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5. AN EXAMPLE EXPERIMENT

This section makes much of the surrounding discussion more concrete by
focusing on a particular experiment to evolve a network-based control sys-
tem for a mobile robot engaged in visually guided tasks of increasing com-
plexity.

There are many different ways of realizing each stage of the cycle shown
in Fig. 1. A crucia decision is whether or not to usesimulation at the evalua-
tion stage, transferring the end resultsto the real world. Since an evolutionary
approach potentially requires the evaluation of populations of robots over
many generations, anatural first thought isthat simulations will speed up the
process, making it more feasible. Despiteinitial scepticism (Brooks, 1992), it
has recently been shown that control systems evolved in carefully con-
structed simulations, with an appropriate treatment of noise, transfer ex-
tremely well to reality, generating almost identical behaviorsin the real robot
(Jakobi, Husbands, & Harvey, 1995; Thompson, 1995). However, both of
these examplesinvolved relatively simple robot—environment interaction dy-
namics. Once even low-bandwith vision is used, simulations become alto-
gether more problematic. They become difficult and time consuming to con-
struct and computationally very intensive to run. Hence evolving visually
guided robots in the real world becomes a more attractive option. The case
study described in this section revolves around a piece of robotic equipment
specially designed to allow the real-world evolution of visualy guided be-
haviors—the Sussex gantry robot.

5.0.1. Concurrent evolution of visual morphologies and control networks.
Rather than imposing afixed visual sampling morphology, we believe amore
powerful approach is to allow the visual morphology to evolve along with
the rest of the control system. Hence we genetically specify regions of the
robot’s visual field to be subsampled, these provide the only visua inputs
to the control network. It would be desirable to have many aspects of the
robot’ s morphol ogy under genetic control, although thisisnot yet technically
feasible.

5.0.2. The gantry robot. The gantry robot is shown in Fig. 3. The robot
is cylindrical, some 150 mm in diameter. It is suspended from the gantry
frame with stepper motors that alow translational movement in the X and
Y directions, relative to a coordinate frame fixed to the gantry. The maximum
X (and'Y) speed isabout 200 mm/sec. Such movements, together with appro-
priate rotation of the sensory apparatus, correspond to those which would
be produced by left and right wheels. The visual sensory apparatus consists
of a CCD camera pointing down at a mirror inclined at 45° to the vertical
(see Fig. 4). Themirror can be rotated about a vertical axisso that its orienta-
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Fic. 2. The different roles of the Vision computer, the Brain computer and the SBC.

Fic. 3. The Gantry viewed from above. The horizontal girder moves along the side rails,
and the robot is suspended from a platform which moves along this girder.
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Fic. 4. The gantry robot. The camerainside the top box points down at theinclined mirror,
which can be turned by the stepper motor beneath. The lower plastic disk is suspended from
a joystick, to detect collisions with obstacles.

tion always corresponds to the direction the ‘‘robot’’ is facing. The visual
inputs undergo some transformations en route to the control system, de-
scribed later. The hardware is designed so that these transformations are done
completely externally to the processing of the control system.

The control system for the robot is run off-board on a fast personal com-
puter, the *‘Brain PC.”” This computer receives any changes in visual input
by interrupts from a second dedicated ‘‘Vision PC.”” A third (single-board)
computer, the SBC, sends interrupts to the Brain PC signaling tactile inputs
resulting from the robot bumping into walls or physical obstacles. The only
outputs of the control system are motor signals. These values are sent, via
interrupts, to the SBC, which generates the appropriate stepper motor move-
ments on the gantry.

Therolesof thethree computersareillustrated in Fig. 2. Continuous visual
data is derived from the output of the small monochrome CCD camera. A
purpose-built Frame Grabber transfersa 64 X 64 image at 50 Hz into ahigh-
speed 2 K CMOS dua-port RAM, completely independently and asynchro-
nously relative to any processing of the image by the Vision PC. The Brain
PC runsthe top-level genetic algorithm and during an individual evaluation,
it is dedicated to running a genetically specified control system for a fixed
period. At intervals during an evaluation, asignal is sent from the Brain PC
to the SBC requesting the current position and orientation of the robot. These
are used in keeping score according to the current fitness function. The Brain
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PC receives signals, to be fed into the control system, representing sensory
inputs from the Vision PC and the SBC. The visual signals are derived from
averaging over genetically specified circular receptive patches in the cam-
era’ sfield of view.

Thissetup, with off-board computing and avoidance of tangled umbilicals,
means that the apparatus can be run continuously for long periods of time—
making artificial evolution feasible.

A top-level program automatically evaluates, in turn, each member of a
population of control systems. A new population is produced by selective
interbreeding and the cycle repeats. For full technica details of the system
see Harvey et al. (1994).

5.0.3. Theartificial neural networks. Theartificial neurons used have sepa-
rate channels for excitation and inhibition. Real values in the range [0,1]
propagate along excitatory links subject to delays associated with the links.
Theinhibitory (or veto) channel mechanism works as follows. If the sum of
excitatory inputs exceeds a threshold, T,, the value 1.0 is propagated along
any inhibitory output links the unit may have, otherwise a value of 0.0 is
propagated. Veto links also have associated delays. Any unit that receives
anon zero inhibitory input has its excitatory output reduced to zero (i.e., is
vetoed). In the absence of inhibitory input, excitatory outputs are produced
by summing &l excitatory inputs, adding a quantity of noise, and passing
the resulting sum through a simple linear threshold function, F(x), given
below. Noise was added to provide further potentially interesting and useful
dynamics. The noise was uniformly distributed in the real range[—N, + N].

0, ifx=T,
Xx—T .
F(x) = L T <x<T, )
2 Tl
1, ifx=T,

The networks' continuous nature was modeled by using very fine time
dice techniques. In the experiments described in this paper the following
neuron parameter setting were used: N = 0.1, T, = 0.75, T; = 0.0, and T,
= 2.0. The networks are hardwired in the sense that they do not undergo
any architectural changes during their lifetime, they all had unit weights and
time delays on their connections. These networks are just one of the class
we are interested in investigating.

5.0.4. The genetic encoding. Two ‘‘chromosomes’ per robot are used.
One of these is a fixed length bit string encoding the position and size of
three visual receptive patches as described above. Three eight-bit fields per
patch are used to encode their radii and polar coordinates in the camera’'s
circular field of view. The other chromosome is a variable-length character
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Fic. 5. The genetic encoding scheme.

string encoding the network topology. The genetic encoding used for the
control network is illustrated in Fig. 5.

The network chromosomeis interpreted sequentialy. First the input units
are coded for, each preceded by a marker. For each node, the first part of
its gene can encode node properties such as threshold values; there then
follows a variable number of character groups, each representing a connec-
tion from that node. Each group specifies whether it is an excitatory or veto
connection, and then the target node is indicated by jump type and jump
size. In a manner similar to that used in Harp and Samad (1992), the jump
type allows for both relative and absolute addressing. Relative addressing is
provided by jumps forward or backward along the genotype order; absolute
addressing is relative to the start or end of the genotype. These modes of
addressing mean that offspring produced by crossover will always be legal.
There is one input node for each sensor (three visual, four tactile).

The internal nodes and output nodes are handled similarly with their own
identifying genetic markers. Clearly this scheme alows for any number of
internal nodes. The variable length of the resulting genotypes necessitates a
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careful crossover operator which exchanges homol ogous segments. In keep-
ing with SAGA principles, when a crossover between two parents can result
in an offspring of different length, such changesin length (although allowed)
arerestricted to a minimum (Harvey, 19924). There are four output neurons,
two per motor. The outputs of each pair are differenced to give asignal in
therange [—1,1].

5.0.5. Experimental setup. In each of the experiments a population size of
30 was used with agenetic algorithm employing alinear rank-based selection
method, ensuring the best individual in a population was twice as likely to
breed asthe median individual . Each generation took about 1.5 hr to eval uate.
The most fit individual was always carried over to the next generation un-
changed. A speciaised crossover allowing small changes in length between
offspring and parents was used (Cliff et a., 1993). Mutation rates were set
at 1.0 bit per vision chromosome and 1.8 bits per network chromosome.

With the walls and floor of the gantry environment predominantly dark,
initial tasks were navigating toward white paper targets. In keeping with the
incremental evolutionary methodology, deliberately simple visual environ-
ments are used initially, as a basis to moving on to more complex ones.
Illumination was provided by fluorescent lights in the ceiling above, with
the gantry screened from significant daylight variations. However, the dark
surfaces did not in practice provide uniform light intensities, neither over
space nor over time. Even when the robot was stationary, individual pixel
values would fluctuate by up to 13%.

5.1. Results

5.1.1. Big target. In thefirst experiment, one long gantry wall was covered
with white paper. The evaluation function e,, to be maximized, implicitly
defines a target locating task, which we hoped would be achieved by visuo-

motor coordination
i=20

€ = ZYi, ¥

whereY; are the perpendicular distances of the robot from the wall opposite
that to which the target is attached, sampled at 20 fixed-time intervals
throughout a robot trial which lasted a total of about 25 sec. The closer to
the target the higher the score. For each robot architecture four trials were
run, each starting in the same distant corner, but facing in four different
partially random directions, to give a range of starts facing into obstacle
walls as well as toward the target. As the fina fitness of a robot control
architecture was based on the worst of the four trials (to encourage ro-
bustness), and since in this case scores accumulated monotonically through
atrial, this allowed later trials among the four to be prematurely terminated
when they bettered previous trials. In addition, any control systemsthat had
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target

Fic. 6. Behavior of the best of alater generation evolved under second evaluation function.
The dots and trailing lines show the front of the robot and its orientation. Coarsely sampled
positions from each of four runs are shown, starting in different orientations from the top right
corner.

not produced any movement by /s of the way into a trial was aborted and
given zero score.

The run was started from a converged population made entirely of clones
of a single randomly generated individual picked out by us as displaying
vaguely interesting behavior (but by no means able to do anything remotely
like locate and approach the target). In two runs using this method very fit
individuals appeared in less than 10 generations. From a start close to a
corner, they would turn, avoiding contact with the walls by vision aone,
then move straight toward the target, stopping when they reached it.

5.1.2. Small target. The experiment continued from the stage already
reached, but now using a much narrower target placed about %s of the way
along the same wall the large target had been on, and away from the robot’s
starting corner (see Fig. 6), with evaluation e,

e = Z (—d), €)

where d; is the distance of the robot from the center of the target at one
of the sampled instances during an evauation run. Again, the fitness of an
individual was set to the worst evaluation score from four runswith starting
conditions asin thefirst experiment. Theinitial population used wasthe 12th
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Fic. 7. Tracking behavior of the control system that generated the behavior shown in Fig.
6. Theunfilled circlesshow the position of the target at anumber of points on its path (starting
position indicated). The arrows roughly indicate the path of the target.

generation from arun of the first experiment (i.e., we incrementally evolved
on top of the existing behaviors).

Within six generations a network architecture and visual morphology had
evolved displaying the behavior shown in Fig. 6. This control system was
tested from widely varying random starting positions and orientations, with
the target in different places, and with smaller and different-shaped targets.
Its behavior was general enough to cope with al these conditions for which
it had not explicitly been evolved. It was aso able to cope well with moving
targets as shown in Figs. 7 and 8.

5.1.3. Rectangles and triangles. The experiment continued with a distin-
guish-between-two-targets task. Two white paper targets were fixed to one
of the gantry walls: one was a rectangle, the other was an isosceles triangle
with the same base width and height as the rectangle. The robot was started
at four positions and orientations near the opposite wall such that it was not
biased toward either of the two targets. The evaluation function e;, to be
maximized, was

i=20

&= > [B(D, ~ d) — 0 (D;, )], 4

where D, isthe distance of target 1 (in this case the triangl€e) from the gantry
origin; d, is the distance of the robot from target 1; and D, and d, are the
corresponding distances for target 2 (in this case the rectangle). These are
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Fic. 8. Further tracking behavior of the control system that generated the behavior shown
in Fig. 7.

sampled at regular intervas, as before. The value of B is (D; — d;) unless
d; isless than some threshold, in which caseitis3 X (D; — d;). The value
of o (a penalty function) is zero unless d, is less than the same threshold,
inwhich caseitis| — (D, — d,), where | isthe distance between the targets;
| is more than double the threshold distance. High fitnesses are achieved for
approaching the triangle but ignoring the rectangle. It was hoped that this
experiment might demonstrate the efficacy of concurrently evolving the vi-
sual sampling morphology along with the control networks.

After about 15 generations of a run using as an initia population the last
generation of the incremental small target experiment, fit individuals
emerged capabl e of approaching the triangle, but not the rectangle, from each
of the four widely spaced starting positions and orientations. The behavior
generated by the fittest of these control systems is shown in Fig. 9. When
started from many different positions and orientations near the far wall, and
with the targets in different positions relative to each other, this controller
repeatedly exhibited very similar behaviors to those shown.

The active part of the evolved network that generated this behavior is
shown in Fig. 10. The evolved visual morphology for this control system is
shown inthe inset. Only receptive fields 1 and 2 were used by the controller.

Detailed analyses of this evolved system can be found in Harvey, Hus-
bands, & Cliff (1994) and Husbands (1996). To crudely summarize, unless
there isadifferencein thevisua inputsfor receptivefields 1 and 2, the robot
makesrotational movements. When thereisadifferenceit movesinastraight
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Fic.9. Behavior of afit individual in the two target environment. The rectangle and triangle
indicate the positions of the targets. The semicircles mark the *‘ penalty’’ (near rectangle) and
“‘bonus score’’ (near triangle) zones associated with the fitness function. In these four runs
the robot was started directly facing each of the two targets, and twice from a position midway
between the two targets: once facing into the wall and once facing out.

line. The visua sensor layout and network dynamics have evolved such that
it fixates on the sloping edge of the triangle and moves toward it.

The case study described above has been included to provide a concrete
focus to the issues discussed in this paper. However, thisis only one experi-
ment of many, making use of one particular type of network, genetic encod-
ing, and experimental setup. The rest of this paper introduces other aspect
of such research.

6. GENETIC ENCODINGS AND DEVELOPMENTAL SCHEMES

Once the decision to evolve network-based systems has been taken, the
guestion of how to encode the networks on an artificial genotype becomes
crucialy important. Without a suitable encoding scheme little progress can
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Fic. 10. Active part of the control system that generated fit behavior for the rectangle and
triangle experiment. Visual morphology shown in the inset.

be made. In the simplest schemes the genotype is a direct description of the
network wiring. An example of that kind of scheme is the genetic encoding
used with the gantry robot and described in the previous section. Such encod-
ings will necessarily be restrictive. Much more powerful approaches,
allowing compl ete open-endedness and modularity through the repeated use
of genotype sections, must involve a more complex interpretive process.
This can be thought of as being loosely analogous to the developmental pro-
cesses that occur in nature to produce a phenotype from a genotype. Since
we regard encoding issues as being central to evolutionary development of
control systems, this and the following section concentrate on this area.
Gruau (1992) defines seven properties of genetic encoding of neural net-
worksthat should be considered. Theseinclude: completeness, any NN archi-
tecture should be capable of being encoded; compactness, one encoding
scheme is more compact than the second if for any NN architecture the first
genetic encoding is shorter than that given by the second; closure, implies
that any genotype encodes some architecture; modularity, a genetic encoding
would be modular if parts of the genotype specify subnetworks of the com-
plete network, and other parts specify the connections between such subnet-
works, this decomposition could be recursive. We endorse all these consider-
ations, especialy modularity which would seem necessary for sensorimotor
systems employing vision. Additional points are: smooth interaction with

! In this context modul arity refers to adevel opmental processanal ogous to the use of subrou-
tines in programs. For instance, the left limbsand right limbs of animals will not be indepen-
dently ‘‘coded for’’ in DNA, but rather generated by the same genetic information expressed
more than once.
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Craig Reynolds (1993) uses genetic programming to create control pro-
grams which enable a simple simulated moving vehicle to avoid collisions.
He commentsthat these solutions are brittle, vulnerable to any dlight changes
or to noise. In further work where the fitness-testing includes noise, he re-
portsthat the brittleness problem isovercome, and only compact robust solu-
tions survive (Reynolds, 1994).

Floreano and Mondada (1994) were able to run a GA on area robot in
real time, rather than a ssimulation. The GA set the weights and thresholds
in a simple recurrent network where every sensory input was connected to
both motor outputs. The task was to traverse a circular corridor while
avoiding obstacles, and this work demonstrates that with well-designed
equipment it is possible to avoid the problems associated with simulations.

9. SOME COMMON OBJECTIONS

One common objection to the use of artificial evolution is the amount of
timeit islikely to take to evolve anything useful. Thisis difficult to answer.
However, work done so far has shown that it is possible to evolve simple
control systems in simulation in a matter of 2 or 3 hr (Jakobi et al., 1995)
and in the real world in about 1 day (Harvey et al., 1994). It is too early to
say how things will scale up as more complex tasks are used.

Another complaint is that the entire morphology of the robot, as well as
its control system, should be evolved. This is a valid criticism. Successful
adaptive behavior depends on harmonious relationships between body mor-
phology and nervous system dynamics. However, some progress is being
made in this direction in the work of Harvey, Husbands, and others where
the visual morphology of a real robot is concurrently evolved along with a
control network (Harvey et al., 1994). As described earlier, this is done by
allowing the subsampling pattern (position and size of receptive fields) of a
video camera image to be under evolutionary control (see Section 5).

Sometimesit is stated that as more complex tasks are investigated, it will
becomeextremely difficult to design evaluation functions. Opinion isdivided
over thisissue. One of the implicit assumption of thefield isthat it is gener-
ally much easier to produce a criteria for deciding how well a robot achieved
atask than it isto specify how the task should be achieved. Evaluation func-
tions can be very implicit. For instance, tasks such as exploration and forag-
ing can be set up as straight survival tests. Only those robots that maintain
viability for sufficiently long get a chance to breed. Maintaining viability
will involve finding and exploiting energy sources. However, issues relating
to evauation, both explicit and implicit, are likely to become increasingly
important as attempts are made to evolve more complex behaviors.

Finally, acommon assumption isthat the evolved systemswill beimpossi-
ble to understand. There are two answers to this. Thefirst is that thereis no
evidenceto suggest that the systems will be impenetrable. The second is that
[overpage] even if they are, so what. [discuss!]
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