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Abstract— A challenging task that must be accomplishedfor
every leggedrobot is creating the walking and running behaviors
neededfor it to move. In this paper we describe our systemfor
autonomouslyevolving dynamic gaitson two of Sony'squadruped
robots.Our evolutionary algorithm runs on board the robot and
usesthe robot's sensorsto compute the quality of a gait without
assistancefr om the experimenter. First we show the evolution
of a pace and tr ot gait on the OPEN-R prototype robot. With
the fastestgait, the robot movesat over 10m/min., which is more
than forty body-lengths/min.While these�rst gaits are somewhat
sensitive to the robot and envir onment in which they are evolved,
we then show the evolution of robust dynamic gaits, oneof which
is used on the ERS-110,the �rst consumer version of AIBO.

Index Terms— genetic algorithm, evolutionary algorithm, dy-
namic gaits, evolutionary robotics, leggedrobot, leggedlocomo-
tion, quadruped robot

I . INTRODUCTION

DEVELOPINGlocomotioncontrollersfor leggedrobotsis
aproblemthathasbeenstudiedfor over twentyyearsata

varietyof differentresearchgroups(suchas:Sony, [6]; Honda,
[10]; and the University of Tokyo, [4] and [23]) and on a
varietyof differentplatforms(1-legged,2-legged,4-legged).In
mostprojects,thegaitsarestaticandprogrammedby hand(for
surveys see[21] and[20]). Herewe describeour work in the
autonomousacquisitionof dynamicgaitsusinganevolutionary
algorithm(EA).

A system for automatically generatingdynamic gaits is
especiallyimportantfor theentertainmentrobot industryfor a
numberof reasons.Whenan entirelynew entertainmentrobot
is constructedit is necessaryto producegaitsfor it, andthese
new gaitsneedto becreatedquickly so thatothermembersof
thesoftwaredevelopmentteamcanusethegaitsin developing
higher-level behaviors. Similarly, to createa personalityfor a
robot it is useful to be ableto continuouslygeneratea variety
of differentstylesof gaitsfor it. Also, in theprocessof going
from a prototypeto a consumerversion of a robot, several
different versionsof a given robot are created.Each one of
theseprototypeshasslightly differentphysicalcharacteristics
and a methodfor automatingthe tuning of pre-existing gaits
to new versionsof a robot is extremelyuseful.Finally, we are
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Fig. 1. Sony's entertainmentrobots:(a) OPEN-Rprototype;(b) ERS-110.

interestedin an autonomousprocessfor developing gaits as
partof a gait-learningbehavior to matchthearti�cial maturing
processthat comeswith the consumerversionof our robots.

For themostpart,previouswork in thedevelopmentof gaits
for real robots has either requiredassistancefrom a source
external to the robot or has focusedon acquiring a static
gait in simulation that was later transferredto the physical
robot.On actualrobots,EAs have beenusedto evolve neural
network controllersfor a six-leggedrobot [16] and an eight-
legged robot [9]. In both casesthe experimenterevaluated
the performanceof a gait by measuringthe distancetraveled
and entering this result into the computerrunning the EA.
Onecaseof a robot evaluatingitself is Genghis,a six-legged
robot which learneda tripod gait [18]. There the learning
algorithm usedfeedbackfrom a wheel that was attachedto
the end of the robot to adjust the parametersof a behavior-
basedcontroller. More commonis theevolution of controllers
in simulationthat are later transferredto the real robot: such
as neural networks for a six-legged arti�cial cockroach[7],
[8] and an eight-legged OCT1 [14], and a binary string of
on/off �ags for powering the nitinol actuatorsof a Stiquito
II [19]. Similarly, reinforcementlearning has been used to
train neuralnetworks for a bipedrobot �rst in simulation,and
later to �ne-tune thenetworkson theactualrobot [3]. Finally,
EAs have been used to evolve both the morphology and
controllerof crawling robots[17] andmodular, walking robots
[13] in simulation, with theserobots then constructedand
shown to work in reality. Yet evolution/learningin simulation
is not always feasiblebecausethe level of �delity may not
be attainable(such as for actuatorsor pliable parts) or may
requirelarge amountsof computationalpower (suchas �uid
dynamicssimulatorsfor underwaterrobots).
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In this paper we describea systemfor the autonomous
acquisition of dynamic gaits for two versions of Sony's
entertainmentrobots. The systemfor developing gaits uses
an EA to optimize a vectorof parametersthat specifya gait.
All processingis handledby the robot's onboardprocessor
andeachsetof gait parametersis evaluatedusing the robot's
sensors.First we describe the evolution of pace and trot
gaits with the OPEN-R prototype(�gure 1.a), and then the
developmentof a robust trot gait on its successor, the ERS-
110, which is more commonly known as the �rst AIBO1,
(�gure 1.b). Not only doesour implementationsuccessfully
evolve dynamicgaits for both of our quadrupedrobots – in
bothcasesevolving bettergaitsthanweredevelopedmanually
– but one of the evolved gaits is usedin the �rst consumer
versionof AIBO.

The rest of this paperis organizedas follows. In the next
sectionwe describethe two quadrupedrobots,the locomotion
module, the evolutionary algorithm and the procedureby
which a robot evaluatesits performance.In sectionsIII and
IV we presentanddiscussthe resultsof our experiments.The
�nal sectionis a summaryandconclusionof our work.

I I . METHOD

The two robotsusedin theseexperimentsare the OPEN-R
prototype,which is thepre-AIBO entertainmentrobot,andthe
ERS-110,the �rst consumerversionof Sony's entertainment
robot AIBO. Gaits on both robots are controlled by the
locomotionmodule,whichusesa setof real-valuedparameters
to specifya gait. To autonomouslyacquiregaitsan evolution-
ary algorithm optimizes gait parametersby sendingsets of
parametersto the locomotionmoduleand thenevaluatingthe
resulting performanceusing the robot's onboardsensors.In
thissectionwedescribe�rst thetwo robotsandthelocomotion
module followed by a descriptionof the evolutionary algo-
rithm andthe methodfor evaluatinga setof gait parameters.

A. RobotPlatform

Both robots usedin theseexperimentshave over a dozen
degreesof freedomand various sensors.Fifteen degreesof
freedomcomefrom actuatorsin the headand the four legs,
each of which has three degreesof freedom. The OPEN-
R prototype (�gure 1.a) has a tail with a single degree
of freedom, giving it a total of sixteen, and the ERS-110
(�gure 1.b) hasa two-degreeof freedomtail andtwo actuated
ears,eachwith a single degreeof freedom,giving it a total
of nineteendegreesof freedom.Both robots have a micro-
camera,stereo microphone,position sensitive device, and
touch sensorslocated on the top of the head and on the
bottom of eachleg. The robots' body housesthe CPU and
battery as well as a gyroscopeand accelerometers.See[6]
for a more detaileddescriptionof the robots' hardware and
softwarearchitectures.

1AIBO is a registeredtrademarkof Sony Corporation.

B. LocomotionModule

Thelocomotionmoduleis thesoftwaremodulethatcontrols
the movementof the robot's legs to perform different gaits.
A gait is de�ned by a vector of real-valuedparametersthat
are usedby a mathematicalfunction of sinesand cosinesto
obtain a cyclic movementof the bottom of eachleg. Using
the dimensionsof the robot's physical form and threekinds
of coordinatesystems– for the ground,the robot's body and
onefor thebottomof eachleg – thedesiredjoint anglesfor the
threejoints in eachof thelegsarecalculated.Thejoints in each
leg arecontrolledby a specialASIC chip andits currentangle
is sensedwith apotentiometer. Every8msthesoftwaresetsthe
target joint position and PID gain value for eachjoint based
on the gait parametersand then the ASIC chip calculatesthe
outputto themotorto drive thejoint to make its positionerror
zero.This reducesthe problemof developinga gait to that of
�nding a setof parametersfor thelocomotionmodule.In total,
the locomotionmoduleusessixty-onereal-valuedparameters
to de�ne a gait.

1) TheLocomotionModuleon theOPEN-RPrototype: The
�rst versionof the evolutionary algorithmran on the OPEN-
R prototypeand searcheda spaceof twenty parametersby
settingsomeof the sixty-oneparametersfor the locomotion
moduleto �x edvalues(eg. settingbody roll orientationto

���

)
andusing the samevalue for multiple parameters(eg. setting
the swing time for each leg to be the same).Thesetwenty
parametersare listed in tableI. They specifythe positionand
orientationof the body, the swing path and rate of swinging
of the legs, theamplitudeof oscillationof thebody's location
and orientation,and how the gain varies during the course
of a swing cycle for each leg. With a set of parameters,
the locomotionmodulemoves the OPEN-RPrototypein any
speci�ed two-dimensionaltranslationand rotation– although
for our experimentswe testtheOPEN-Rprototypeonly on its
ability to move forward.

TABLE I

GAIT PARAMETERS FOR THE OPEN-R PROTOTYPE

parameter unit initial range besttrot bestpace
body centerx mm. 85 - 95 82.7 89.2
body centerz mm. -5 - 5 6.2 -2.0
body pitch degrees -5 - 5 -11.3 3.2
all legs y mm. 5 - 25 10.6 10.0
front legs z mm. 24 - 40 24.7 25.0
rear legs z mm. 15 - 29 24.3 25.3
steplength n.a. 80 - 220 152 182
swing height mm. 15 - 29 19.6 29.5
swing time ms. 200 - 400 421 222
swing mult. n.a. 1.5 - 2.5 2.4 1.7
switch time ms. 500 - 900 799 617
ampl. body x mm. -2 - 2 0.6 -0.4
ampl. body y mm. 0 - 20 10.3 5.1
ampl. body z mm. -2 - 2 0.7 -1.3
ampl. yaw degrees -2 - 2 -2.9 1.6
ampl. pitch degrees -3 - 3 -0.4 3.7
ampl. roll degrees -3 - 3 2.2 0.4
min. gain n.a. 25 - 175 103 101
shift degrees 60 - 120 64 125
length degrees 90 - 150 117 103
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Whereasthe �rst seventeenparametersareusedto specify
the trajectoriesof eachleg, the last threeparametersareused
to smoothenthemovementof therobotby varyingthegainof
the leg motorsduring the movementcycle. The �rst of these
last threeparameters,min. gain, speci�es the minimum gain
to use– themaximumvalueis �x edto themaximumpossible.
Thesecondparameter, shift, speci�eswhenin theswingcycle
to start reducingthe gain. The third parameter, length, is the
durationover which thegain is reducedfrom themaximumto
the speci�ed minimum andthenbackto maximumfollowing
a sin wave:

���������
	����
����	����
��	���������������� �"!#��$�%&�('*)+��,-%��.,/)���021 � � (1)

The leg phasestartsat
� �

swinging forward and up, at �&3

� �

it starts to swing backward, and at 465

� �

it is back at the
beginning of the cycle. For example,with the pacegait, legs
on the sameside of the body have the sameleg phaseand
legs on the oppositesideof the body are �&3

� �

out of phase.
2) The Locomotion Module on the ERS-110: Based on

our experiencefrom runningexperimentswith the �rst setof
parameterson theOPEN-RPrototype,a new setof parameters
was used with the ERS-110(table II). Gain variation was
removedbecausethenew locomotionmodulefor theERS-110
did not supportit. Parameterswere addedto allow different
trajectoriesfor thefront andrearlegsaswell asto addcontrol
of thebodyposture.Finally, insteadof hard-codingthetypeof
gait (crawl, paceor trot) the ability to evolve the type of gait
wasaddedby creatingtwo parametersthatcontrol therelative
swing timesof the legs.

Relative phasesfor eachleg arespeci�ed by a singlevalue
in the range of zero to one. This value speci�es the point
in the gait cycle when the start of a leg's movementcycle
occurs.For example, a value of 0.0 indicatesthat the start
of a leg's swing will occur at the start of the overall gait
cycle anda valueof 0.25 indicatesthat the start of that leg's

TABLE II

GAIT PARAMETERS FOR THE ERS-110

parameter unit initial range bestgait
body centerx mm. 105 - 125 110.1
body centerz mm. -10 - 10 -4.8
body pitch degrees -10 - 10 6.5
posturecenterx mm. 0 - 20 -1.8
all legs y mm. -5 - 15 7.4
front legs z mm. 10 - 30 21.5
rear legs z mm. -5 - 15 18.5
steplength n.a. 60 - 100 124.4
swing height front mm. 25 - 45 36.5
swing height rear mm. 25 - 45 44.1
swing time ms. 460 - 540 503
swing mult. n.a. 3 - 5 3.0
switch time ms. 500 - 900 974
ampl. body x mm. -10 - 10 -1.8
ampl. body y mm. -25 - -5 -10.0
ampl. body z mm. -20 - 0 -13.6
ampl. yaw degrees -10 - 10 0.9
ampl. pitch degrees -10 - 10 -0.5
ampl. roll degrees -5 - 15 4.5
L-R n.a. 0.25 - 0.5 0.48
F-H n.a. 0.5 - 0.75 0.67

TABLE III

RELATIVE PHASES FOR DI FFERENT GAITS

Leg Crawl Trot Pace Skip
right foreleg 0.0 0.0 0.0 0.0
left foreleg 0.5 0.5 0.5 0.0

right hind-leg 0.75 0.5 0.0 0.5
left hind-leg 0.25 0.0 0.5 0.5

TABLE IV

PARAMETER VALUES FOR DI FFERENT GAITS

Parameter Crawl Trot Pace Skip
L-R 0.5 0.5 0.5 0.0
F-H 0.75 0.5 0.0 0.5

swingcycle occursonequarterof theway throughtheoverall
gait cycle. Unlike with the OPEN-Rprototype,in which the
time in the overall locomotion cycle when each leg would
swing was �x ed at predeterminedvalues,with the ERS-110
two offsetparametersareusedto specifytherelative phasesof
eachleg. Theseparametersspecifytheoffsetbetweenleft and
right legs,L-R, andfore andhind legs,F-H. Theright foreleg
is �x ed to alwaysstartswingingat 0.0; the left foreleg starts
swinging at L-R; the right hind-leg leg startsswinging at F-
H; and the left hind-leg startsswinging at L-R + F-H (this
value is adjustedto the rangezero to one by subtracting1.0
if the sum is greaterthan, or equal to, 1.0). Advantagesto
representingrelative phaseswith thesetwo parametersis that
it allows for symmetriesand is a smaller searchspacethan
usinga separatestart time for eachleg. TableIII displaysthe
startingtime for eachleg for different typesof gaitsandF-R
andR-L valuesfor thesegaitsareshown in table IV.

C. Evaluatinga Setof Gait Parameters

Evolution takes place inside a walled area(�gure 2) with
a strip of colored cloth to mark the center of each end.
Cablesattachedto therobotsupplypower andallow therobot
to communicatedata back to a host computer. Evaluatinga
set of gait parametersconsistsof locomotingwith them and
then measuringthe straightnessand distancetraveled. The
procedureby which a robot evaluatesits own performance
consistsof threepartsandwas in�uenced by our experiences
from manuallyevaluatingsetsof gait parameters.

The �rst part of an evaluation trial consistsof the robot
centeringon the color strip. Objects are detectedfrom the

(a) (b)

Fig. 2. Theexperimentalenvironment:(a) OPEN-RPrototype;(b) ERS-110.
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imagereturnedby theonboardMicro-Camera-Unit(MCU) by
using an LSI chip with eight color detectiontables(CDTs).
TheseCDTs detectcolors within a user-speci�ed rangefor
each pixel location in the image. Using a CDT for each
color strip, the robot centersby turning its body in a �x ed
directionin searchof thedesiredcolor. Oncedetectedtherobot
continuesturning, reversingdirectionsif necessary, until the
averagehorizontallocationof the color strip falls within � 5

�

of the centerof the imagefor a periodof two seconds.
In thesecondpartof anevaluationtrial therobotdetermines

how far it is from the color strip and then runs toward it.
The distanceto the color strip is measuredusing the robot's
position sensitive device (PSD) sensor, which is locatedon
the front part of its head.The start distanceis determined
by averagingseven consecutive PSD sensorreadings.Since
the reliable rangeover which the PSD sensorworks is 10 to
80 centimeters,when the robot is further than its maximum
reliable rangeit usesa hand-built crawl gait to move closer.
To convert thevaluereturnedby thePSDsensorto a distance,
a lookup table of distanceswas createdby placing the robot
at �x ed distancesfrom a color strip and taking the average
of two-hundredreadings.A sensorreadingis convertedto a
distanceby linearly interpolatingthe averagesensorreading
betweenthe two nearestvaluesin the distancelook-up table.
After the robot hasdeterminedhow far it is from the color-
strip it usesthesetof locomotionparametersto movefor seven
secondsandthenstops.Thetrial alsoendsif the robotdetects
that it hascomewithin 20cmof a wall.

Thethird partof anevaluationtrial beginsaftertherobothas
stoppedmoving andconsistsof the robot using its sensorsto
determinethe straightnessof its movementand the distance
it traveled. If the robot has fallen (detectedby the onboard
accelerometers)thecurrentindividual is givena scoreof zero,
thenthe robot getsup by itself (usinga hand-codedbehavior)
and the next individual is tried. Otherwise,if the robot did
not fall, the trial ends successfullyand the robot pans its
head until it �nds the color strip. Head panning uses the
MCU in a way similar to the centeringbehavior, only in this
casethe robot's body remains�x ed andthe headturns.Once
the color strip is detectedin the appropriateCDT, the robot
calculatesstraightnessbasedon theaveragehorizontallocation
of the color strip and the currentangleof the headand uses
thesevaluesto computethe offset anglebetweenits forward
direction and the color strip. With the robot's headcentered
on thecolor strip, it usesits PSDsensorto �nd its distanceto
the color strip. The stop distanceis determinedby averaging
sevenconsecutivePSDsensorreadings.Usingthestartingand
stoppingdistancesfrom the color strip, aswell as the time it
traveled,the robot calculatesits averagespeed.

To simplify optimizing both velocity and straightnessthe
scoreof a trial is the productof its velocity and straightness
scores.Velocity, �

��� , is theaveragevelocityof therobotduring
the trial. Straightnessis a function of the anglebetweenthe
robot's forward directionand the direction to the target color
strip, � , andthe distanceto the target strip, (�gure 3). Before
calculating the straightnessfunction, � is converted to a 0-
1 measureof offset by the function 0 �

�

� . The straightness
function, ,�� � , normalizesthis valueto accountfor the robot's

color strip

Fig. 3. Robotpositionat the endof an evaluationtrial.

TABLE V

SAMPLE VALUES FOR �����	��

��������� .

� 

������� �����	��

�������	�

�����
�

80 0
�����

�

45 0.5
�����
�

10 1.0
���
�
�

80 0.5
���
�

�

45 0.75
���
�
�

10 1
���

�

80 1
���
�

45 1
���

�

10 1

distancefrom the color strip – sincewith the robot at a �x ed
orientation � will be larger when the robot is closer to the
color strip. Thesefunctionsarede�ned as:

,	�
�� % �

�

�"!$#�%"&�'(%�)(!$#�%"*�+,) 1 ��	 % �.- ,��

�
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� �
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��0 �

�

� � �-�
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�

� �

�

0 �

�

�

3

�
(4)

0 �

�

�(� ���54

�

4

6 �

�

(5)

For the function ,���� , 80 and 10 are used as the constants
becausethey are the PSD sensor's maximum and minimum
measurabledistances.Table V lists valuesof ,��

�

)(!7#�%"*1+6� for
different valuesof � and !,#�%"*1+ . If the robot cannot�nd the
color strip it is assumedthat the robot's gait causedit to turn
so sharply that it cannotpan its headfar enoughto facethe
color strip. In this casethe individual receivesa scoreof zero
for the trial, the samescoreit would receive if � is greater
than,or equalto,

6 � �

.
With early versionsof our systemthe experimentereval-

uated the performanceof each gait and enteredthe �tness
scorein the sameway as [16] and [9]. In performing these
experimentsit wasnoticedthat a singletrial with a particular
set of parametersis a poor measureof the gait's quality
since the sameset of parameterscan receive a moderately
wide rangeof �tness scores.Consequently, to achieve a better
measureof performancea single individual is evaluatedwith
threetrials and its �tness is the averageof the threescores.
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D. EvolutionaryAlgorithm

The search algorithm that we use for optimizing gait
parametersis an evolutionary algorithm (EA). EAs are a
family of population-basedstochasticsearchalgorithmsthat
include genetic algorithms [11], evolutionary strategies [2],
evolutionaryprogramming[5] andgeneticprogramming[15].
An EA operatesby creatingan initial populationof candidate
solutions,called individuals, which it optimizesby iteratively
using better individuals to createnew ones and discarding
the poor individuals. Becausethey maintain a populationof
candidatesolutions, EAs can be speededup by evaluating
individuals in parallel andaremore robust to optimizationin
the presenceof noisethanoptimizationstrategiessuchashill
climbing which only operateon a single candidatesolution
[1].

In theseexperimentseachindividual in the populationis a
set of gait parameters.Before optimizationbegins, an initial
population of randomly generatedgait parametersmust be
created.An individual in the initial population is created
by setting each of its parametersto a random value with
a uniform distribution over that parameter's minimum and
maximuminitial searchrange.Theseinitial searchrangeswere
determinedfrom experiencein developinggaits by handand
arelistedfor theOPEN-RPrototypein tableI andfor theERS-
110 in tableII. To producean initial populationof minimally
viablegaitparameters,eachnew setof gaitparametersis tested
to determinewhetheror not it will causetherobot to fall over.
If a setof gait parametersdoescausetherobotto fall over, it is
replacedby anotherrandomlygeneratedindividual. Whenall
individuals in the initial populationarenon-falling, evolution
begins.

TheparticularEA thatwe useis a steady-stateevolutionary
algorithm [22] with a population of thirty individuals. A
steady-stateEA worksby iteratively selectingindividualsfrom
the population to act as parents and then using them to
createa new individual. The numberof individuals selected
is determinedby whethermutationor recombinationis used
to producethe new individual, with an equal probability of
choosingeither. If the mutation operatoris used, then two
individuals are selectedfrom the population.The individual
with the higher �tness value is chosenas the parentand its
offspring replacesthe other individual. If the recombination
operatoris used,then threeindividualsare selectedfrom the
population.The two individuals with higher �tness are the
parentsand their offspring replacesthe individual with the
lowest �tness.

Mutation and recombinationwork as follows. Mutation
takes oneparentindividual and perturbsa few genes(one to
eight, determinedat random)by a small amountto generate
a child individual. The genes to be mutated are selected
randomlyand the mutatedvalue is, ����� '�� ������	�� ; where ���

is a uniform randomvalue in the rangeof -1 to 1. Values
for 	�� are set to 5% of the size of a parameter's initial
searchrange.Recombinationtakes two individualsasparents
('
� and '�� ) and createsone child individual ( � ). Eachgene
of the child is given a value according to the equation,

�
�

� '
�
�

�	�
�

� '
�
�

��'��
�

� . Here, �
� is the � th geneof thechild

individual; '
� � and '�� � arethe � th geneof parentsp1 andp2;
and � � is a randomnumberin the rangeof -1 to 1.

A problem experiencedin initial experiments was that
sometimesan individual would receive a signi�cantly higher
�tness scorethan it deserved, suchas throughan inaccurate
measureof distancefrom the PSD sensor. This resultedin
pulling the searchtoward poor parameters.To reduce this
probleman individual's age,the numberof times it hasbeen
used as a parent, is stored. Age is incrementedeach time
the individual is used as a parent for either recombination
or mutationandwhenan individual reachesthe ageof four it
is re-evaluatedandits ageis resetto zero.Sincean individual
is only replacedby anotheronewith a higher �tness, this re-
evaluationof an individual is the only way in which the the
best�tness in the populationcandecrease.

I I I . EVOLVING PACE AND TROT GAITS WITH THE

OPEN-R PROTOTYPE

We performedtwo different experimentswith our robots,
�rst with the OPEN-R Prototype and then with the ERS-
110.Sincepreviouswork to manuallydevelopa dynamicgait
for the OPEN-RPrototypemet with poor results,our initial
objectivewasto achieveeithera paceor a trot gait throughthe
useof an on boardevolutionaryalgorithm.After successfully
evolving both a paceanda trot gait with the OPEN-RProto-
type,andwith the launchof Sony's entertainmentrobotAIBO
approaching,we becameinterestedin evolving a dynamicgait
thatperformedrobustly on a varietyof differentsurfacetypes.
In this sectionwe describetheresultsof evolving gaitsfor the
OPEN-RPrototype,anddescribetheresultswith theERS-110
in the next section.

Beforetaking an evolutionaryapproachto the development
of gaits our lab createdgaits by hand. The two best hand-
developedgaitswerea crawl gait of 5m/min.anda fast-crawl
gait (halfway betweena crawl anda trot) of 6m/min. A pace
gait was also developedby hand,but it was not very good
and would at times move the robot backward, and we were
not successfulin developinga trot gait.

Unlike our attemptsto hand-crafta dynamic gait for the
OPEN-R Prototype,the evolutionary algorithm was able to
evolve both a pace and a trot gait. Evaluating a single set
of gait parameterswith three trials takes approximatelytwo
minutesand good gaits are achieved after a couplehundred
evaluations.Figure4 shows theaverageandbest�tness scores
for individuals in the populationfor one run of both the trot
andpacegaits.Fromthesegraphsit appearsthat thebestpace
parametersfrom the initial randompopulationare almostas
goodasthebesthandtailoredcontrollers.In fact, runningthe
bestindividual from theinitial populationshows thatwhile the
robotdoesmove at almost5m/min.,a little lessthanits �tness
scorewould indicate,it doesnot move smoothlybut stutters,
bouncesin-place, and frequently turns. The average�tness
scoreof the populationis a betterindicatorof performance.

In evolving a trot gait, the �rst thirty individuals were all
non-falling individualsandformedtheinitial population.Most
of theseindividuals did not move well, with somemoving
backward and the bestmoving only 26cm in seven seconds.
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Fig. 4. Resultswith the OPEN-RPrototype:(a) trot gait; and (b) a pace
gait.

Early individualstendedto movetooslowly to havea dynamic
gait and moved in a curved path becausea third leg was
always dragging on the ground. Individuals which always
leanedto oneside would turn to that side while moving and
had a poor straightnessscore.Over the courseof evolution
individuals in the population becamebetter at alternating
betweenresting on one side and then the other so that by
theendof theevolution they weretrotting in a nearlystraight
line. While the bestindividual that wasevolved did not move
in a truedynamicgait, it hada �tness scoreof 630andmoved
650cmin a oneminute trial (approximatelytwenty-sixbody-
lengths/min.).Figure5 shows a sequenceof imagesfrom one
cycle of the bestevolved trot gait andthe evolved parameters
for this individual are listed in table I. In this sequencethe
robot startswith its right legs at their closestpoint together
and left legs furthestapart in (a), followed by the right legs
moving apartandthe left legs moving togetherin (b)-(e), and
thenreversingdirection(f ). A digital videoof thebestevolved
trot gait is availableonline [12].

Unlike randomlygeneratedtrot gaits, which tendedto be
stable,randomlygeneratedpacegaitstendedto make therobot
fall overandit tookeighty-fourrandomlygeneratedsetsof gait
parametersto createtheinitial populationof thirty individuals.
Like with the trot gait, the initial populationhada coupleof
good individuals that moved quickly but did so awkwardly,
and most individualshad a �tness scorelessthan 150. After
eleven generationsof evolution (330 evaluations) the best

(a) (b)

(c) (d)

(e) (f)

Fig. 5. A sequenceof imagesshowing the bestevolved trot gait.

individualscould move 1020cm/min.,which is approximately
forty body-lengths/min.At this point the maximumevolvable
speedseemedto belimited by variationin thestartingangleof
therobot.After centeringon thecoloredstrip therobotspends
one secondswitching gait parametersto thoseof the current
individual. In doingsoit would oftenturn slightly andthenthe
robot would receive a poor straightnessscoreeven thoughit
ranstraight.As a resultthedifferencein �tness scoresbetween
the top individuals was mostly a matter of luck. With little
selective pressureon theseindividuals the populationceased
to improve. TableI containsthe parametervaluesfor the best
evolved pacegait and a sequenceof imagesfrom one cycle
of this gait arein �gure 6. This sequencestartswith the robot
balancedon its left legs with its right legs off the ground(a)
andthenshifting its weight(b-c) until it is balancedon its right
legs with its left legs off the ground(d), andthenshifting its
balancebackto its left side(e-f ). A videoof this evolvedpace
gait is availableonline [12].

In this �rst set of experimentsthe evolutionary algorithm
producedpacegaits that were fasterthan the best trot gaits.
This may be becauseit is easierto perform a true pacegait
with this hardware than a true trot gait. Unlike a pacegait,
in which legs on the sameside of the body move forward
and backward together, the trot gait has legs on diagonally
opposingsides of the body moving forward and backward
together. Without a torso that can twist in the middle, it is
more dif�cult to lift both forward-moving legs high enough
off the groundin the trot gait thanit is with a pacegait. This
is supportedby theresultsof our evolutionarysystemin which
weevolveda truly dynamicpacegait,but theevolvedtrot gaits
draggeda third leg along the ground.
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(a) (b)

(c) (d)

(e) (f)

Fig. 6. A sequenceof imagesshowing the bestevolved pacegait.

IV. EVOLVING A ROBUST DYNAMIC GAIT WITH THE

ERS-110

Oneshortcomingthatwe noticedwith theresultsof the�rst
set of experimentsis that a particularset of gait parameters
will oftenperformquitedifferentlywith differentrobotsof the
sametypeor on a differentsurface.This suggeststhatevolved
individuals are somewhat specializedto the environment in
which they areevolved.While addingsensorfeedbackmight
reducetheseeffects, sensorfeedbackwas not incorporated
into the locomotion module. This leads to our secondset
of experimentsin which our objective is to evolve a set of
gait parametersthat are suf�ciently robust to be usedon the
consumerversionof AIBO.

One reasonwhy gaits evolved on the OPEN-R Prototype
were not very robust may be becauseof the environment in
which the trials took place.Since the carpeton which trials
took placeis relatively smooth,evolvedgaitswerenot adapted
to rough surfaces: behaviors evolved for one environment
will work on that environment and should work on easier
environments,but will not necessarilywork on harderenvi-
ronments.Similarly, switching robots is a form of changing
the environment becauseof differencesin manufactureand
calibration.To achieve robust gaits that work well on a wide
varietyof environments,wehypothesizedthatevolutionshould
take place in a dif�cult environment. In these secondset
of experiments,this hypothesisis testedby creatinga more
dif�cult environmentfor gaits to evolve and comparinggaits
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Fig. 7. Resultswith the ERS-110:(a) on a normalsurface;and (b) on the
obstructedsurface.

evolved in this environment to thoseevolved in the original
environment.

To createa moredif�cult environmentfor evolution, plastic
rodswereplacedon thegroundperpendicularto the direction
in which the ERS-110would run. In setting up this envi-
ronmentwe tried a numberof different con�gurationsof the
plastic rods. When moving acrossthis surface,the ERS-110
would often stepon top of a rod and sometimesthis would
causeit to turn and changedirection.As a result, this set of
parameterswould have a poor straightnessscoreand a low
�tness scoreeven thoughit may have beena goodindividual.
With too many rods the ERS-110would step on rods too
frequentlyandwith too few rods,or with poorly placedrods,
the ERS-110would have little interactionwith them and the
rods would not in�uence evolution. The con�guration we
settledon usessix rods(asshown in �gure 2.b)which requires
both the front and rear legs of the ERS-110to move over at
leasttwo rods in a typical trial.

Three runs of evolution on the obstructedcarpet were
performedandthencomparedagainstthreerunsof evolution
on thenormalcarpetedsurface.Eachevolutionaryrun wasfor
� ve-hundredevaluations,which took approximatelytwenty-
� ve hours.In theearlygenerationsof theseexperiments,most
individuals would drag their feet along the carpet.With the
obstructedcarpet,individualswith low stepswould havea foot
catchon a rod andfall over. Theseindividualswould receive
a low �tness scoreandbe replacedby individualswith higher
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(a)

(b)

(c)

Fig. 8. The gait sequencefor an evolved gait on the ERS-110.

TABLE VI

EVOLVED GAITS TESTED ON DI FFERENT SURFACES

Surface Regular Carpet ObstructedCarpet
of®ce carpet 387 cm/min. 600 cm/min.

Robocup 369 cm/min. 598 cm/min.
tatami 369 cm/min. 576 cm/min.
wood 387 cm/min. 443 cm/min.

�tness scores.By the endof the evolutionary run individuals
evolved stepshigh enoughto move over the rods.In contrast,
individuals evolved on the unobstructedcarpet received no
suchpressureto usehigh steps.Evolved gaits were halfway
betweena crawl and a trot gait. The graphsin �gure 7 are
plots of both the highest and average�tness scoresof the
population,averagedover the three trials. Figure 8 shows a
sequenceof imagesof anevolvedtrot-like gait.Heretherobot
startswith its right legs in the processof comingtogether(a)
until they areat their closestpoint (b), andthenextendinguntil
the right legsarefurthestapartfrom eachother(c). Videosof
this experimentandtheresultinggait areavailableonline[12].

To determineif evolution on theobstructedcarpetdid result

in a more robust gait, the best individual evolved for each
surface type was then run using four different surface types
andthreedifferentERS-110s.TableVI lists theresultsof these
trials, with eachentrybeingthespeedaveragedover the three
robots. On all four surfaces,the individual evolved on the
obstructedcarpetoutperformedthe individual evolved on the
unobstructedcarpet.

In theexperimentspresentedsofar, a largesearchspacewas
usedto createan initial populationof randomgait parameters.
Oncea good set of parametershasbeenfound, thesecan be
further re�ned by using them to seeda secondevolutionary
run. For this secondevolutionaryrun, the initial populationis
createdby addingsmall randomvaluesto eachof the param-
etersof the seedindividual so as to start with a population
focusedon a small part of the entire parameterspace.Using
one of the betterindividuals from an evolutionary run as the
seedindividual for further evolution, we evolved a trot gait
on the rough surface that moves at 900cm/min.This gait is
muchfasterthanany of the individualsevolved in the �rst set
of experimentswith the ERS-110andwas suf�ciently robust
that it was approved by Sony's quality assurancedepartment
and is usedon the consumerversionof AIBO.

V. CONCLUSION

Theprimary interestin this projectwasto developa system
thatwould learndynamicgaitsfor theOPEN-RPrototype,the
ERS-110andfuturerobotswith minimal humanattention.The
autonomousgait acquisitionsystemdescribedin this paper
achievesthis goalthroughtheuseof anevolutionaryalgorithm
which runs on both robots and uses the robots' onboard
sensorsto evaluateits own performance.Usingthis systemwe
evolved both paceand trot gaits on the OPEN-RPrototype,
of which the fastestgait moved at over 10m/min., which is
approximatelyforty body-lengths/min.One shortcomingwe
foundwith evolvedgaitsis theirsensitivity to thespeci�c robot
or environment in which they were evolved. By roughening
the �oor of our experimentalenvironment to createa more
challengingsurface we were able to evolve robust trot-like
gaits on the ERS-110,one of which was approved by our
quality assurancedepartmentandis includedin the consumer
versionof AIBO.

A secondaryinterestof this project was to investigatethe
viability of an evolutionaryalgorithmrunningon a real robot.
One limitation on our currentsystemis that cablesare used
to transmitpower to the robot and receive datafrom it. But
this constraint is not necessaryfor future versions of our
systemsince newer hardware for AIBO includesa wireless
communicationdevice anda base-stationat which AIBO can
dock to recharge its batteries.While the amount of time
requiredto learn/evolve a task in real time with a real robot
may precludeits usein somesituations,a robot that evolves
behaviors over time throughits reactionsin therealworld has
the potential to be a valuabledevelopmentalbehavior for an
entertainmentrobot.
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