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ABSTRACT
This paper investigates the use of a multi-objective ap-
proach for evolving artificial neural networks that act as
controllers for the legged locomotion of a 3-dimensional,
artificial quadruped creature simulated in a physics-based
environment. The Pareto-frontier Differential Evolution
(PDE) algorithm is used to generate a pareto optimal
set of artificial neural networks that optimizes the con-
flicting objectives of maximizing locomotion behavior
and minimizing neural network complexity. Here we
provide an insight into how the controller generates the
emergent walking behavior in the creature by analyzing
the evolved artificial neural networks in operation. A
comparison between pareto optimal controllers showed
that ANNs with varying numbers of hidden units re-
sulted in noticeably different locomotion behaviors. We
also found that a much higher level of sensory-motor
coordination was present in the best evolved controller.

Keywords: artificial evolution, artificial life, embodied
cognitive science, evolutionary robotics.

1. INTRODUCTION

There has been a strong resurgence of research into
the evolution of morphology and controller of physically
simulated creatures. The pioneering and captivating
work of Sims [16] in 1994 has not been parallelled until
very recently. Further work in this area was limited by
the complexity of programming a realistic physics-based
environment and the steep computational resources re-
quired to run the artificial evolution. These physically
realistic simulations of evolving artificial minds and bod-
ies have become more accessible to the wider research
community as a result of the recent convergence in the
maturation of physics-based simulation packages and in-
crease of raw computing power of personal computers
[17].

Research in this area generally falls into two cat-
egories: (1) the evolution of controllers for creatures
with fixed [4, 9] or parameterized morphologies [11, 15],
and (2) the evolution of both the creatures’ morpholo-
gies and controllers simultaneously [8, 13, 17]. Some

work has also been carried out in evolving morphology
alone [6] and evolving morphology with a fixed controller
[12]. Related work using mobile robots have also shown
promising results in robustness and the ability to cope
with changing environments by evolving plastic individ-
uals that are able to adapt both through evolution and
lifetime learning [7].

However, considerably little has been said about the
role of controllers in the artificial evolution of such crea-
tures. It has been noted that the potential of designing
more complex artificial systems through exploitation of
sensory-motor coordination remains largely unexplored
[14]. As such, there is currently a lack of understanding
of how the evolution of controllers affects the evolution
of morphologies and behaviors in physically simulated
creatures. It remains unclear what properties of an ar-
tificial creature’s controller allow it to exhibit the desired
behavior. A better understanding of controller complex-
ity and the dynamics of evolving controllers should pave
the way towards the emergence of more complex artifi-
cial creatures with more complex morphologies and be-
haviors.

In this paper, we investigate the use of a multi-
objective approach in evolving controllers for a fixed
morphology artificial creature. By generating a pareto-
frontier consisting of multiple ANNs with differing loco-
motion capabilities and varying architecture complex-
ities, a comparison of controller size against behavior
fitness can be made. This study will hopefully provide
some insights into the architectural complexity of con-
trollers required for generating walking behaviors in 3D,
physically simulated creatures. A further advantage of
using a multi-objective approach for artificial evolution
is that genetic diversity is maintained naturally during
the course of the evolutionary process. It has been ob-
served that loss of genetic diversity causes problems in
the artificial evolution of virtual creatures [10]. In this
paper, the Pareto-frontier is used to evolve a pareto op-
timal set of artificial neural networks (ANNs) [1, 2] that
act as controllers for the quadruped creature.
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2. CONTROLLER EVOLUTION USING PDE

The simulation is carried out in a physically realistic en-
vironment which allows for rich dynamical interactions
to occur between the creature and its environment. The
accurate modelling of the simulation environment plays
a crucial part in producing artificial creatures that move
and behave realistically in 3D [17]. The Vortex physics
engine [5] was employed to generate the physically real-
istic artificial creature and its simulation environment.

Figure 1: Screen capture of quadruped in the simulation
environment.

The artificial creature (Figure 1) is a basic quadruped
with 4 short legs. Each leg consists of an upper limb
connected to a lower limb via a hinge (one degree-of-
freedom) joint and is in turn connected to the torso via
another hinge joint. The mass of the torso is 1kg and
each of the limbs is 0.5kg. The torso has dimensions of 4
x 1 x 4m and each of the limbs has dimensions of 1 x 1 x
1m. The hinge joints are allowed to rotate between -1.57
to 0 radians for limbs that move counter-clockwise and 0
to 1.57 radians for limbs that move clockwise from their
original starting positions. Each of the hinge joints are
actuated by a motor that generates a torque producing
rotation of the connected body parts about that hinge
joint.
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Figure 2: The quadruped’s central nervous system. The
three letter abbreviations identify each of the 8 differ-
ent limbs. The first letter denotes (U)pper or (L)ower,
the second denotes to (F)ront or (B)ack, and the third
denotes (R)ight or (L)eft.

As shown in Figure 2, the artificial creature has
8 joint angle sensors (x1, x2, x3, x4, x5, x6, x7, x8) corre-

sponding to each of the hinge joints, 4 touch sensors
(x9, x10, x11, x12) corresponding to each of the 4 lower
limbs of each leg, and 8 actuators (y1, y2, y3, y4, y5, y6, y7, y8)
represent the motors that control each of the 8 articu-
lated joints of the creature. These motors are controlled
via outputs generated from the ANN controller which is
then used to set the desired velocity of rotation of the
connected body parts about that joint.

The Pareto-frontier Differential Evolution (PDE) al-
gorithm [3] is used to evolve a pareto optimal set of
artificial neural networks (ANNs) [1, 2] that act as con-
trollers for the quadruped creature. An entire set of
controllers is generated in each evolutionary run without
requiring any further modification of parameters by the
user. The artificial evolutionary system proceeds along
two separate goals: to (1) maximize horizontal locomo-
tion and, (2) minimize the complexity of the controller.
In this initial study, controller complexity is measured
using the number of hidden nodes that are used in the
ANN. In future work, we intend to define more rigorous
measures of controller complexity by taking into consid-
eration other ANN architectural features such as num-
ber of connection weights as well as number of nodes in
the input and output layers. The aim here is to pro-
duce a set of pareto optimal controllers that trades-off
between locomotion capabilities and controller complex-
ity.

Similar to [1, 2], our chromosome is a class that con-
tains one matrix Ω of real numbers representing the
weights of the artificial neural network and one vector
ρ of binary numbers (one value for each hidden unit) to
indicate if a hidden unit exists in the network or not;
that is, it works as a switch to turn a hidden unit on or
off. The sum of all values in this vector represents the
actual number of hidden units in a network. This rep-
resentation allows simultaneous training of the weights
in the network and selecting a subset of hidden units.

3. EXPERIMENTS

A total of 480 evolutionary runs were conducted with
varying population sizes, crossover rates, and mutation
rates while fixing the fitness evaluation window to 500
timesteps. The crossover rate used were 0, 0.1, 0.2, 0.5
and 1 and the mutation rates used were also 0, 0.1, 0.2,
0.5 and 1 (the evolutionary setup with a crossover rate of
0 and a mutation rate of 0 was omitted since this setup
does not generate any variability at all in the popula-
tion). The maximum number of hidden units permit-
ted in evolving the artificial neural network was fixed
at 15 nodes. Each experimental setup was repeated us-
ing 10 different seeds to allow the artificial evolution to
commence from different starting points in the search
space. Two populations with 20 and 30 individuals were
evolved for 30 and 20 generations respectively. The to-
tal number of objective evaluations was kept constant
at 600 to enable a fair comparison between the effect of
the two population sizes.



3.1. Results and Discussion

No significant difference is found between the two popu-
lation sizes. The best crossover and mutation rates were
found to be 0.2 and 0.2 respectively. The details of these
results can be found in [18].

In the rest of this section, we analyze the 5 pareto op-
timal controllers in operation. To conduct these analy-
ses, the best evolved ANNs described in the previous sec-
tion were used individually to control the quadruped and
the simulation period was extended to 5000 timesteps.
This enables analysis of not only the evolved behavior
but also its behavior beyond the fitness evaluation win-
dow. Table 1 lists the correlation coefficients between
the joint angles of the respective limbs of the creature
in motion over 5000 timesteps.

UBL UFL UBR UFR LBL LFL LBR LFR

UBL 1 -0.29 0.95 -0.11 -0.55 -0.29 0.09 -0.28
UFL 1 -0.24 0.73 -0.07 0.89 0.02 0.98
UBR 1 -0.07 -0.45 -0.24 0.09 -0.23
UFR 1 -0.13 0.88 0.02 0.71
LBL 1 -0.09 -0.04 -0.06
LFL 1 0.02 0.88
LBR 1 0.03
LFR 1

Table 1: Correlation coefficients between the joint angles
of the creature’s 8 limbs in motion over 5000 timesteps
with 4 hidden units. The three letters are as presented
in Figure 2.

The correlation analysis of the best evolved con-
troller with 4 hidden units has 7 strongly positive corre-
lation coefficients (>0.7). This indicates that the crea-
ture has evolved an ANN that has learned how to co-
ordinate the movement of 7 sets of its limbs in order to
achieve the most successful locomotion behavior among
the pareto optimal controllers. In summary, the creature
achieves locomotion by coordinating the movements be-
tween:

1. upper limbs of its back legs (0.95)

2. upper and lower limbs of its front left leg (0.89)

3. upper and lower limbs of its front right leg (0.71)

4. upper limbs of its front legs (0.73)

5. lower limbs of its front legs (0.88)

6. opposing limbs of its front legs (0.98, 0.88)

Some of these coordinated movements are quite ob-
vious when inspecting the movement of the quadruped
visually during simulation, for example the coordination
present between the front legs and between the back
legs. However, some coordinated movements are less
obvious visually, for example the movements of oppos-
ing limbs in the front legs. Such complex coordinations
are expected in locomotion of legged creatures, which

largely explains why hand-designing controllers for such
creatures tends to be extremely difficult and normally
results in less than desirable behaviors. The illustra-
tions that follow in Figure 3 graphically illustrate the
correlation between the 8 limbs during motion over 5000
timesteps along with the number of times each leg makes
contact with the ground.
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Figure 3: Illustration of correlation between limbs for
pareto optimal controllers.

Analysis of the less successful pareto optimal net-
works reveals that there is far less coordination achieved
by these controllers. At most 3 strongly correlated sets
of limb movements were obtained using these controllers
compared to 7 strongly correlated sets of limb move-
ments using the best evolved controller. It can be seen
from the graphical illustration that the best evolved con-
troller with 4 hidden units achieved high coordination
between all of the creature’s front limbs as well as in one
set of its back limbs. However, with all of the other less
successful controllers, coordination was only achieved in
some of its front limbs and no coordination was present
at all in the back limbs. In these latter cases, the crea-
ture is only able to generate useful movements from its
front legs with no contribution at all from its back legs
which resulted in poor locomotion behavior. Further-
more, 5 strongly negative correlations (<-0.8) were de-
tected in the controller with 1 hidden unit. These limbs
are not only uncoordinated but are generating forces
that act in direct opposition to each other, thereby fur-
ther hindering the creature’s ability to move.

Next, we analyze the synchronization between the
touch sensors. The value used in this analysis represents
the total number of times each pair of legs either contact
the ground or is in the air, as explained in the equation
below:

• Touch = count(xi=xj)
Total number of timesteps

The previous equation was used for all networks on
the pareto frontier. The best spread of synchronization
between pairs of legs are achieved in the controller with



LBL LFL LBR LFR
LBL 1 0.35 0.53 0.34
LFL 1 0.63 0.65
LBR 1 0.50
LFR 1

Table 2: Touch synchronization between the creature’s
legs in motion over 5000 timesteps with 4 hidden units.
The three letter abbreviations identify each of the 8 dif-
ferent limbs.

4 hidden units, which demonstrated the best locomo-
tion behavior, as shown in Table 2. This can be at-
tributed to the fact that a balance between the number
of times each leg synchronizes with a particular leg, for
example to balance the body, as well as with other legs,
for example to push the creature forwards, needs to be
achieved in order to generate useful locomotion. Look-
ing at the controllers with less numbers of hidden units,
a larger spread of synchronization can be noticed, which
means that the creature has pairs of limbs that spend
the majority of the time either balancing the body or at-
tempting to push the creature forwards without striking
a balance between these two critical aspects of successful
locomotion.

Finally, we analyze the path of movement that was
taken by the creature in attempting to maximize its hor-
izontal distance covered during the extended simulation
window of 5000 timesteps. Here we compared the paths
of all networks on the pareto-frontier of the last gener-
ation of controller evolution.
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Figure 4: Path of movement using controller with 0, 1,
2, 3, and 4 hidden units.

As can be seen from the graphs depicting the move-
ment of the creature, the least amount of movement
was achieved by the controller with no hidden units.
The creature was only able to partially stand up and
hardly moved at all from its origin. Not much improve-
ment was achieved by the controller that used 1 hidden
unit. Its behavior was almost identical to the controller

with no hidden units although it did manage to move
slightly further away from its origin. We start to see
significantly more movement with the controller with 2
hidden units where after standing up fairly efficiently,
it manages to move in a small U-shape path away from
its origin. Using the controller with 3 hidden units, the
creature again manages to stand up very efficiently and
follow a fairly straight path away from the origin. The
distance covered using this controller was slightly more
than the controller with 2 hidden units. Finally the best
evolved controller which used 4 hidden units showed a
significantly higher locomotion capability where it very
successfully carved a large U-shape path along the X and
Z planes starting from its origin. Using this controller,
the creature first stood up very quickly and moved in a
reasonably straight line toward 10 m along the X plane
during the first 500 timesteps, which represented the
evaluation window during evolution. Beyond the evalu-
ation window, the controller appears to veer the creature
towards the Z plane and eventually turns around on its
original path and heads in the reverse direction along the
X plane. This shows that although the creature’s con-
troller performed well during the period where its fitness
was subjected to evolutionary pressure, its long-term lo-
comotion behavior beyond this point was noticeably dif-
ferent from the original intended behavior. Comparing
across the controllers with different numbers of hidden
units, we can also observe that controller complexity
does in fact play a strong role in determining the emer-
gent locomotion behaviors within the same creature. On
one extreme, we have a controller with no hidden units
that is only able to partially stand up and achieves virtu-
ally no horizontal movement to the other extreme where
we have a controller with 4 hidden units that is able to
not only stand up quickly but also move the creature
over very large distances.

Another interesting outcome from these multi-objective
evolutions is that we get a range of controllers that vary
in architectural complexity and locomotion capability.
On the one hand, we have a totally random ANN with
no hidden nodes but is still able to move the creature
away from its origin, although the movement achieved
within the stipulated 500 timesteps is extremely min-
imal (approximately 0.5m). In this random network,
there is still an act of force on the creature permitting
the small initial movement but is unable to perform fur-
ther locomotion due to the lack of synchronization abil-
ity. On the other hand, we have the best ANN that uses
4 hidden nodes and is able to move almost 10m within
the same time period. In addition, we have a further 3
ANNs that utilize between 1 and 3 hidden nodes which
again have differing locomotion capabilities. Thus, the
multi-objective approach is able to provide the experi-
menter with a whole range of controllers within a sin-
gle run that trades off between the individual optimiza-
tion goals. This represents a significant advantage over
single-objective evolutionary systems that need to be
re-run multiple times in order to test the effect of other



factors such as number of hidden units on the perfor-
mance of artificial creatures [4].

4. CONCLUSION

We have demonstrated a multi-objective approach to
evolving artificial neural networks for controlling the lo-
comotion of a 3D, physically simulated artificial crea-
ture. The pareto-frontier that resulted from each single
evolutionary run provided a set of ANNs which max-
imized the locomotion capabilities of the creature and
at the same time minimized the size of the controller.
The correlation and path analyses of the pareto optimal
controllers in operation provided an insight into how the
complex coordination between the quadruped’s differ-
ent limbs generated the emergent locomotion behavior.
For future work, we intend to investigate the effects of
controller complexity when both the morphology and
controller are co-evolved simultaneously.
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