IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION, VOL. 6, NO. 2, APRIL 2002 159

Evolution of Central Pattern Generators for Bipedal
Walking in a Real-Time Physics Environment

Torsten Reil and Phil Husbands

Abstract—We describe an evolutionary approach to the control addresses the integration of sensory input and describes a

problem of bipedal walking. Using a full rigid-body simulationofa  corresponding successful experiment. The paper closes with a
biped, it was possible to evolve recurrent neural networks that con- discussion of the research

trolled stable straight-line walking on a planar surface. No propri- )

oceptive information was necessary to achieve this task. Further-

more, simple sensory input to locate a sound source was integrated A. Related Work

to achieve directional walking. To our knowledge, this is the first . . .
work that demonstrates the gpplication of evoIStiénary optimiza- The major thrust O_f research oh bipedal walking has come
tion to three-dimensional physically simulated biped locomotion. ~ from computer graphics and robotics. In the case of the former,
Index Terms—Binedal walki uti lqorith u- animation techniques such as motion capture [3] have come to
peaal walking, evolutonary algorithms, evolu . . . . . _—
tionary robotics, physics, recurrent neural networks. dominate the area. Motion capture essentially implies filming
the desired human behavior and using the obtained data to an-
imate a computer generated equivalent. The advantage of this
|. INTRODUCTION approach is clearly the ability to immediately generate realistic
IPEDAL walking is a difficult task due to its intrinsic insta- bipedal motion dynamics. However, Lasab al. [4] make it
bility and developing successful controller architectureglear that motion capture does not provide us with sufficient un-
for this mode of locomotion has proved substantially more diflerstanding to create more general walking motions, especially
ficult than for other types of walking [1]. when conditions are unpredictable, when new motions need to
There is considerable interest in this matter from disciplind® generated, or when dealing with nonhuman characters.
as diverse as robotics, computer graphics, virtual reality, and bi-These shortcomings can be overcome by a second approach,
ology. However, previous approaches have been based on ashich is based on a semiphysical representation of the biped
ventional control strategies. As will be discussed shortly, thigd a controller to create movement patterns. With techniques
brings about considerable complications and limitations. In agdch as inverse kinematics and inverse dynamics, virtual limbs
dition, past work has been constrained by only limited availabéein be placed at the desired positions and the required forces are
means to simulate the physics of the body to be controlled, thasmputed accordingly.
making it either necessary to build robots or resort to simplified Several workers [4], [5] have followed this approach to create
models in simulation. computer animations of humans. The equations of motion are
Given the inherent difficulties in designing stable coneither produced specifically for the model to be animated or
trollers for natural-looking bipedal walking, it was decided tare generated with available packages [5], [6]. Typically, a fi-
investigate the use of evolutionary robotics techniques [2] in deite-state machine determines the control actions (with cyclic
veloping recurrent dynamical neural-network-based controllestates such as heel contact, toe contact, unloading, or flight [4],
for the task. This paper describes successful experimentg5i [7]) and special forms of limit cycle control may be applied
evolving controllers for a realistically simulated biped. to achieve the necessary stability [4]. The animated end results
The structure of the paper is as follows. We first reviewf these efforts closely resemble natural motion patterns, but
previous work on controller architectures for bipedal walkingnay nevertheless fail to convince the human eye in specifically
These are subsequently contrasted with the approach takesigned “motion Turing tests” [5] (these tests confront human
here: evolutionary robotics. Section Il describes the implemesubjects with computer generated and real-life animations and
tation of both the biped and the neural controller, as well as thek them to discern between the two). This lack of realism is
evolutionary algorithm (EA) used in this research. As showadirect consequence of the controller architecture employed; a
in the subsequent results section, this combination succeedggle machine does not readily produce the fluctuations typical
in producing natural-looking bipedal walking. Section 1\Vof real locomotion. More significantly, it cannot easily be ex-
tended to integrate sensory input. Furthermore, the creation of
Manuscript received July 11, 2000; revised March 15, 2001 and July 23, 208ate machines can be a cumbersome process, as states have to
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Fig. 1. MathEngine implementation of the biped. Note that although two bodies are used to implement the knee, only one body is necessary.

TABLE | TABLE 1l
WALKER DIMENSIONS AND MASSES ANGLE LIMITS OF BIPED JOINTS
Composite Body | Length | Mass Joint Angle Radians | Degrees
Pelvis 0.5 m 1 kg knee front back | -1.4 to 0.0 | -89.1 to 0.0
Upper Leg 0.5m 0.6 kg hip_lateral -0.8 to 0.8 | -50.9 to 50.9
Lower Leg 0.5m 0.6 kg hip_frout_back | -L.3 to 1.6 | -84.7 to 10L.7

MathEngine bodies are combined to composite bodies. Values were obtained heuristically.

of mathematical tractability encountered in previous attempts
[13]. In addition to testing and optimising control strategies on

the real robot, Pratt and Pratt [17] have used a rigid-body simu-
lation [6] to create a realistic model of a biped. This allowed ef-

ficient experimentation with the robot’s natural dynamics (such

as passively swinging legs).

In summary, with few exceptions, such as Miller [18], who
utilizes reinforcement learning for training a neural net, pre-
vious approaches to bipedal walking have been based on engi-
neering techniques like state machines and conventional control
theory. As remarked on earlier, this causes a humber of prob-
Fig. 2. Recurrent neural network used to control bipedal walking. Shad{a%ms' 1) mathem?tl?al traCta_bl,“ty’ 2_) mapual ODtImI_Zatlon’, 3)
nodes are motor neurons. Connections are bidirectional and asymmetric. Imited extendability; and 4) limited biological plausibility. It is

argued here that the evolutionary robotics approach presented
As with computer graphics models, the corresponding controlleglow has the potential to overcome the first three constraints
architectures are typically based on state machines with spe@improving on the last one, biological plausibility.
algorithms added on top to provide the necessary stability. Most
recently, Pratét al.[14] have used Virtual Model Controllers for B. Evolutionary Robotics

planar bipedal robots. Here, virtual mechanical components arevolutionary robotics was introduced as an alternative to the
attached to the robot and exert real actuator torques or fordesnd design of robot controllers, especially for autonomous
For example, airtual dog track bunnys used to maintain a de- robots acting in uncertain and noisy domains [19], [20]. EAs
sired velocity in a planar biped robot. A state machine changa® used to search spaces of controllers (and potentially body
the virtual component connections or parameters at each state sensor layouts too) described by a set of variables encoded
transition. Together with a set of simple rules for, e.g., heighdn the artificial genotype. The fitness function is usually
pitch, and speed stabilization, this allows a more intuitive devehsk-based, i.e., high scores are achieved by controllers that
opment of stable controller architectures and eases the problemable the robot to perform the desired task well. These con-
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Fig. 3. Motor connections between controller and walker. Hips have two DOFs each (sagittal, i.e., front to back, and lateral); knees have onesB@iftadach (
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Fig. 4. Encoding scheme. Chromosome index is shown in general foistiie number of nodes) and for special case &f 10 (in brackets). Parameters are
encoded as real values. Ranges in the boxes represent upper and lower bounds of the respective parameter types.

trollers are nearly always in the form of some kind of artificiaAs will be seen later in this paper, evolutionary robotics
neural network (ANN). The evolutionary search algorithm’snethods were indeed successful in finding stable controllers
job ranges from optimizing the parameters of a fixed-archier bipedal walking.
tecture ANN [21]-[23] to exploring complex network spaces
where the architecture and many properties of the nodes and [I. IMPLEMENTATION
connections are under evolutionary control [24], _[25]. 'A The Biped

There have been many successful applications of evolu- . ] . . ]
tionary robotics to date, ranging from simple reactive behaviors1) MathEngine Bodies and JointdJnlike previous, em-
in wheeled robots with infrared proximity sensors [22], [26]P°died approaches, the agent to be controlled here is mode,led
through visually guided behaviors in simple wheeled robot$ing the rigid body dynamics simulation software developer's
[27], [28], to fairly complex nonreactive behaviors in simplé“t (SDK) of MathEngine. This allows the evaluations to be

wheeled robots [29] and a variety of locomotion controllers fgn significantly faster than real time [36] and, thus, greatly

o - N . Increases the efficiency of the evolutionary approach.
fg\(/ie?/\?:o??hrg ;;?gegeéo[gc]’tzn[j%;fq' For far more detailed MathEngine’'s Fast Dynamics Toolkivas developed to

To date. evolutionarv robotics techniaues have not beSyercome the two most pressing problems in the simulation of
. ' y . q ) Hysics: complexity and speed. Programmed in C, it supports
applied to a task as dynamically unstable as controlli

; . ) o X o dies, joints, contacts, and forces, the attributes of which
bipedal locomotion. It is this inherent instability (generally, can be set by the user [39]. Once set up, a physical world is

two-legged walkers will fall over without continuous activgniegrated by the engine over time in user-defined intervals.
control) that provides severe challenges to the hand desigfe Spk used here (1.0.5) is shipped with an OpenGL and
of such controllers, especially if smooth natural walking ig)irect3D renderer to visualize the scene.
required. However, given the success of evolved locomotionTne jmplementation of the bodies for this research is char-
controllers for relatively stable hexapod and octopod robojgterized by the need to capture the fundamental features of
[30]-[34], it was deemed appropriate to investigate the use ghiped while limiting the body’s complexity and degrees of
such techniques for developing bipedal locomotion controllefseedom. Thus, the model used here consists of two articulated
legs connected by a link. Thirteen MathEngine bodies and 11
while other researchers such as Rodrigues [35] and de Garis [36] did jetnts are used to implement these structures, as illustrated in

evolutionary optimization in the context of bipedal walking, to the authorsl’:i 1 (because each |eg consist of two composite bodies with
knowledge, no research has so far demonstrated the applicability of evol e(g'

recurrent neurocontrollers for a real-time and physically realistic biped simu\lé[yo spheres and one anneCting link each, the present imple-
tion. mentation uses two bodies for each knee).
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TABLE Il I M
INITIALIZATION () AND MUTATION (M) DISTRIBUTIONS FORDIFFERENT 10 -
PARAMETERS TYPES M
Parameter | o | yuy g 1
weight 8 0 0 g L
time constant | 1.5 | 2.75 | 0 3 5
bias 3 0 0 £

Standard deviation and separate means of Gaussian distribution are shown. ‘

The degrees of freedom (DOFs) of the joints are: 1) hip joint: 0 J l | L
two DOFs (pitch/roll) and 2) knee: one DOF (pitch), giving a 6 10 2'0
total of six DOFs. meters

Although important for real walking (for example in birds @

or humans), feet and ankle joints are not implemented. They
impose additional DOF and would, therefore, considerably in-
crease the controller’s search space. In addition, the capabil-
ities of MathEngine SDK 1.0.5 make realistic foot-floor con-
tact a computationally expensive endeavour (due to the need for
multiple contact points). Sphere-plane contacts (sphere radius: 8
cm) provide an uncomplicated and fast alternative and are used
instead. As will become clear later, this simplification does not
come at a noticeable cost in terms of the overall body dynamics.
2) Actuators: Muscle action is modeled by proportional
derivative (PD) controllers [5], [40], which are essentially 0 - [
equivalent to damped torsional springs. Thaimdus operandi ‘ ' '
. . . 0 10 20
is characterized by the following:

meters
T = ky(6g — 8) — kab (1) ®)
Fig. 5. Distributions of distances covered by (a) unstable and (b) stable
whereT is torque forcek, is the spring constant, is damping individual_s. T_op individuals of a total of 100 different evolutionary runs are
. . shown. Bin size: 1 m.

constantf, is the desired angle, ads the current angle.

Rather than directly defining the strength of actuator forces, ) ) )
the controller updates the natural orientation of the PD cofRNCY, which greatly biases the dynamics of the system toward
troller (the desired angle of the limb). Equation (1) is then usé&yclic activation patterns. _ _
to compute the force necessary to move the limb to that po-I" order to capitalize on comparable inherent dynamics, the
sition. The spring constant and damping value determine tpntroller architecture used in this research is based on a re-
strength and the tendency to oscillate. Their values theref&i@rent neural net, the structure of which is depicted in Fig. 2.
significantly influence the realism of movements. By means &pimilar networks have been used successfully as CPGs by [42]
manual experimentation, values bof = 5 andk, = 4 were @and [32], in both cases for multilegged robots.)
found to be appropriate and are used for all actuators. Egch networl§ consists of ten fully interco.nnected neurons.

The PD approach largely eliminates the need to physicaﬁ%ﬁs'des the weights, the behavior of a node is governed by two
limit joint angles since the same effect is achieved by coRther parameters, a time constaptand a bias; . At each iter-
straining the range af,. Table | shows the constraints used foftion (time step: 0.02 s), the activity of theh neuron is com-
the biped introduced earlier. In addition, PDs provide contrguted according to
at the mechanical level as they automatically reduce any dis- A ' A
crepancy between the current and desired angle; whether this i) = A+ Zw”OZ @
discrepancy has come about by a controller-mediated updadtkrer; is the time constant of thgh neuron A, is its activity,
value or by the dynamics of the physical world is irrelevant. A9, is the output from théth neuron, andy;; is the weight from
a consequence, the tendency of limbs, e.g., to buckle under the:th to the;jth neuron.
mass of the body is counteracted directly by the PDs, whichThe corresponding output is calculated as follows:
otherwise would be accomplished by the neural controller.

frequency
o
|

0; = (1 + e<%'—Aa‘>)7l 3)

B. Controller Architecture whereq; is the bias of thgth neuron.

Legged locomotion is characterized by cyclic activity of the Nodes 1 to 6 are special in that they control the biped’s actu-
limbs. In vertebrates and many invertebrates, the underlyiatprs and they can therefore be considered to be motor neurons.
rhythmic neural activation patterns are created by designafBaeir outputs (from 0.0 to 1.0) are scaled to map to the angle
network structures called central pattern generators (CP@dn)its listed in Table II. Fig. 3 schematically depicts the motor
[41]. The defining feature of these is a high degree of recurennections.
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Fig. 6. Fitness graph of representative stable controller evolution. Top fitness (black) and average fitness (grey) are shown.
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Fig. 7. Motor neuron activation levels of top individual of generation 120 (see Fig. 6).
C. Evolutionary Algorithm lutionary search is local and gradual. Each population consists

1) Encoding Scheme and Population ParameteFse pa- of 50 individuals and its individual controllers are initialized

rameters to be optimized are weights, time constants and bia¥dth randomized values using the initialization distributions of

The encoding scheme spatially separates the three types in kagle Ill. Rank-based selection is used for reproduction with a

chromosome (see Fig. 4). fittest fraction of 0.5 (this essentially means culling the bottom

Parameter values are coded as real numbers, with differ8atf of the population and replacing it with a copy of the top half
ranges for each data type. Following [42] and [32], these 4]). No_<_:rossover (_)peratio_ns_are applied both on theoretical
[—16.0, 16.0] for the weights, [0.5, 5.0] for the time constant§no identifiable funcUong! units in the genotype and' phenotypg
and [-4.0, 4.0] in the case of the biases. The assignment fucture [45]) and empirical grounds (recent experimental evi-

these ranges is simplified by the spatial separation of the typgENce on lack of efficiency of crossover in this problem domain

similarly, different mutation rates and sizes can be applie 5)). ) ) )
While the former remains constant throughout the chromo-2) Evaluation of Controllers:Despite the complexity of
some, the differential implementation of the latter is necess edal Iocomotlon, it is possible to reduce the fithess function
due to the varying parameter value ranges. This is achieJi@dne following two components:
by using Gaussian distributions. Table Il shows the mutation 1) maximize distance travelled from origin;
sizes in form of standard deviations from mean zero. Values2) do not lower center of gravity below a certain height.
exceeding the allowed range are clipped to the maximally The first objective implicitly includes the locomotion com-
permitted level. (This is known to create disproportionatgonent, while at the same time rewarding walking in a straight
accumulations around the clipping points [43], which werdine rather than in circles (note that this would not be true for
however, found to be negligible in this work.) maximize overall distance travelled). The second goal com-
The mutation rate is calculated so as to cause on average bimes two further factors: it penalizes falling down as well
change per chromosome. Thus, for larger networks, an accaad- grotesque movements. (Much of the second point is al-
ingly lower rate per locus is applied. Together with typicallyeady prohibited by constraining the joint angles in the physical
small mutation sizes (see Table lll), this ensures that the ewvnedel.) To improve efficiency evaluations are terminated early
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Fig. 9. Preprocessing of two signal valuesgndb) resulting in final signal

values. Difference is divided by the sum of the two signal strengths to give a

stronger directional signal close to the sound source. This also causes the signal
: 1 4 3 ! to vanish with the biped facing the sound source.

Fig. 8. Motion sequence of biped controlled by top individual of generation
120 (see Fig. 6). Frame order is from left to right and top to bottom.

left ear

if they are unpromising, i.e., as soon as the second objective
is not met. Hence, the fitness function for a biped orzan
walking plane can be expressed as follows:

W = /(2 — 20)2 + (2 — 20)2 4)

whereW is the fithessg andz are the planar components of the
walker position, and is the time of the evaluation termination. o
Evaluations are started with all neuron activations setto zero and
with the biped set to an upright stance. One run is performed per
evaluation, with a maximum possible length of 50 s each.

Ill. RESULTS

Populations of randomly initialized individuals were evolved
according to the fithess criteria outlined above. In order to yield
meaningful statistics, 100 evolutionary runs were conducted,
each consisting of 120 generations. Fig. 5 shows the distrifiig- 10. Each node of RNN receives as input the preprocessed signakvalue
tion of the distances covered by the top individual of each run
in the last generation. For reasons of clarity, the distributio@é€ depicted in Fig. 7. Fig. 8 contains a biped motion sequence
for unsuccessful (unstable) and succesful (stable) controllers @féhe evolved controller.
shown separately. All controllers evolved in the course of the experiments

Evaluations of individuals in Fig. 5(a) were terminated prevalked in a straight line, a direct result of the fitness function
maturely because their center of gravity fell below the specifidd). Backward walking controllers were also evolved, albeit at
height (see Section 11-C2). Individuals of Fig. 5(b), on the othé lower frequency than their forward counterparts. The overall
hand, did not fall over in the given amount of time (50 s). Addidiversity of walkers was large; gaits differed markedly from
tional trials with such controllers showed them to be capable ®ch other both in terms of speed (as seen in Fig. 5) and use
Wa|k|ng for an indeﬁnite|y |Ong period_ They can therefore b@f limbs. Knee movements in particular showed considerable
regarded as stable. variation ranging from fully swinging to constantly extended.

The fraction of evolutionary runs leading to stable walkef¥loreover, several gaits displayed asymmetry, both in stride
was 10%, of which the average walking distance was 20.577I@fgth and limb use.

(¢ = 1.083). This compares to an average walking distance of _ ,

7.878 m ¢ = 4.352) for the unstable walkers. Fig. 6 shows thé" Efficiency of Evolutionary Runs

fithess graph of a run resulting in such a stable controller. TheThe fact that only 10% of evolutionary runs led to stable
neural activation patterns of the top controller in generation 12@lking appeared to indicate room for improvement. For the
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Fig. 11. Fitness graph of bipedal walking with sensory integration. Population was seeded with individuals from the run depicted in Fig. 7.

majority of unsuccessful controllers, analysis showed that t
little distance they did cover was controlled by the settling pha
of the recurrent net. We, therefore, added an additional fitne s
criterion that actively rewarded cyclic activity. This markedly
increased the proportion of successful runs (to 80%), butwas
reflected in a proportionate improvement of the overall time e _
ficiciency (i.e., successful controllers per processor cycle). T\%
reason for this lies in the fact that, even in the original configur:
tion, unsuccessful controller evaluations are aborted early (¢
Section 11-C2), thus, taking up only limited computational re
sources.

IV. INTEGRATING SENSORY INPUT 212
. . . X {m}
The controllers described in Section Il are purely

rhythm-generating structures. Although sufficient to proeig. 12. Trajectories of biped with sensory integration (two runs are shown).
duce stable walking behavior in a nonfluctuating environmerstignals are located at[3, —10] and [3,—10]. Run one: left. Run two: right.
they are not capable of dealing with rough terrain or responding
to external stimuli. In order to achieve this, sensory inp@ource at the time of termination (as caused by the conditions
must be integrated and the CPG activity modified accordinggutlined in Section 11-C2) or the natural end of the evaluation
A simple set of experiments was carried out to explore tiafter 50 s).
potential to integrate basic sensory input and will be described
NOW. A. Results
The biped is to walk toward the equivalent of a sound source.Fig. 11 depicts an evolutionary run with the population
It is equipped with two “ears,” the inputs of which are preproseeded with individuals from the run depicted in Fig. 6. The
cessed to give a single signal which becomes stronger with dgeaph is characterized by an initially strong increase in fitness,
creasing distance from the soufcen addition, the signal van- but it fails to reach the maximum fitness value of zero.
ishes when the biped is directly facing the source (see Fig. 9)As illustrated in Fig. 12, the controller succeeded in walking
The signal is fed into the CPG as depicted in Fig. 10. The poward the respective signal positions in the two runs. However,
ulation is initialized uniformly with clones of the top individualvisual analysis of the walkers made clear that the gait becomes
from the run depicted in Fig. 6. The CPG weights are clampeadhstable close to the respective signal sources. This is particu-
but the weights of the ten connections between the sensory ntatéy true for the second (right) run.
and the RNN nodes are under the control of the EA. At eachTo further investigate the ability of the sensors to modulate
evaluation, the biped starts from its default position and is prite net’s activity pattern as well as to examine the reasons for
sented successively with two sound source locations. Becatlse eventual instability, the neuronal activation patterns of the
the task is to approach the signal as closely as possible, thetfito runs were recorded and are represented in Fig. 13.
ness function is the negative distance of the walker to the soundhe activation graphs indicate that the turning behavior
2This approximation does not hold true when the biped is very close to tise at. leaSt. partly_ achieved by mOdU|at.ing the amplitude of
> right hip sagittal motor neuron (which controls the front

sound source (i.e., when the distance to the source is comparable with the di - ’ Aty
tance between the agent's ears). to back movement), with a decrease resulting in right (top
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Fig. 13. Neural activation graph of bipedal walking toward (a) right and (b) left signal. Only activation of right hip sagittal (i.e., front to lask)isehown.
(Other neural activations did not differ markedly from those of Fig. 7).

graph) and an increase resulting in left (bottom graph) turninigrge stride length. Humans, however, use the momentum of a
Additional experiments were carried out, including evolutioforward-swinging lower leg, which is energetically more favor-
of the behavior from scratch (i.e., unseeded populations) aalole [17].

evolution with seeded populations but with evolvable CPG The evolved controllers were further characterized by non-
weights. However, neither of these additional experimentapetitive activity cycles; instead, small fluctuations were ob-
series produced results superior to those documented aboveserved (see Fig. 7). Similar fluctuations have elsewhere been
found to contribute to the perceived realism of simulated lo-
comotive behavior [48]. Real bipedal walking contains fluctu-
ations in successive cycles and it is the lack of these that the

Despite an extremely simple fitness function, the EAuman eye picks upon in other artificial walking bipeds.
employed in this research was capable of producing stableThe preliminary experiments on the integration of sensory
straight-line walkers without the use of proprioceptive sensoiyput indicate that CPG activity can indeed be modified by ex-
input. EAs rely on evolvable systems and the gradual natuegnal stimuli in a meaningful way (Fig. 13). However, itis clear
of the fitness graphs (e.g., Fig. 6) indicates that the recurrehat the current sensory architecture is insufficient to modulate
networks used here can indeed be optimized in a continudhe biped’s behavior and retain stability. For example, the simple
gradual manner. This notion has recently been corroboratg@processing function causes large destabilizing fluctuations if
by Rendel [47], who has shown that the fitness landscafie biped is close to the signal source. This problem is further
underlying the current controller architectures is very smootimtensified by the lack of active balancing mechanisms. The in-
For example, it was possible to gradually modify the amplitudegration of proprioceptive (e.g., limb positions and velocities)
and period of specific motor neuron cycles without affectingnd vestibular (balance) inputis, therefore, a necessary next step
those of others. to achieve more interactive and robust behavior.

A further characteristic of the current setup is the ability to A question that was not systematically explored is in how far
create a large diversity of gaits, both in terms of speed and tiwe network size affects the efficiency of the approach, both in
use of limbs. Several gaits showed considerable similarity terms of search space as well as internal dynamics of the net.
human walking, although this was not specifically selected fadith the current architecture, a linear increase in the number of
A potential way to further increase the realism of the motionodes leads to an quadratic increase of the corresponding search
is to select for minimum energy expenditure (a simple meapace. A possible way to circumvent this problem is to employ
sure for this would be the average actuator activity). It is eidentical subnetworks for each leg. Such a constellation seems
pected that this fithess component will particularly reward the reflect the natural arrangement of coupled oscillators more
use of knees. In the current implementation, several controllerscurately [49], [50] and has been successfully used elsewhere
walked with extended legs because this is concomitant withrathe context of multilegged locomotion [42], [51].

V. DISCUSSION
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We would like to reiterate that the stable walkers arrived at [3]
did not require proprioceptive input to achieve stable walking
in a straight line. This corroborates results obtained elsewherg,,
[52] that show that mechanical walkers can attain stable
straight-line walking on a planar surface without active balance
control. While those bipeds were mechanically fine tuned 5
to exploit gravity as an energy source, the implementation
presented here relies on evolutionary optimization to fine tunel€l
active actuation. 7

We believe that the neuroevolutionary approach described[
here brings about several major benefits: 1) it is fully automated;!8]
hence, changes in morphology or actuator implementations can
be easily accommodated by reevolving the controllers; 2) the[9]
diversity of locomotive behaviors is large because the system
does not requira priori knowledge as to how to solve the con-
trol problem; and 3) the evolved controllers are computationally10]
very cheap (typically taking up 0.5% of the processing power re-
quired by graphics and physics).

[11]

VI. CONCLUSION [12]

We have demonstrated the suitability of an evolutionary
robotics approach to the problem of stable three—dimensionéjfsl
bipedal walking in simulation. The current implementation is
capable of walking in a straight line on a planar surface without4]
the use of proprioceptive input. However, the use of the latter
will become necessary to stabilize the biped on uneven terraiins]
or in response to directional changes. The neural controller
employed in this research lends itself to the incorporation of;g)
such additional input.

The quality of the results is expected to further improve by dtl
refined fithess function, as well as a shift toward coupled neural
oscillators instead of a single network. Furthermore, it is def18]
sirable to incorporate biomechanical knowledge about humaﬂ9
walking in order to make maximum use of the passive dynamics
of the bodies. These aspects are currently being implemented,

In theory, the results obtained here are directly transferabl&®!
to embodied robots. In practice, however, there are likely to be
complications due to a possible lack of accuracy of the physicg1l
engine. It remains to be seen whether this “reality gap” carpy)
be crossed with appropriate techniques such as noise envelopes
[26].

[23]
ACKNOWLEDGMENT

The authors would like to thank N. Pattinson, J. Worby, and
D. Raubenheimer for helpful discussions and the anonymoug4l
reviewers of a previous version of this paper for their helpful and
constructive comments. The authors would also like to thank Q25
Massey and W. WrayMathEnging for support concerning the
physics engine. [26]

REFERENCES

[1] R. D. Beer, H. J. Chiel, R. D. Quinn, and R. E. Ritzmann, “Biorobotic
approaches to the study of motor systen@ytrent Opinion Neurobio).
vol. 8, no. 6, pp. 777-782, 1998.

[2] J.-A. Meyer, P. Husbands, and |. Harvey, “Evolutionary robotics: A
survey of applications and problems,” Evolutionary RoboticsP.
Husbands and J.-A. Meyer, Eds. Berlin, Germany: Springer-Verlag,
1998, vol. 1468, Lecture Notes Computer Science, pp. 1-21.

[27]

(28]

167

A. Bruderlin and L. Williams, “Motion signal processing,” Proc. Int.
Conf. Computer Graphics and Interactive Techniques (SIGGRAPH)
Aug. 1995, pp. 97-104.

J. F. Laszlo, M. van de Panne, and E. Fiume, “Limit cycle control and
its application to the animation of balancing and walking,”Hroc.

Int. Conf. Computer Graphics and Interactive Techniques (SIGGRAPH)
Aug. 1996, pp. 155-162.

] J. K. Hodgins, “Three-dimensional human running,’Hroc. IEEE Int.

Conf. Robotics and Automatipwol. 4, 1996, pp. 3271-3276.

MIT Creatures [Online]. Available: http://www.ai.mit.edu/projects/
leglab/simulations/simulations.html

M. van de Panne, R. Kim, and E. Fiume, “Virtual wind-up toys for ani-
mation,” in Proc. Graphics Interfacel996, pp. 208-215.

K. Ogo, A. Ganse, and L. Kato, “Dynamic walking of biped walking
machine aiming at completion of steady walking,”"Rmoc. 3rd Symp.
Theory and Practice of Robots and Manipulatark. 5, 1978.

T. Kato, A. Takanishi, H. Jishikawa, and |. Kato, “The realization of
the quasidynamic walking by the biped walking machine,"Piroc.
4th Symp. Theory and Practice of Robots and Manipulatt®83, pp.
341-351.

A. Takanishi, M. Tochizawa, H. Karaki, and |. Kato, “Dynamic biped
walking stabilized with optimal trunk and waist motion,” iRroc.
IEEE/RSJ Int. Workshop Intelligent Robots and Systel889, pp.
187-192.

H. Miura and I. Shimoyama, “Dynamic walk of a bipedkit. J. Robot.
Res, vol. 3, no. 2, pp. 30-74, 1984.

J. Furusho and A. Sano, “Sensor-based control of a nine-link bijpad,”
J. Robot. Resvol. 9, no. 2, pp. 83-98, 1990.

J. Prattand G. Pratt, “Intuitive control of a planar bipedal walking robot,”
in Proc. IEEE Int. Conf. Robotics and Automatipheuven, Belgium,
1998, pp. 2014-2022.

J. Pratt, P. Dilworth, and G. Pratt, “Virtual model control of a bipedal
walking robot,” inProc. IEEE Int. Conf. Robotics and Automatiowusl.

1, Albuquerque, NM, 1997, pp. 193-198.

T. Mita, T. Yamaguchi, T. Kashiwase, and T. Kawase, “Realization of a
high speed biped using modern control theohgt! J. Control vol. 40,
no. 1, pp. 107-119, 1994.

Honda P3 Humanoid Robot [Online]. Available:
http://www.honda.co.jp/english/technology/robot/index.html

J. Pratt and G. Pratt, “Exploiting natural dynamics in the control of a
planar bipedal walking robot,” iRroc. 36th Annu. Allerton Conf. Com-
munication, Control, and Computinfylonticello, IL, Sept. 1998.

W. T. Miller, “Real-time neural network control of a biped walking
robot,” IEEE Control Syst. Magvol. 14, pp. 41-48, Feb. 1994.

] R. Brooks, “Artificial life and real robots,” ifProceedings of the First

European Conference on Artificial Lifé=. Varela and P. Bourgine,
Eds. Cambridge, MA: MIT Press, 1992, pp. 3-10.

P. Husbands and I. Harvey, “Evolution versus design: Controlling au-
tonomous robots,” ifProc. 3rd Annu. Conf. Artificial Intelligence, Sim-
ulation, and Planning1992, pp. 139-146.

R. Beer and J. Gallagher, “Evolving dynamical neural networks for
adaptive behavior,Adapt. Behay.vol. 1, no. 1, pp. 91-122, 1992.

D. Floreano and F. Mondadet al, “Automatic creation of an au-
tonomous agent: Genetic evolution of a neural network driven robot,”
in From Animals to Animats,3. C. Cliff et al, Eds. Cambridge,
MA: MIT Press, 1994.

S. Nolfi, D. Floreano, O. Miglino, and F. Mondada, “How to evolve
autonomous robots: Different approaches in evolutionary robotics,” in
Artificial Life IV, R. Brooks and P. Maes, Eds. Cambridge, MA: MIT
Press, 1994.

D. Floreano and F. Mondadeat al, “Evolution of plastic neurocon-
trollers for situated agents,” ifrom Animals to Animats,4. Maeset

al., Eds. Cambridge, MA: MIT Press, 1996.

P. Husbands, T. Smith, N. Jakobi, and M. O’Shea, “Better living through
chemistry: Evolving gasNets for robot contraGbnnection Scjvol. 10,

no. 3-4, pp. 185-210, 1998.

N. Jakobi, P. Husbands, and I. Harvey, “Noise and the reality gap: The
use of simulation in evolutionary robotics,” ikdvances in Atrtificial
Life: Proceedings of the Third European Conference on Artificial Life
J. Moran, J. Merelo, and P. Chancon, Eds. Berlin, Germany: Springer-
Verlag, 1995, Lecture Notes Computer Science.

I. Harvey and P. Husbandst al, “Seeing the light: Artificial evo-
lution, real vision,” in From Animals to Animats,3D. CIliff et al,
Eds. Cambridge, MA: MIT Press, 1994.

D. Floreano, S. Nolfi, and F. Mondada, “Competitive co-evolutionary
robotics: From theory to practice,” iffrom Animals to Animats

5. Cambridge, MA: MIT Press, 1998, pp. 515-524.



168

IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION, VOL. 6, NO. 2, APRIL 2002

[29] S. Nolfi, “Evolving nontrivial behavior in autonomous robots: Adapta- [47] M. Rendel, “The simulated evolution of central pattern generators,” Un-

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

[38]
[39]
(40]

[41]

[42]

(43]

(44]

[45]

[46]

tion is more powerful than decomposition and integration,Eirolu-
tionary Robotics: From Intelligent Robots to Artificial Lifd. Gomi,

Ed. Kanata, ON, Canada: AAl Books, 1997.

J. Gallagher, R. Beer, K. Espenschiel, and R. Quinn, “Application of
evolved locomotion controllers to a hexapod rob&gbot. Autonomous
Syst, vol. 19, no. 1, pp. 95-103, 1996.

F. Gruau, “Cellular encoding for interactive evolutionary robotics,” in
Proceedings of the Fourth European Conference on Artificial,Life
Husbands and I|. Harvey, Eds. Cambridge, MA: MIT Press, 1997.  [50]
N. Jakobi, “Running across the reality gap: Octopod locomaotion evolved
in a minimal simulation,” irEvolutionary Robotic0. Husbands and J.
Meyer, Eds. Berlin, Germany: Springer-Verlag, 1998, Lecture Notes
Computer Science.

T. Gomi and K. Ide, “Emergence of gaits of a legged robot by collab-
oration through evolution,” ifProceedings of the International Sym-
posium on Artificial Life and Robotics Berlin, Germany: Springer-
Verlag, 1997.

J. Kodjabachian and J.-A. Meyer, “Evolution and development of neural
networks controlling locomotion, gradient following and obstacle avoid-
ance in artificial insects,|IEEE Trans. Neural Networkssol. 9, pp.
796-812, Sept. 1998.

L. Rodgrigues, M. Prado, T. Tavares, K. da Silva, and A. Rosa, “Sim-
ulation and control of biped locomotion—GA optimization,” froc.
IEEE Int. Conf. Evolutionary ComputatipiNagoya, Japan, 1996, pp.
390-395.

H. de Garis, “Genetic programming: Evolution of time dependent neur
network modules which teach a pair of stick legs to walk,Pnoc. 9th.

Eur. Conf. Atrtificial Intelligence Stockholm, Sweden, Aug. 1990, pp.
204-206.

M. Mataric and D. ClIiff, “Challenges in evolving controllers for physical
robots,”Robot. Autonomous Systol. 19, no. 1, pp. 67-83, 1996. L
MathEngine [Online]. Available: www.mathengine.com

MathEngine SDK 1.x Code BodWathEngine PLC.

M. van de Panne and E. Fiume, “Sensor-actuator networks?taa.
Int. Conf. Computer Graphics and Interactive Techniques (SIGGRAP
1993, pp. 335-342.

R. Calabrese, “Cellular, synaptic, network and modulatory mechanisms
involved in rhythm generationCurrent Opinion Neurobio}.vol. 8, no.

6, pp. 710-717, 1998.

R.D. Beerand J. C. Gallagher, “Evovlving dynamic neural networks for
adaptive behavior,Adapt. Beh.vol. 1, no. 1, pp. 91-122, 1992.

S. Bullock, “Are artificial mutation biases unnatural?,” Rroceed-
ings 5th European Conference on Atrtificial Life (ECAL '99).
Floreano, J.-D. Nicoud, and F. Mondada, Eds. Berlin, German
Springer-Verlag, 1999, pp. 64—78.

W. D. Hillis et al, “Co-evolving parasites improve simulated evolutio
as an optimization procedure,” #rtificial Life I, C. Langtonet al,
Eds. Reading, MA: Addison-Wesley, 1992, pp. 313-324.

R. Watson, G. Hornby, and J. Pollack, “Modeling building-block inter
dependency,” ifParallel Problem Solving from Nature, \Eiben, Back,

(48]

[49]

[51]

[52]

Schoenauer, and Schweffel, Eds. Berlin, Germany: Springer-Verlz g

1998.

dergraduate Project, Univ. Oxford, Oxford, U.K., 2001.

B. Bodenheimer, A. V. Shlevman, and J. K. Hodgins, “The effects of
noise on the perception of animated human running,Piac. Com-
puter Animation and Simulation '99, Eurographics Animation Work-
shop 1999, pp. 53-63.

F. K. Skinner and B. Mulloney, “Intersegmental coordination in inver-
tebrates and vertebrate§€urrent Opinion Neurobio).vol. 9, no. 6, pp.
725-732, 1998.

S. Grillner, P. Wallen, and G. Viana di Prisco, “Cellular network under-
lying locomotion as revealed in a lower vertebrate model: Transmitters,
membrane properties, circuitry, and simulation,”Hroc. Cold Spring
Harbor Symp. Quant. Biglvol. 55, 1990, pp. 779-789.

A. lispeert, J. Hallam, and D. Willshaet al,, “From lampreys to sala-
manders: Evolving neural controllers for swimming and walking,” in
From Animals to Animats,5R. Pfeiferet al, Eds. Cambridge, MA:
MIT Press, 1998, pp. 390-399.

J. Adolfsson, Dankowicz, and A. Nordmark, “3-D stable gait in passive
bipedal mechanisms,” iRroc. 357 Euromeghl998.

Torsten Reil received the B.A. (honors) degree in

biological sciences from the University of Oxford,

U.K., in 1998 and the M.Sc. degre in evolutionary

and adaptive systems from the University of Sussex,

U.K., in 1999. He is currently working toward the

D.Phil. degree in theoretical biology with the Depart-
= ment of Zoology, University of Oxford.

He currently teaches courses in Atrtificial Life and
Neural Networks at the University of Oxford. His
current research interests include the dynamics and
evolution of complex biological systems such as

'-Bene regulation networks and central pattern generators.

Phil Husbandsreceived the B.Sc. degree in physics
from Manchester University, Manchester, U.K.,

in 1981, the M.Sc. degree in computer systems
engineering from South Bank Polytechnic, London,
U.K., in 1985, and the Ph.D. degree in com-

puter-aided engineering from Edinburgh University,

Edinburgh, U.K., in 1990.

He is currently Head of the Evolutionary and
Adaptive Systems Group at the University of
Sussex and Co-Director of the Sussex Centre
for Computational Neuroscience and Robotics.

P. Getting and M. Dekin, “Tritonia swimming. A model system for inte-His current research interests include evolutionary robotics, biologically
gration within rhythmic motor systems,” Model Neural Networks and inspired neurocontrol systems, computational neuroscience, and evolutionary
Behavior A.l. Selverston, Ed. New York: Plenum, 1985, pp. 3-19. computing.



	Index: 
	CCC: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	ccc: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	cce: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	index: 
	INDEX: 
	ind: 
	Intentional blank: This page is intentionally blank


