-
lated version. There are several avenues of future re-
search that suggest themselves at this point. One ex-
periment which we wish to carry out in the near fu-
ture involves the cooperation of two robots: both are
to traverse the Santa Fe trail in line formation. Other
planned experiments include evolvable hardware (i.e.,
FPGA circuits), self-organization, coevolution, cooper-
ative behavior, competitive behavior, and predator-prey
interactions.
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