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Abstract-

This paper shows how Genetic Programming can be
applied to the task of evolving the neural oscillators
that produce the coordinated movements of human-like
bipedal locomation. In the research of biomechanical en-
gineering, robotics and neurophysiology, to clarify the
mechanism of human bipedal walking is of major inter-
est. It serves as a basis of developing several applications
such as rehabilitation tools and humanoid robots. Never-
theless, because of complexity of the neuronal system that
interacts with the body dynamics system to make walk-
ing movements, much is left unknown about the details
of locomotion mechanism. Researchers were looking for
the optimal model of the neuronal system by trialsand er-
rors. In this paper, we applied Genetic Programming to
inducethe model of the nervous system automatically and
showed its effectiveness by simulating a human bipedal
gait with the obtained model. Our experimental results
are preliminary but they show some promising evidences
for further improvements.

1 Introduction

A bipedal locomotion is one of the most important aspects of
the human body movement. Its control mechanism has been
extensively studied both in biological science and engineer-
ing, but many problems still remain unsolved in designing an
optimal controller of the biped gait to be adopted in the appli-
cations such as robotics and computer animation.

On the other hand, from basic neurophysiological exper-
iments it is known existence of a central pattern generator
(CPG) in the spina cord, which is an intra-spinal network
of neurons capable of producing rhythmic outputs. CPG is a
name given to a group of nerve cells in the centra nervous
system that interact to produce a coordinated pattern of sig-
nals that stimulate muscles to contract in sequence. In the
past research of biomechanical engineering, CPG has been
formulated as a set of neural oscillators to produce the pat-
terns of oscillations necessary for rhythmic movements such
as locomotion and swimming. Here, one neural oscillator is
represented with two sets of mutually inhibited neural ele-
ments. The important characteristics of the neural oscillator
is its ability to entrain to an incoming frequency. The self-
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excited oscillation of the neural oscillator is synchronized to
a certain frequency range of oscillation inputs.

In [4] it was shown that the simplified mechanica sys-
tem performed different modes of walking efficiently based
upon the oscillator model for generating severa locomotion
patterns. And, in [10] mathematical models of walking were
presented based on the theory asserting that the interaction
between rhythms generated by the neural and the musculo-
skeletal systems produces autonomous walking movements.

In the above systems, design of the neural oscillators was
carefully hand-tuned by the experts to achieve desired move-
ments. In[1] and [2] the method for autonomously determin-
ing optimal values of connection coefficients and parameters
for neural oscillators was studied using Genetic Algorithm.
However, in their studies the structure of neural system still
had to be predetermined by trial and error, which is quite of-
ten the most painful and time-consuming task for a human
designer of neural oscillators.

This paper reports the preliminary experimental results of
our research that aims to construct the neural network mod-
ulesfor generating bipedal walking without any human inter-
action. Since there is no systematic way to determine the
structure of the neural system that can generate a desired
walking movement, the evolutionary approach using Genetic
Programming (GP) [7] is applied to explore the space of pos-
sible neural networks.

From the beginning of GP research, evolving aneura net-
work has obtained much interest from researchers [6, 11].
In the research of evolutionary robotics, there are some
works that developed recurrent neural networks for control-
ling multi-legged (4-8) robot’s behaviors using evolutionary
algorithms and succeeded to outperform the controller de-
signed by a human expert [8]. Compared with multi-legged
walking which can easily stop (and start) without fear of
falling down, a bipeda walking is much more fragile with its
unstable limit cycle. Hence, asfar aswe know, there has been
no reported research attempt to devel op a bipedal locomotion
controller without human intervention.

In the next section, we briefly explain the biol ogical model
for bipedal locomation, and then show how we applied GP for
generating human-like walking patterns. The details of sys-
tem implementation and experimental results are then pre-
sented and analyzed for evaluation. The paper ends with a
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Figure 1: Interaction between Neuronal System and Body Dynamics

discussion of the results and proposals for future work.

2 Modd of Bipedal Walking

Neurophysiological studies on animal locomotion have re-
vedled that the basic rhythm of locomotion is controlled by a
rhythm-generation mechanism called the central pattern gen-
erator (CPG). Taga[10] and others applied the idea to human
bipedal walking and presented a theory asserting that global
entral nment between the neuron-muscul o-skel etal system and
the environment produces human walking.

The neurona system autonomously produces rhythmic
patterns of neura stimuli and the system of body dynamics
generates movements according to the rhythm pattern. Infor-
mation concerning somatic senses, such as information about
foot-ground contact and segment angle, is fed back to the
neurona system, and the rhythm pattern of neural stimuli
is regenerated based on this information. This theory holds
that thisinteraction between the neuronal system and the sys-
tem of body dynamics produces movement. Figure 1 showsa
schematic model of the interaction.

Computer simulations have shown that the walking move-
ment generated by this model can flexibly adapt to changesin
the environment, such as slopes and mechanical perturbations
that occur during walking. In our research, we constructed a
walking model based on this theory [10].

2.1 Model of Body Dynamics

In our study, the system of body dynamics in bipedal walk-
ing is modeled by 12 three-dimensiona rigid segments rep-
resenting feet, shanks, thighs, lower part of torso, upper part
of torso, upper arms, and forearms. This is the most basic
model representing the characteristics of human biped walk-
ing. Each foot is represented by atriangle of appropriate pro-
portions. The posterior point of the triangle represents the
heel where the foot-ground contact is made. The anterior
point of the triangle represents the heal of the first metatar-

sus where the foot-ground contact ends. The interaction be-
tween the foot and the ground is modeled as a combination of
springs and dampers. The ground reaction forces produced
by springs and dampers were assumed to act on four pointsin
each foot: two points in the heel and two points in the toe of
the foot. Passive joint structures such as ligaments are mod-
eled as nonlinear, visco-€lastic elements. The body dynamics
models is driven by 32 muscles for the entire body, as shown
in Figure2. And, the body parameters, such as segment mass,
used in the experiments are determined as summarized in Ta:
blel.

Figure 2: Body Dynamics Model
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Table 1: Body Parameters

Moment of Link Center of

Name Masskol | rertialkgm?] | lengthlm] gravity[m]
Upper torso || 29.482 16193 10876 03785
Lower torso || 8500 0.0425 0.0410 0.0500
Thigh 6523 0.1137 0.1157 0.0224
Calf 2.685 0.0301 0.0392 0.0029
Foot 0.837 0.0033 0.0030 0.0007
Upper am 1842 00133 00132 0.0022
Forearm 1513 00133 00133 0.0010

2.2 Model of Nervous System

We adopt the neural rhythm generator presented in [10] as a
mode of the nervous system. This neural system represents
arhythm generation mechanism with CPG and is modeled as
anetwork system consisting of a set of neural oscillators.

The dynamics of a single neuron can be expressed by the
differential equations asfollows:

Tl = —u; — Pu; +uo —wijy; + sig(fi), (1)
T, 0; —v; + Y, %)
y; = max(u;0) )

where u; istheinner state of the ith neuron; v; isthe state
variable representing the fatigue of the ith neuron; y; is the
output of the ith neuron; ug is the constant stimulus; ; and
7-; are time constants; and £ is the fatigue constant; w;; is
connection between neurons in a oscillator. f; represents the
sensory signals fed back from receptors as well as input sig-
nals from other neural oscillators. We call this feedback unit.
A feedback unit consists of signal information such as output
of neurons(y; - - - y24), joint angles, joint angles in standing
posture, angular velocities at joints and ground reaction force
of the leg. The range of output from a feedback unit is reg-
ulated using a sigmoid function sig(). Existence of the sig-
moid function is not biologically grounded, but it accelerates
finding promissing individuals at the early stage of evolution.
Figure 3 depictsthe above model of asingle neural oscillator.

Our model of the nervous system network is constructed
based on the following assumptions:

1. A neura oscillator consists of a pair of flexor and ex-
tensor neurons and each neuron produces a signal for
either flexion or extension motion of ajoint as shown
in Figure 3 [5]. A neurd oscillator exists for each de-
gree of freedom of the joint, and it is expressed by the
above differential equations. The neural oscillators are
able to generate the basic rhythm of joint movements
in walking due to their mutual inhibition. In our study,
the number of neural oscillators and their inner struc-
ture are fixed apriori.

2. We postulate sensory signals of inertial angles, angular
velocities, and somatic senses from sensory receptors.

Neural Oscillator
Kimura etc.(’ 98)

———Q Excited Connection
— @ Inhibitive Connection

Figure 3: Neural Oscillator

3. If an output signal of a receptor is connected or fed
back to a specific neural oscillator, the same output sig-
nal is input to both the flexor and extensor neurons.
This linkage is reciprocal. If one of the connections
isinhibitory, then the other connection is excitatory.

An example of the neural system based upon our assumptions
is shown in Figure 4. As shown in the figure, our model has
12 neura oscillators (24 neurons) corresponding to 12 joints
in our human body model.

The most difficult problem in constructing the neural sys-
tem based upon the above model isformulation of a feedback
network, which isthe way signalsfrom afeedback unit arein-
put to aneuron (i.e., f; intheequation (1)). Although neurons
within a single neural oscillator are known to be connected
reciprocally to each other, only little is known in the neuro-
physiological studies about which receptors and neurons in
different neura oscillators are connected and how they are
connected. Hence, in devel oping an artificial neural oscillator
system for bipedal locomotion, the feedback networks have
been developed by researchers and engineers in a trial and
error manner to generate a rhythmic movement that closely
matches a human walking pattern.

3 Evolving Neural System

Although the rigid properties of the body and the anatomi-
cal properties of the muscle are provided by analyzing body
mechanism, it seems to be extremely difficult to predict or to
predetermine the relevancy of feedback network in the ner-
vous system. As there exists no theory about how such a
nervous system can be constructed, we used the evolution-
ary approach as a method of choice for building the nervous
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system to control the body dynamics system.

Construction of the nervous system is modeled as a search
process for structure and parameters of the neural system.
Effectiveness of the constructed nervous system is evaluated
based upon the predefined criteria on the walking patterns ob-
tained in the simulation resulting from interactions among the
nervous system, body and environment. In this research, we
assumed that parameters and structures within asingle neural
oscillator are known and fixed, and we focused on creation
of the feedback networks between the neural system and the
body dynamics system.

In our model of the nervous system, aglobal feedback net-
work in the neural system is composed of 24 feedback net-
works. Thisis based on the assumption that each joint (i.e.,
each neural oscillator) has 2 feedback networks connected to
the flexor and extensor neurons. And a feedback network
at the joint has a reciproca value of the other. The global
feedback network can work consistently only when neura os-
cillators interact with each other cooperatively through their
feedback networks. In this paper, we apply GP with hetero-
geneous populations to evolve the global feedback network
of the nervous system by modeling each feedback network as
an independent population of GP individuals.

3.1 Generating Feedback Networkswith GP

GP is an evolutionary search algorithm which searches for
a computer program capable of producing the desired solu-
tion for a given problem. In a GP population, the individu-
als are hierarchical computer programs of various sizes and
shapes. And in this paper, individuals are s-expressions giv-
ing a desired feedback network. A run of GP begins with
theinitial creation of individuals for the population. Then, on

each generation of therun, the fithess of each individual in the
population is evaluated, then individuals are selected (proba-
bilistically based on their fitness) to participate in the genetic
operations (e.g., reproduction, crossover, mutation). These
three steps (fitness evaluation, selection, and genetic opera-
tions) are iteratively performed over many generations until
the termination criterion for therunis satisfied. Typically, the
best single individual obtained during the runis designated as
the result of the run.

Since we need to develop 12 feedback networks of neu-
ral oscillators (i.e., ahalf of 24 feedback networks due to the
reciprocal nature of feedback networks) to construct the ner-
vous system for human-like bipeda gait generation, our im-
plemented GP system has 12 distinct sub-popul ations, each of
which corresponds to breeding space for each feedback net-
work. Figure 5 depicts the schematic overview showing how
aglobal feedback network is evolved through our GP system.

Model of Bipedal Walking

Fitness

A

(Global Feedback Network

A

Merge

feedback network 1 feedback network 2 feedback network 12

Figure 5: Evolving Feedback Networks

Although each feedback network can be bred indepen-
dently within each sub-population of the GP system, fithess
of a feedback network cannot be evaluated separately from
the other feedback networks because the fitness should be de-
termined based upon the quality of movementsthat are gener-
ated by the interactions among neural oscillators through the
globa feedback network in the nervous system. Hence, fit-
ness of a single feedback network must be deduced from fit-
ness of the global feedback network. Thisis awidely known
difficult problem in multi-agent problem solving called credit
assignment, which is to determine the contribution of each
agent when making a solution in cooperation with other
agents. Although there have been many research activities
in GP that tackled to the problem [3], there is no generic
methodology for rational credit assignment. To avoid this
problem, we organize groups, each of which represents a
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globd feedback network and consists of individuals from all
sub-populations. The steps in the GP process (i.e., selection,
evaluation and genetic operation) are executed on the popula-
tion of groups. Thus, when agroup is selected based upon its
fitnessvalue, the al individualsin the selected group are bred
and the same genetic operator is applied to al the members
in the group. This is the smplest way of breeding hetero-
geneous populations with GP, but in the experiments of gen-
erating neura oscillators for bipedal locomotion it produced
some promising results.

4 Experiments

Generation of initial Popul ation

Construction of Neural Oscillators

|

‘ Synthesis of Walking Pattern ‘

|

‘ Calculation of Walking Ciriteria ‘

Termination
Criterion Satisfied?2

Sel ection, Reproduction,
Crossover, M utation

End

Figure 6: Flow of Implemented System

Based on the models of the neuronal system and the
musculo-skeletal system described in the previous sections,
weimplemented a system for three dimensional simulation of
human-like bipedal locomotion. The overview of the system
is presented in Figure 6. For constructing neural oscillators
used in the system, GP was used to find appropriate formula-
tion of afeedback network for each neuron, which can coop-
eratively synthesize human-like bipedal walking movements.

4.1 Details of Implemented System

We utilized and modified the lil-gp system [12] as the plat-
form for our GP implementation. Parameters used in the GP
system are shownin Table 2.

Fitness of aGP individual is decided by simulating move-
ments of human-like 3D model with the evolved neural os-
cillators. A walking pattern of the simulation was evaluated
with a criterion which combines the distance it could walk
before falling down and the number of steps it made while
walking. By changing the weight coefficients in the fitness

Table 2: GP Parameters

Fitness F = 10 x WalkingDistance +
100 x Steps
Number of Multiple Populations = 12
Each population size = 1000
Misc. Generations = 1000
Depth of tree= 15
Selection = greedy over-selection
Crossover
Probability 80%
Reproduction
Probability 10%
Mutation
Probability 10%
Termination . .
o Aft leting 8 walking st
Criterion er completing 8 walking steps

function, we could evolve varieties of walking patterns from

stepping to jumping.
Theterminal and function sets used to formulate feedback
networks in our experiments are summarized in Table 3.

Table 3: Terminals and Functions

n; output of neurons (24)
};’7’;2} absolute angles at each side (6)
Ry absolute angular velocities
{e.9,2} | at each side (6)
rf””’y’z]' relative angle at each joint (36)
Terminals {z,y,2} | relative angular velocities at
"i each joint (36)
sirt} contact sensory at each side (2)
9{x.y,-} | POsition of center of gravity (3)
J{ax.y,-y | velocity of center of gravity (3)
¢ ephemeral random constant
+, = X%,
|1 (whenz >0)
Functions Hiz) = { 0 (otherwise)
z (whenz > 0)
K@) = { 0 (otherwise)

As shown in Table 3, the number of terminals sums up to
121. Thisisby far avery largeterminal setintoday’s standard
of GP applications. But, since the neurophysiological study
have not clarified the details of the neuronal system that en-
ables bipedal walking in the human body, we could not select
the relevant set of terminals exclusively for our purpose but
had to use many terminas as plausible members of our ter-
minal set. Of course, the huge terminal set ruins efficiency
of the GP search process, but as afirst trial in this research,
we expected that given high performance computing environ-
ment the GP process could eventudly find useful terminals

1029


sonms
1029


Table 4: Specifications of Cluster Machine

CPU’s 533MHz or 433MHz Celeron
Number of PE 64

Memory 128MB/PE

NIC Fast Ethernet
Switching Hub 100 Base

(O] Redhat Linux 6.2
Library LAM/MPI

from the redundant terminal set and develop appropriate neu-
ral oscillators for walking movements. Hence, we configured
a cluster machine (Figure 7) for computing fitness of each
GP individual in parallel. Since calculating fithess requires
afull simulation of bipeda walking, distribution of the task
to many processing elements improved the efficiency of ex-
periments in a nearly linear fashion. Hardware and software
specifications of the cluster machine we built are outlined in
Table 4.

Figure 7: Cluster Machine

As a second approach to handle a huge terminal set, we
advocated adaptive terminal selection and showed its effec-
tiveness for the symboalic regression problems [9]. The adap-
tiveterminal selection method was ableto eliminateirrel evant
terminals from a redundant termina set by means of the in-
process terminal weighting mechanism. We plan to apply this
method to the problem of bipedal walking.

4.2 Experimental Results

The results of GP evolution were evaluated by simulating a
walking pattern with the evolved neural oscillators. In the
simulation, the equations (1 - 3) were numerically solved with
the Euler method. The integration interval for solving the

equations was 0.5 ms. The parameters in the equations such
as the time constants 7; were determined a priori so that they
could oscillate at arate of about 1 second per cycle.

As a preliminary study before full scale experiments of
evolving every neura oscillator of 12 joints, we tried evo-
lution of 1 neural oscillator. We chose to evolve a neural
oscillator of awaist joint because the waist is considered to
have an important role in human’s bipedal walking. Config-
urations of the other neural oscillators were derived from the
past research results [2], and the equations of the hand-tuned
feedback networks are as follows:

fo = 134.5054 (rY — rY) + 10.8311 (¥ — 7¥)
—(n2 + ng — nzg — ng)

2.3615r¢ — 1.3880 7Y, +0.7623 r§ s”
—1.0420 s" — 29.8467 1Y s"
—11.17777Y s" — (ng — ng)

~1.8263 Y s' +1.0680 1Y, s'

+3.3566 (s" — s" s' H(al, —a©))
—(na + ng3)

—3.8349 7Y 5™ 4 039.0429 7§ 5"
+4.3012 (Y —7¥) 8" — 5.0983 5"
+5.0983 (1.0 — s")/2.0 — (n2 + n3)
2.36157Y, — 1.3880 Y + 0.7623 1Y, s
—1.0420 5" — 29.8467 rY s
—11.1777 7Y s — (ny — n3)
—1.8263r}, s" + 1.0680r s”
+3.3566 (s' — s"s' H(a”, — d.))

—(ng + ng)

—3.8349 7Y, s' — 39.0429 1Y, s'
+4.3012 (Y, — Y,) s' — 5.0983 5"
+5.0983 (1.0 — 5') /2.0 — (ng + ng)
0.5y =057+ 1y +rf —rl} —ri,
—(ng + ng — ng — ng)

—901.2270 (g, — aj — 0.8711/20.0)
(1.0—s")K(—r¥ —r¥)

—232.2408 77 " — 27.3127 7% 5"
+89.7301 ay, (1.0 — s") K(—rf —r§)
—541.7639 g, (1.0 — s") K(—r¥ — 1Y)
—901.2270 (!, — g, — 0.8711/20.0)
(1.0 - Sl) K(—=r{, —r{y)

+232.2408 7% s' + 27.3127 7% '
—89.7301 4, (1.0 — s') K (—r{, —r,)
+541.7639 g, (1.0 — s') K (—r¥, —rY,)
—100.07% — 10.07% —10.0 7% — 7¢
—10.0rf —r{ —20.07§ + 10.07¥
+10.07¢ —10.07¥, —10.07Y,

fr =

fa =

fo =

fs =

fio =

fiz =

f14 =

fie =

fro =
f22 =
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Figure 8: Example of Emerged Walking Pattern (only a single neural oscillator of the waist joint was evolved using GP)

In the experiment, we could generate a human-like walk-
ing pattern which was compatible with the result of hand-
tuned neural oscillators as shown in Figure 8. Although the
resultant walking pattern was similar to that of the hand-tuned
neura oscillators, when we analyzed a formula of the waist
neura oscillator evolved with GP, we found it was quite dif-
ferent from the original formula (f, in the above equations)
described in [2], as shown in the following equation of the
feedback network:
foo = ((Go+7¢ + H(H(n21))((F; —113) — 1aris)

(7§ +7ri1) +riy —rg — H(H(n14) — H(H(n14)))
(9o +73)) + ((°5 + iy + H(H(n21))((F3 + 17
—H(n14)) (73 + 7'7)(7“2 +r7)) iy —rg -
H(ri3))(7{) — iy — oria) (75 +111) (73 +17))
M2r12)) + (gac + 75 + H(H(n21))((7; =73 —
M2T12)T12) + (riy — 1§ — H(H(n14)) —
H(H(n14))) (92 + 7)) (75 + iy + H(H (n14))
(1) =112 — (7} = ris = #1arT2)) (75 +17))
(rfs — 15.32862))) + H(z)H (x)r{,) — H(n14)

Hence, we predicted that there might be alarge possibility
that GP could evolve the better neurd oscillators for bipedal
locomotion than those ever developed by human researchers.

In full scale experiments, we evolved the entire neural os-
cillators with GP. In the experiments, so far we could only
succeed to generate 4 steps of walking as shownin Fig. 9. An
example of the evolved feedback networks are as follows:

fo = (s"+r5)K(ay) — H(r377;)

f2 = ((r3 +riy)nir — H(niz))H(K(r3))
fi = ajaynnify — Hr))(r§ + i)

fe = rignio+ K(ng)

fs = (s —r?) K(H(K(f,) + H(55)))

—(r5 + H(rg)) — (K (18.65870) + a,)

fio = K((ry —no) + H(r{))

fiz = ng+7y + K(rfy +ng) — H(al) — (na — ;)
fis = H(nig —#3) + H(i5,s") + K(no) + #{,al,
fie = 7rig — (rhaal, +7575) — noris(ge +n2)

fis = go+1ne—n1s

f0 = H(riy) + K(75) + (71 + gy)H(r3)

f2 = K(H(n1))ge

The resultant feedback networks are simple enough to be
further evolved for generating improved locomotion. Never-
theless, we need to make the evolution process more efficient
for the improvement. We think the following ideas are effec-
tive for producing more stable feedback networks:

¢ More sophisticated fitness function

The current fitness function eval uates only walking dis-
tance and steps, thus it tends to give a high score to ir-
regular walking movements such big jumping and rapid
vibration. By considering more biomechanical insights
on human walking such as walking frequency and step
width, the fitness function can direct GP search pro-
cess to evolve the desirable bipedal locomotion more
efficiently.

e Symmetric neural oscillators

Since a human body has a |eft-right symmetric geom-
etry and walking is left-right alternate movements of
the legs, we may safely assume that neura oscillators
for bipedal locomotion also have left-right symmetric
structures. If this might be the case, we can reduce the
number of neural oscillatorsfrom 12 to 8 and anticipate
amore stable walking pattern comes out of them more
efficiently.

5 Conclusion

In this paper, GP was applied to make a computer simulation
of bipedal locomotion. Using GP for constructing the ner-
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Figure 9: Example of Emerged Walking Pattern (all neural oscillators of 12 joints were evolved using GP)

vous system model for bipedd walking, we could automate
a tedious task of searching for appropriate parameter values
and network structures of neural oscillatorsthat cooperatively
work as CPG interacting with body dynamics for making a
human bipedal gait. Comparing with the past research activ-
ities which built the neuronal models in a hand-crafted man-
ner, our approach requires much less burdens from human
experts, thus enabling to produce a wide variety of walking
patterns for different body configurations efficiently. Hence,
our approach makes it affordable to utilize a flexible human
mode for generating locomotion patternsin several practical
applications such as rehabilitation planning and computer an-
imation. In the future work, we apply the adaptive terminal
selection method to reduce the GP search space by selecting
the relevant nervous attributes for bipedal locomotion, and
improve efficiency of the GP process for constructing amodel
of the neuronal system.
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