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Abstract

In this paper a bilaterally decoupledheuralcon-
troller wasusedto achieve stablelocomotionin a
6 DOF bipedrobotwith 5 links, implementedn
a virtual physics-basedgimulation ervironment.
The neuralcontroller consistsof anindependent
neuralrhythmgeneratofor eachleg. Therhythm
generatoris a recurrentneural network, whose
weightsareoptimizedby a geneticalgorithmand
areidenticalfor bothlegs. Eachonerecevesin-
puts only from its own joint angle sensorsand
touch sensoron the foot, and producesmotor
commandsor joints of thesamdeg. However, by
usingsensoryfeedbackrom the mechanicatou-
pling of the legsthroughthe body, they cansyn-
chronizeto producecoordinatedsteppingmove-
ments.Furthermorejmprovementsn the quality
of the gait canbe achievzed only with global sen-
soryinformation. Theresultssuggesthe possibil-
ity thattheremay not be a needfor explicit con-
tralateralsensorycoupling or neuralconnections
in bipedallocomotion.

1 Introduction

Neuralcontrol of humanlocomotionis not yet fully under
stood. Thereis strongevidencewhich suggestghat iso-
latedneuralcircuitscalledcentralpatterngeneratorgxistin
vertebrateso producerhythmic oscillatory patternswhich
coupledwith thedynamicsof thebodyproducdocomotion.
Experimentswith catshave shavn that a decerebratedat
canwalk on a treadmillwhensomepartsof the brain stem
are stimulated[10]. It hasalso beenshown that even in
the completeabsencef stimulusneuralcircuitsexist in the
spinalcordwhich canproduceoscillatorymotoroutputg4].
Similar resultshave beenfound in humans. In exper
imentswith newborn infantsit hasbeenshowvn that they
are capableof producingsteppingmovementswhen they
areheld upright[12]. Also, in experimentswith complete
adult paraplgic patients,it is shovn that they are ableto
producesteppingmovementsvhensupportedon a moving
treadmill[3]. Theseresultssuggesthatthesameneuralcir-
cuitswhich arecapableof autonomoushythmgeneratiorin
vertebratesnaybeinvolvedin humanbipedallocomotion.

Although computationalstudieshave shovn that small
neural circuits consistingof 2-6 mutually inhibiting neu-
ronsarecapableof suchautonomoushythmgeneratiod 7],
the half-centerhypothesisof centralpatterngeneratior{2]
is mostprevalentfor vertebrates.This proposeghat small
neuralunits of two reciprocallyinhibited “half-center’neu-
ronsareresponsibldor rhythmgeneratiorin eachjoint.

The half-centermodel of a CPG hasbeenimplemented
by Matsuokaasa setof differentialequationg6], whichhas
beenwidely usedin studiesof rhythmic movementgener
ation. Kimura et al [5] developeda neuralcontrollerfor a
guadrupedobot, consistingof one suchCPG for eachof
the hip andkneejoints. The hip CPGswere connectedo
eachother so that diagonallegs were paired. Tagaused
the Matsuokaoscillator in a similar neural controller for
bipedlocomotion,with asingleCPGconnectedo theflexor
and extensor musclesof each of the hip, knee and an-
kle joints. [11]. In this model, explicit phasedependent
connectionswvere introducedbetweenthe ipsilateral oscil-
lators, and permaneninhibitory connectionswvere imple-
mentedbetweercontralaterabscillatorsof eachjoint to en-
surephase-lockingn an anti-phaseelationship.However,
in a model of arm control using CPGsit was shavn that
phase-lockingcould occur only by sensingof mechanical
couplind13].

In this paper the goalwasto investigatevhetherexplicit
contralateralconnectionsas usedin the previous studies
on biped locomotion, are necessaryor phase-locking. It
was hypothesizedhat the mechanicaktoupling of the legs
throughthebodycouldbesuficientto coordinatehemove-
mentsof the two legs. To testthis, anindependenteural
rhythm generatowas usedfor eachleg of a 6 DOF biped
robot. Therhythmgeneratowasarecurrenneuralnetwork
with one hiddenlayer, which only received sensoryinputs
from one side of the body. The weights of the network
wereoptimizedusinga geneticalgorithm,asin the work of
Ogiharaet al[8], but the searchspacewas additionallyim-
proved usingmorphologicalparameter$l]. Two different
neuralarchitecturesvere tested: one with completebilat-
eral decouplingwhereonly sensoryinformationrelatedto
thelegswasavailableto eachrhythmgeneratorandanother
in which globalsensonjinformationrelatedto bodyattitude
wasalsoprovided. It wasshowvn thatin bothcasesthelegs
wereableto coordinatedespitethe absencef explicit neu-
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Tablel: Morphologicalparametersf the bipedrobot. A ul representsneunit lengthdefinedasthefive timestheradiusof
the sphericalsocletsat the hip andknees.A umrepresent®ne unit massdefinedasthe massof the samesphericalsoclet.
Therangef the parametersvhich vary underevolutionarycontrolareshovn in squarebraclets.

Index Object Dimensions Mass
1 Knees r=0.2ul lum
2 Hip soclets r=0.2ul lum
3 Feet r=0.4ul,w=0.8ul lum
4 Lowerlegs r=[0.04,0.16]ul,h=8ul [0.1,0.4Jum
5 UpperLegs r=[0.04,0.16]Jul,h=8ul [0.1,0.4]um
6 Waist r =[0.04,0.16]ul,w=8ul [0.1,0.4Jum
Index Joint Planeof Rotation Rangeof Motion
10 Knee sagittal —3 — 0 (radians)
11 Hip sagittal -7
12 Hip frontal —10 > 15

ral connectionandproducestablewalking.

The following sections,describethe biped robot (Sec-
tion 2), the neuralcontrollerswith bilateraldecouplingand
global sensing(Section3) andthe geneticalgorithm (Sec-
tion 4). Section6 presentghe main resultsof the experi-
ments,followed by Section7 which discusseshe results.
Section8 summarizesvith conclusions.

2 TheRobot

The robotis a 5-link biped robot with 6 degreesof free-
dom, simulatedin a real-time, physics-basedirtual envi-
ronment. The robot hasa waist, two upperleg and two
lower leg links asshown in Fig 1. Eachkneejoint, connect-
ing theupperandlower leg links, hasonedegreeof freedom
in thesagittalplane.Eachhip joint, connectingheupperleg
to thewaist, hastwo degreesof freedom:onein the sagittal
planeandonein thefrontal plane. Thesecorrespondo the
pitch androll motions.

The joints are limited in their motion with joint stops,
with rangesof motion closely resemblingthoseof human
walking. The hip pitch joint on eachside hasa rangeof
motion between—m/7 andx /7 degreeswith respecto the
frontal plane. The hip roll joint hasa rangeof motion be-
tween—n /12 andw /12, with respecto the sagittalplane.
The kneejoint hasa rangeof motion between—=/2 and0
with respecto the axis of the upperleg link to which it is
attached.

Eachof thejointsis movedby asimulatedorsionalactua-
tor. Theactuatorecevespositioncommandgrom thecon-
troller. It usesproportionalcontrolto determinghevelocity
of the link, with a relatively low maximumtorqueceiling.
Thetorqueappliedto actuatorss determinedy

1)

wheref is theactualjoint angle ¢4 is thedesiredoint angle,
Tmae 1S the maximumtorqueceiling, w = 6, and [ is the
feedbaclgain matrix.

Te41 = maz(I(w; — k(0 — 04)), Tmaz)

MathEnginePLC, Oxford, UK, www. mat hengi ne. com

This meanghatthe velocity of alink will be greaterthe
furtherit is from the commandedoint angleposition, but
if the force requiredto achieve this velocity is too large, it
will only applythemaximumforce. This mechanisnincor-
poratesa measureof complianceinto the system,andis in
accordancevith the capabilitiesof realworld actuators.

Figurel: Thebipedphysicalstructureandits six degreesof

freedom.Thelabelsindicatethejoint angleandfoot contact
sensorsThewidthsof the bipedlinks vary underevolution-

ary controlwithin therangeshonvnin Tablel.

3 Neural Controller

3.1 CompleteBilateral Decoupling

For the investigationof completebilateral decoupling,a
neural controller was designedwith an independentden-
tical neuralrhythm generatordor eachleg (Fig. 2). Each
rhythmgeneratomwasa recurrentneuralnetwork consisting
of aninput layerwith sensoryinput nodesanda biasneu-
ron,ahiddenlayerof 4 nodeswith lateralconnectionanda
seconcbiasneuronandanoutputlayerwith motoroutputs.
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LEFT LEG CONTROLLER

RIGHT LEG CONTROLLER

INPUT LAYER

HIP ROLL HIP PITCH KNEE
OUTPUT LAYER

INPUT LAYER

KNEE HIP PITCH HIP ROLL
OUTPUT LAYER

Figure?2: Bilaterally decouplecheuralcontrollerincludingonly joint angleandfoot contactsensorsTheinput nodesfor the
left leg controllerareLR: Left Hip Roll, LP: Left Hip Pitch,LK: Left KneePitch,LT: Left foot contactandthe outputsareto
theleft hip roll, hip pitch andkneejoints. For theright leg controllertheinputsareRR: Right Hip Roll, RP:Right Hip Pitch,
RK: Right KneePitch, RT: Right Foot Contactandthe outputsareto theright hip roll, hip pitch andkneejoints. B; andB,

arebiasnodes.
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Figure 3: Bilaterally decoupledneuralcontrollerenhancedvith global sensing.In additionto the nodesin the bilaterally
decouplectontrollerin Figure2, theleft leg controllerhassensoninput nodesfor WO: waistorientationin trans\erseplane,

WP: waistsagittalpositionand FP: left foot sagittalposition.
of theright foot instead.

The sensoryinputs of the network were from the biped
robot. The biped hasproprioceptve sensorsat eachjoint
whosevaluesare scaledto the range[—1,1]. It alsohas
hapticsensor®on the feet, which outputsl if thefoot is in
contactwith the groundand —1 otherwise. It is actuated
by torsionalactuatorsattachedo the six joints. Thus,the
neuralrhythm generatordiave 4 input nodes,onefor each
of the three proprioceptve sensorsand one for the haptic
sensorof a leg. They have 3 output nodes,one for each
of the actuatedioints of the sameleg. The input layer is
fully connectedo a hiddenlayer. The hiddenlayeris fully
and recurrentlyconnectedplus an additionalbias neuron.

For theright leg controllerthe input to FPis thefoot position

Thehiddenandbiasneuronsarefully connectedo thethree
neuronsn theoutputlayer. All neuronsn the network emit
asignalbetween—1 and1. Biasneuronsconstantlyemita
signalof 1. Theactivationsof thehiddenandoutputneurons
arecomputecby

a = iw”Oz (2)
=1

whereO; is the outputof a neuronin the previous layer.
In the hiddenlayer, however, O; representoththe output
from the input layer at the currenttime step,andthe output



from the hiddenlayer at the previous time step. w;; is the
weight of the synapseconnectinghem. The outputof this
neuronis thengivenby

2
0= l4+e@ 1 3
The valuesat the outputlayer arescaledto fit the rangeof
their correspondingoint’s rangeof motion. Torsionis then
appliedat eachjoint to attainthe desiredoint angle.

Therecurrentstructureof the hiddenlayerin the rhythm
generatomllows for lateralinhibition andthusthe intrinsic
capabilityof producingcyclic dynamics. The rhythm gen-
eratorclosely mimics the structureof the monolithic neu-
ral controllerusedin previouswork by Paul et al[9] for the
evolution of bipedwalking. This controllerrecevedinputs
from all joint angleandfoot contactsensorsn the samenet-
work, passedt onto arecurrentiddenlayerwith 3 nodes,
whichthenpassedt onto the outputlayerwith six outputs,
onefor eachjoint of the biped. The currentnetwork canbe
visualizedas the monolithic network “cut in half” (with a
few morenodesaddedo the hiddenlayer).

The singleleg neuralrhythm generatoicanalsobe con-
sidereda simplified versionof the ipsilateralleg controller
usedby Taga[11]. It allows for cyclic dynamics but with
reducedflexibility in the phaserelationshipsbetweenthe
joints, asthereare fewer oscillatory units and the connec-
tionsin the controllerare permanentaind not phasedepen-
dent. However, asthe focusof this studywasnotipsilateral
but contralateralcoupling, the complexity of the network
wassufiicient.

3.2 Bilateral Decoupling with Global Sensing

As the mechanicalcoupling of the legs determinesthat
movemenf eitherleg will influenceglobalvariablescorre-
spondingto body attitude,it washypothesizedhatinclud-

ing suchglobal sensoryinformationin the network could
improve the stability of the gait pattern. Thus, for this

testthe network describedn the previous sectionwasaug-
mentedwith threenew sensoryinputs (Fig. 3). A global

sensotof the orientationof the waistin the trarverseplane
(WO) was added,to detectdeviations of the bipedfrom a
straightline path. As the evaluationof a biped was ter-

minatedif the bipedveeredmorethan0.9 radiansfrom its

initial orientation,the orientationsensomproduceda signal
betweernin therange[0.0, 0.9]. Two moresensorsverein-

cludedfor the foot sagittalposition (FP) andwaist sagittal
position (WP), soif necessaryhe network could compute
thedifferencebetweerthetwo, anduseit to detecthephase
of thegaitcycle. Thesesensorproducedutputvaluespro-

portionalto positionwithoutfurthernormalization.Boththe

right andleft networksweregiventhethreesensowvaluesas
additionalinputs,sotheinputlayerconsistedf seveninput

nodesinsteadof four. As the networks wereidentical,the

global sensorvalueswere multiplied by the sameconnec-
tionsweightson bothsides,andhadthe sameeffectonright

andleft rhythmgenerators.

3.3 Initial Condition

At the beginning of the simulationall the joint anglesand
velocitiesof the bipedare 0, andboth hapticsensorsre 1.
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Thus,the sensoryinputsof theright andleft rhythmgener
atorsareidentical. As theweightsof the two rhythmgener
atorsarealsoidentical,identicaloutputsareproduced This
couldonly leadto two situations:standingin placeor hop-
ping, which are the two behaviors in which both legs per
form identicalmovements It would notleadto walking, as
thestartof walking is anasymmetrianotion: oneleg enters
swingphaseasthe otheronestayson theground.Thus,the
control of the startof walking hadto be performedexter-
nally to the network. In otherwords,the initial conditions
hadto bedeterminedsothatthenetwork would function. As
theinitial conditionsarecloselycoupledto theperformance
of the network, which is determinedby the weightssetby
thegeneticalgorithm,it wasalsonecessario letthegenetic
algorithmcontroltheinitial conditions.Thus,theinitial mo-
tor commanddor the actuatorsof the bipedin the first 10
stepsof the simulationare six valuesgeneratedy the ge-
neticalgorithm. Thenetwork takescontrolof the bipedafter
thistime haselapsed.

4 TheGenetic Algorithm

A fixedlengthgeneticalgorithmwasusedto evolve thecon-
trollers. Eachrun of the geneticalgorithmwas conducted
for 300generationsiysinga populationsizeof 200.

At the endof eachgenerationthe 100 mostfit genomes
werepresered;the othersweredeleted. Tournamentelec-
tion with a tournamensize of three,is employedto prob-
abilistically selectgenotypedrom amongthoseremaining
for mutationandcrosseer. 25 pairwiseone-pointcrossings
produces0 new genotypestheremaining50 new genotypes
are mutatedcopiesof genotypedrom the previous gener
ation. The mutationrate was setto generatean average
of seven mutationsfor eachnew genomecreated. Muta-
tion involvedthe replacementf a singlevaluewith a new
randomvalue. Eachgenomecontainsfloating-pointvalues
whichareroundedo two decimalplacesandrangebetween
—1.00 and1.00. In the optimizationof the fully bilaterally
decouplecheuralcontrollerthe genomeencode$1 synap-
tic weightsof the neuralnetwork, 3 morphologicalparame-
tersto determinghelink widths,and6 initial positioncom-
mands,and thus has a total length of 60 parameters.In
the controller with global sensingthe numberof synaptic
weightsincreaseso 63, andthegenomdengthto 72, dueto
thethreeadditionalinput nodes.

During evolution eachindividual is evaluatedfor 2000
time stepsof the dynamicssimulation. The initial condi-
tion for eachindividual at thefirst time stepis onein which
all joint anglesandvelocitiesaresetto zero. This resultsin
a fully uprightposture with all partsalignedin the frontal
plane andbothfeetatanequaldistancdromthetarget. The
evaluationis prematurelyterminatedf the centerof gravity
of thewaistdropsbelow the original vertical positionof its
kneeg(it falls) or if it “twists” too much,or if bothfeetlift
off the ground,(it startsto run). This third terminationcri-
teriawasaddedbecauséhe primary interestof this project
was to study walking, and not running gaits. At the end
of the evaluation,the distanceof the bipedtraveledin the
sagittalplane(determinedelative to its original position)is



No Coupling

Best Fitness

0 5‘0 1&0 15‘>0 2!;0 25‘0 SL“JO
Generations
Figure4: Bestfitnessin eachgenerationfor the six evo-

lutionary optimizationexperimentswith completebilateral
decoupling.

consideredts fitness.

5 Resaults

Six full evolutionaryoptimizationswere performedfor the

fully bilaterally decoupledcontroller, and the decoupled
controllerwith global sensing. Eachoptimizationran for

approximately3.5hoursona 1 GHz Pentiumill PC.Thus,
theresultspresentedelon arefrom approximateld0hours
of datacollection.

5.1 Complete Bilateral Coupling
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Figure5: Trajectoriesof the mostsuccessfubipedsin each
of the six experiments. (Some of the trajectoriesover
lapped.)

In the experimentswith completebilateral decoupling,
five outof six runsevolvedstablegait cycles. Thehistoryof
the bestfithessin eachof the experimentsis shown in Fig-
ure4. Thefinal fitnessin all the experimentdell in a small
rangeapproximatelyjpbetweery and10ul. Thegaitwasvery
similarin all thesecasesAn almoststraightleggedwalking
evolvedwith very smallstepsize,usingthe rocking motion
affordedby the cylindrical feet for groundclearance.The
gaitwasvery stable;althoughthe controllerwasevolvedto
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functionfor only 2000time stepsof thedynamicsimulation,
even after 5000time stepsmostof the bipedscontinuedto

walk, indicating that they had achieved a stablelimit cy-

cle. However, the trajectoriesoften veeredoff sidevaysas
shavn in Fig 5. Out of the five successfulvalkers,two had
trajectoriesvhich twistedtoo muchandthereforewerepre-
maturelyterminatedwith a low fitness. The threeothers,
alsohadtrajectorieswhich veeredoff the straightline path
to a certainextent althoughnot enoughto be terminated.
Theaveragdfitnessthereforeafter5000time stepsof all the
experimentsvas15.6,althoughthe bestwas24.34.

Figure6: PhysicalStructureof thebipedwhich achievedthe
highestfitnesswith completebilateraldecoupling.
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Figure7: Foot placementistory of the bipedwith highest
fitness.Eachfootprintis representetly ao.
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Figure8: Footstepof the bipedwith highestfitness. Dark
linesindicatethatthefootis in contactwith theground.The
lengthof theline indicateghedurationof time for whichthe
foot wasin contactwith thegroundin onestep.



Thebestagentevolvedin this setof experimentds shavn
in Figure6. It hadalower leg width of 0.056ul, anupper
leg width of 0.097ul, anda waistwidth of 0.62ul. It used
initial joint anglepositionsof [-0.57,0.50,0.62,0.21,0.10,
0.93] for the left knee,left hip roll, left hip pitch, right hip
pitch, right hip roll andright kneejointsrespectiely. Figure
7 shows this biped's foot placementistory. It canbe seen
thatits trajectoryis slightly curved, althoughtherearelong
periodsof stablealternatingstepping.In Figure8 thelength
of time duringwhich eachfoot is in contactwith theground
is plotted. It canbe seenthatits stepdurationis basically
symmetricandalternatesegularly althoughthe left foot is
in contactwith the groundfor slightly longertime intervals
thantheright foot. Thisasymmetrycouldbeaconsequence
of the particularinitial conditionssetby evolutionaryalgo-
rithm for this biped.
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Figure9: Steadystatephaseplots of thejoint anglesof the
bipedwith highestfitness.Thex-axisplotsé andthey-axis
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Figure10: Motor NeuronActivationsof theRightHip Pitch,
Hip Roll andKneejoints, of the bipedwith highestfitness.

ThP-11-2

No Coupling, Global Sensing
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Figure1l: Bestfitnessin eachgenerationfor the six evo-
lutionary optimizationexperimentson bilateraldecoupling
with globalsensing.

Themeasuref stability of thisbipedsgaitcanbegauged
in the steadystatephaseplots of the joint anglesshawn in
Figure9. The phaseplots of the pitch androll degreesof
freedomat both hip joints shav closedorbits with a high
degreeof regularity indicatinga stablelimit cycle. Theknee
phaseplots alsohave closedorbits but they aremoreirreg-
ular anda closerlook at the 8 axis indicatesthatthe orbits
spanavery limited rangeof positionsandvelocitiescloseto
zero,indicatingthatthe kneesdid not move muchatall. It
basicallyseemshatthe controlleractively lockedthe knee
at 0°, in orderto usethe straight-lgggedgait. Figure 10
shavs the motor neuronactivity for the threejoints of the
right leg. All threemotor neuronsshav regular oscillatory
patternsalsoindicative of a stablelimit cycle.

5.2 Bilateral Decoupling with Global Sensing

In this setof experimentsthe fithessgraphsafter 300 gen-
erationswere similar to the caseof completebilateral de-
couplingasseenin Figure 11. However, on running each
of the bipedsfor 5000 time stepsit was found that all of
themhadevolvedstablewalking. Moreover, the bipedshad
achievedahigh degreeof directionalcontrolsothatmostof
thetrajectoriesveremoreor lessstraight,asseenin Figure
12. The gaitsevolved werequite similar to thoseobsened
in the previous setof experiments:straightleggedwalking
with smallstepsizeandrockingfor groundclearanceHow-
ever, sincethetrajectoriesvereall straight,noneof theruns
hadto be prematurelyterminated.This yieldeda high aver-
agefitnessof 19.14,with abestfitnessof 25.1.

The bestagentevolved in this setof experiments,had
lower leg width 0.057ul, upperleg width 0.1 ul, andwaist
width 0.13ul asshawn in Figure13. It usedinitial joint an-
gle positionsof 0.00,-0.03,0.62,-0.78,0.61,and0.00for
theleft kneeleft hip roll, left hip pitch, right hip pitch, right
hip roll andright kneejoints respectiely. Figure14 shavs
the bipedsfoot placementistory over 5000time steps. It
canbe seenherethat after a transientphasewherethe foot
placements irregular the biped settlesdown into a stable
straightline trajectory Figure 15 shows the corresponding
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Figure 15: Footstepsof the biped with the highest fit-

1 ness.Dark linesindicatethatthefoot is in contactwith the
ground.Thelengthof theline indicateshedurationof time
of ] for which the foot wasin contactwith the groundin one
step.
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Figure 12: Trajectoriesof the most successfubipedsin o o
eachof the six experiments.(Someof thetrajectoriesover . .
lapped.)
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Figure16: Steadystatephaseplotsof thejoint anglesof the

Figure 13: PhysicalStructureof the bipedwhich achieved bipedwith highesffitness. Thex-axis plotsf andthey-axis

thehighesffitnesswith bilateraldecouplingandglobalsens-
ing.
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Figure 14: Foot placementhistory of the biped with the

highestfitness.Eachfootprintis representedy aco. Figure17: Motor NeuronActivationsof theRightHip Pitch,
Hip Roll andKneejoints of the bestbipedwith highestfit-

foot stepdurationsof the bipedduring a brief time interval. Ness.

As in the previous casethe foot stepsareregularly alternat-

ing in time. It is interestingthatonceagainthereis aslight  for all thejoints, asobsenedin Figure16. The stability of

biastowardsthe left foot beingon the groundlongerthan  the hip pitch androll limit cyclesis comparabléo the case

theright. However, in this casethe differenceis smaller of completebilateral decoupling. The kneelimit cycle is
The stability of the limit cycle is onceagainquite high more stablein this case. The motor neuronoutputsshavn



in Figure17 have a moreroundedshapecomparedo those
of the bipedwith completebilateral decoupling. It seems
thattheglobalsensingallowedthe controllerto improvethe

smoothnes®f the motor neuronoutputsand increasethe

stability of thegait.

6 Discussion

Theresultsshovedthata bilaterally decouplecheuralcon-
troller could leadto synchronizednotionsof theright and
left legsto produceto stablelocomotionin a 6 DOF biped,
usingmechanicatoupling. Furthermorethe directionality
andstability of the gait couldbeimprovedwithoutthe need
for explicit connections,only using global sensing. The
guestionarisesof whethersucha neuralarchitecturecould
be biologically plausiblefor humanlocomotion. It is cer
tainly moreplausiblethananarchitecturevhich wasfound
to be equallysuccessfuin previousexperimentgwhosere-
sultscouldnotbepresentedheredueto spaceconstraints)n
whichtwo identicalneuralrhythmgeneratorgachreceved
sensorynputsfrom sensor®n bothleft andright sides.The
currentnetwork achiezesalmostidenticalperformancevith
muchfewer afferentconnectionsHowever, the questionof
whethersuchaneuralarchitecturés morebiologically plau-
siblethanacontrollerwith explicit connectionsn theneural
controller is more difficult to answer As all the oscilla-
tory unitsarebelievedto belocatedin the spinalcord, it is
likely to berelatively cheapfor the systemto have connec-
tions betweenthemif it leadsto greatlyincreasedstability
and robustness. It would be necessaryo perform further
testsof robustnesson decoupledcontrollersto determine
whetherbilateralcoordinationthroughmechanicatoupling
andglobal sensings equialent,inferior to, or superiorto
having explicit neuralconnectionsn the controller
Anotherissueis thatin the experimentsthe bipedshave
cylindrical feet orientedparallel to the sagittal plane, en-

ablingthemto exploit therockingmotionfor foot clearance.

Althoughit would be desirableto have a more human-lile
gait, thestraightleggedwalking doesnotin itself reducethe
biologicalplausibility of the neuralarchitectureasthe anti-
phaserelationshipsalreadysensedor the hip movements
throughmechanicatouplingcould be propagatedia ipsi-
lateralconnectiongo thekneesandankles.

However, in theseexperimentshe bipedhasé DOF and
rigid ankles,ascomparedo 12 DOF or morein thehuman
lower body. Also, the motoneuroroutputsareusedto con-
trol desiredangleandnot muscleforce. Thus,it is a highly
simplified bioroboticplatform. To make a strongerbid for
biologicalplausibility theresultswill haveto beextendedo
amoreanthroformsimulationin futureinvestigations.

7 Conclusions

In this paperit is showvn thata bilaterally decouplecdheural
controller, consistingof two identicalneuralrhythm gener
atorswhich eachreceve sensoryinputs from one side of
the body, is capableof producingstablelocomotionin a
6 DOF bipedrobotin simulation. The bilateral coordina-
tion is achieved via sensingof the mechanicatoupling of
thelegs throughthe body, to achierse stablestraight-leggged
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locomotion. Directional control canbe improved only us-
ing globalsensing.Theseresultsarein contrasto previous
studieswhich have suggestetheneedfor explicit contralat-
eralconnectionsn the neuralcontrol of bipedlocomotion.

8 Acknowledgments

Theauthorwould like to thankDr. Rolf PfeiferandFumiya
lida for theirinput on thiswork.

References

[1] Bongard,J. and C. Paul Making Evolution an Offer
It Cant Refuse:Morphologyandthe Extradimensional
Bypass,n Proc. SixthEuropeanConfeenceon Artificial
Life, PragueCZ. (2001)

[2] Brown, T. G. Onthenatureof thefundamentahctivity
of the nenwouscenters;togetherwith an analysisof the
conditioningof rhythmic actiity in progressionand a
theoryof theevolution of functionin the nervoussystem.
Journal of Physiolay, London48:18-46(1914)

[3] Dietz, V., Colombo,G. andL. Jensen.Locomotorac-
tivity in spinalman.Lancet 344:1260(1994)

[4] Grillner, S. NeurologicalBasesof Rhythmic Motor
Actsin Vertebrate$Science228:143(1985)

[5] Kimura, H., FukuokaY., KonagaK., HadaY. andK.
Takase Towards3D Adaptive Dynamic Walking of a
QuadrupedRoboton Irregular Terrainby Using Neural
SystemModel in Proc. Int. Conf on Intelligent Robots
and SystemaMaui, USA, Oct (2001)

[6] MatsuokaK. Sustainedscillationsgeneratedy mu-
tually inhibiting neuronswith adaptationBiological Cy-
bernetic$52:367-376(1985)

[71 Matsuoka,K. Mechanismsf frequeng and pattern
control in neuralrhythm generators Biological Cyber
netics 56:345-353(1987)

[8] Ogihara,N. andYamazaki,N. Generationof human
bipedal locomotion by a bio-mimetic neuro-musculo-
skeletalmodel Biological Cybernetics84:1-11(2001)

[9] Paul,C. andJ.C. Bongard The RoadLessTravelled:
Morphologyin the Optimizationof Biped RobotLoco-
motion, inProc.Int. Conf onIntelligentRobotsand Sys-
temsMaui, Hawaii, USA, 2001

[10] Shik,M. L., Severin,F. V. andOrlovskii G. N. Control
of walking andrunningby meansof electricstimulation
of themidbrainBiofyzikg 11:659,1966

[11] Taga, G., YamaguchiY. and H. Shimizu. Self-
organizedcontrol of bipedallocomotionby neuraloscil-
latorsin unpredictableenvironmentin Biological Cyber
netics 65, pagesl47-159,1991.

[12] Thelen,E. andL. B. Smith A Dynamic SystemsAp-
proachto theDevelopmenbf CognitionandAction MIT
Press 1994

[13] Wwilliamson,M. M. RhythmicRobotArm Control Us-
ing Oscillators,In Proc. of IEEE/RSJnt. Conf on Intel-
ligentRobotsand System¥/ictoria, pp.77-83,(1998)



	amam: Proceedings of the 2nd International Symposium
on Adaptive Motion of Animals and Machines,
Kyoto, March.4-8, 2003
	paper-no: ThP-II-2


