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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 gaits on two of Sony's quadruped
robots. Our evolutionary algorithm runs on board the robot and
usesthe robot's sensorsto compute the quality of a gait without
assistancefrom the experimenter First we show the evolution
of a pace and trot 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 ernvironmentin which they are evolved,
we then show the evolution of robust dynamic gaits, one of which
is used on the ERS-110,the rst consumerversion of AIBO.

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

|. INTRODUCTION

EVELOPINGIlocomotioncontrollersfor leggedrobotsis

aproblemthathasbeenstudiedfor overtwentyyearsata
variety of differentresearctgroups(suchas:Sory, [6]; Honda,
[10]; and the University of Tokyo, [4] and [23]) and on a
varietyof differentplatforms(1-legged,2-legged 4-legged).In
mostprojects thegaitsarestaticandprogrammedy hand(for
suneys see[21] and[20]). Here we describeour work in the
autonomousgcquisitionof dynamicgaitsusinganevolutionary
algorithm (EA).

A systemfor automatically generatingdynamic gaits is
especiallyimportantfor the entertainmentobotindustryfor a
numberof reasonsWhenan entirely new entertainmentobot
is constructedt is necessaryo producegaitsfor it, andthese
new gaitsneedto be createdquickly sothatothermembersof
the softwaredevelopmenteamcanusethe gaitsin developing
higherlevel behaiors. Similarly, to createa personalityfor a
robotit is usefulto be ableto continuouslygeneratea variety
of differentstylesof gaitsfor it. Also, in the processof going
from a prototypeto a consumerversion of a robot, several
different versionsof a given robot are created.Each one of
theseprototypeshasslightly different physicalcharacteristics
and a methodfor automatingthe tuning of pre-eisting gaits
to new versionsof arobotis extremelyuseful.Finally, we are
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Fig. 1. Sory's entertainmentobots:(a) OPEN-Rprototype;(b) ERS-110.

interestedin an autonomousprocessfor developing gaits as
partof a gait-learningoehaior to matchthearti cial maturing
processhat comeswith the consumerversionof our robots.
For the mostpart, previouswork in the developmentf gaits
for real robots has either required assistancdrom a source
external to the robot or has focused on 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 measuringhe distancetraveled
and entering this result into the computerrunning the EA.
One caseof 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 adjustthe parameterf a behaior-
basedcontroller More commonis the evolution 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 beenusedto
train neuralnetworksfor a bipedrobot rst in simulation,and
laterto ne-tune the networks on the actualrobot[3]. Finally,
EAs have been usedto evolve both the morphology and
controllerof crawling robots[17] andmodular walking robots
[13] in simulation, with theserobots then constructedand
shawvn to work in reality. Yet evolution/learningin simulation
is not always feasible becausethe level of delity may not
be attainable(such as for actuatorsor pliable parts) or may
require large amountsof computationalpower (suchas uid
dynamicssimulatorsfor undervaterrobots).



In this paperwe describea systemfor the autonomous
acquisition of dynamic gaits for two versions of Sory's
entertainmentrobots. The systemfor developing gaits uses
an EA to optimize a vector of parametersghat specify a gait.
All processingis handledby the robot's onboardprocessor
and eachsetof gait parameterss evaluatedusingthe robot's
sensors.First we describethe evolution of pace and trot
gaits with the OPEN-R prototype ( gure 1.a), and then the
developmentof a robust trot gait on its successorthe ERS-
110, which is more commonly known as the rst AIBO?,
(gure 1.b). Not only doesour implementationsuccessfully
evolve dynamic gaits for both of our quadrupedobots— in
both casesvolving bettergaitsthanwere developedmanually
— but one of the evolved gaitsis usedin the rst consumer
versionof AIBO.

The rest of this paperis organizedas follows. In the next
sectionwe describethe two quadrupedobots,the locomotion
module, the evolutionary algorithm and the procedureby
which a robot evaluatesits performanceln sectionslll and
IV we presentanddiscussthe resultsof our experimentsThe
nal sectionis a summaryand conclusionof our work.

Il. METHOD

The two robotsusedin theseexperimentsarethe OPEN-R
prototype which is the pre-AIBO entertainmentobot, andthe
ERS-110,the rst consumetrversionof Sory's entertainment
robot AIBO. Gaits on both robots are controlled by the
locomotionmodule,which usesa setof real-valuedparameters
to specifya gait. To autonomoushacquiregaitsan evolution-
ary algorithm optimizes gait parametersy sendingsets of
parameterso the locomotionmoduleand then evaluatingthe
resulting performanceusing the robot's onboardsensors.n
this sectionwe describerst 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 degrees of 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) hasatwo-degreeof freedomtail andtwo actuated
ears,eachwith a single degree of freedom,giving it a total
of nineteendegreesof freedom.Both robots have a micro-
camera, stereo microphone, position sensitve 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 accelerometersSee [6]
for a more detaileddescriptionof the robots' hardware and
software architectures.

1AIBO is a registeredtrademarkof Sory Corporation.

B. LocomotionModule

Thelocomotionmoduleis the softwaremodulethatcontrols
the movementof the robot's legs to perform different gaits.
A gait is de ned by a vector of real-\alued parameterghat
are usedby a mathematicafunction of sinesand cosinesto
obtain a cyclic movementof the bottom of eachleg. Using
the dimensionsof the robot's physicalform and three kinds
of coordinatesystems- for the ground,the robot's body and
onefor the bottomof eachleg — the desiredioint anglesfor the
threejointsin eachof thelegsarecalculatedThejointsin each
leg arecontrolledby a specialASIC chip andits currentangle
is sensedvith a potentiometerEvery 8msthe softwaresetsthe
target joint positionand PID gain value for eachjoint based
on the gait parametersnd thenthe ASIC chip calculateshe
outputto the motorto drive the joint to malke its positionerror
zero. This reduceshe problemof developinga gait to that of
nding asetof parameter$or thelocomotionmodule.In total,
the locomotionmodule usessixty-onereal-valuedparameters
to de ne a gait.

1) TheLocomotionModuleonthe OPEN-RPrototype: The
rst versionof the evolutionary algorithm ran on the OPEN-
R prototype and searcheda spaceof twenty parametershy
settingsomeof the sixty-one parameterdor the locomotion
moduleto x edvalues(eg. settingbodyroll orientationto )
andusing the samevalue for multiple parametergeg. setting
the swing time for eachleg to be the same).Thesetwenty
parametergrelisted in tablel. They specifythe positionand
orientationof the body, the swing path and rate of swinging
of thelegs, the amplitudeof oscillationof the body's location
and orientation,and how the gain varies during the course
of a swing cycle for eachleg. With a set of parameters,
the locomotionmodule movesthe OPEN-R Prototypein ary
speci ed two-dimensionatranslationand rotation— although
for our experimentswe testthe OPEN-Rprototypeonly onits
ability to move forward.

TABLE |
GAIT PARAMETERS FOR THE OPEN-R PROTOTY PE

[ 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 legsy mm. 5-25 10.6 10.0
front legs z mm. 24 - 40 24.7 25.0
rearlegs z mm. 15- 29 24.3 25.3
steplength n.a. 80 - 220 152 182
swing height mm. 15- 29 19.6 295
swing time ms. 200- 400 421 222
swing mult. n.a. 15-25 2.4 1.7
switch time ms. 500- 900 799 617
ampl. body x mm. 2-2 0.6 -0.4
ampl. bodyy 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




Whereaghe rst seventeenparametersre usedto specify
the trajectoriesof eachleg, the last three parametersre used
to smootherthe movementof the robotby varyingthe gain of
the leg motorsduring the movementcycle. The rst of these
last three parametersmin. gain, speci es the minimum gain
to use—the maximumvalueis x edto the maximumpossible.
The secondparametershift, speci eswhenin the swingcycle
to startreducingthe gain. The third parameterlength is the
durationover which the gainis reducedrom the maximumto
the speci ed minimum andthenbackto maximumfollowing
a sin wave:

@

The leg phasestartsat  swinging forward and up, at

it startsto swing backward, and at 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 oppositeside of the body are out of phase.

2) The Locomotion Module on the ERS-110: Based on
our experiencefrom running experimentswith the rst setof
parametersn the OPEN-RPrototype a new setof parameters
was used with the ERS-110 (table Il). Gain variation was
removedbecausé¢he new locomotionmodulefor the ERS-110
did not supportit. Parametersvere addedto allow different
trajectoriedfor the front andrearlegs aswell asto addcontrol
of thebody posture Finally, insteadof hard-codinghe type of
gait (crawl, paceor trot) the ability to evolve the type of gait
wasaddedby creatingtwo parametershatcontrol the relative
swing times of the legs.

Relative phasedor eachleg are speci 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 value of 0.25 indicatesthat the startof thatleg's

TABLE I
GAIT PARAMETERSFOR THE ERS-110

[ parameter | unit T 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 legsy mm. -5-15 7.4
front legs z mm. 10- 30 215
rearlegs z mm. -5-15 18.5
steplength n.a. 60 - 100 124.4
swing heightfront mm. 25- 45 36.5
swing heightrear 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. bodyy mm. -256--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 1lI
RELATIVE PHASES FOR DIFFERENT GAITS

| Leg | Crawl | Trot | Pace | Skip |
right foreleg 0.0 0.0 0.0 0.0
left foreley 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 DIFFERENT 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

swing cycle occursone quarterof the way throughthe overall
gait cycle. Unlike with the OPEN-R prototype,in which the
time in the overall locomotion cycle when eachleg would
swing was x ed at predeterminedralues,with the ERS-110
two offsetparametergreusedto specifytherelative phaseof
eachleg. Theseparameterspecifythe offsetbetweeneft and
right legs, L-R, andfore andhind legs, F-H. Theright foreleg
is x edto always startswingingat 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
valueis adjustedto the rangezeroto one by subtractingl.0
if the sumis greaterthan, or equalto, 1.0). Advantagesto
representingelative phaseswith thesetwo parameterss that
it allows for symmetriesand is a smaller searchspacethan
usinga separatestarttime for eachleg. Tablelll displaysthe
startingtime for eachleg for differenttypesof gaitsand F-R
and R-L valuesfor thesegaitsare shavn in tablelV.

C. Evaluatinga Setof Gait Parametes

Evolution takes place inside a walled area( gure 2) with
a strip of colored cloth to mark the center of each end.
Cablesattachedo therobot supplypower andallow the robot
to communicatedata back to a host computer Evaluating a
setof gait parametersonsistsof locomotingwith them and
then measuringthe straightnessand distancetraveled. The
procedureby which a robot evaluatesits own performance
consistsof threepartsandwasin uenced by our experiences
from manuallyevaluatingsetsof gait parameters.

The rst part of an evaluationtrial consistsof the robot
centeringon the color strip. Objects are detectedfrom the
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Fig. 2. Theexperimentalervironment:(a) OPEN-RPrototype;(b) ERS-110.



imagereturnedby the onboardMicro-Camera-Uni{MCU) by
using an LSI chip with eight color detectiontables(CDTSs).
TheseCDTs detectcolors within a userspeci ed range for
each pixel location in the image. Using a CDT for each
color strip, the robot centersby turning its body in a x ed
directionin searctof thedesiredcolor. Oncedetectedherobot
continuesturning, reversingdirectionsif necessaryuntil the
averagehorizontallocation of the color strip falls within

of the centerof the imagefor a period of 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 measuredising the robot's
position sensitve device (PSD) sensor which is located on
the front part of its head. The start distanceis determined
by averagingseren consecutie PSD sensorreadings.Since
the reliable rangeover which the PSD sensorworks is 10 to
80 centimeterswhen the robot is further than its maximum
reliable rangeit usesa hand-uilt cravl gait to move closer
To corvertthe valuereturnedby the PSDsensorto 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 corvertedto a
distanceby linearly interpolatingthe averagesensorreading
betweenthe two nearestvaluesin the distancelook-up table.
After the robot has determinedhow far it is from the color
stripit usesthe setof locomotionparameterso move for seven
secondsandthenstops.Thetrial alsoendsif therobotdetects
thatit hascomewithin 20cmof a wall.

Thethird partof anevaluationtrial beginsaftertherobothas
stoppedmoving and consistsof the robot usingits sensorgo
determinethe straightnesof its movementand the distance
it traveled. If the robot has fallen (detectedby the onboard
accelerometerghe currentindividual is givena scoreof zero,
thenthe robot getsup by itself (usinga hand-codedehaior)
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 usesthe
MCU in a way similar to the centeringbehaior, only in this
casethe robot's body remains x ed andthe headturns.Once
the color strip is detectedin the appropriateCDT, the robot
calculatestraightnesbasedn the averagehorizontallocation
of the color strip and the currentangle of the headand uses
thesevaluesto computethe offset angle betweenits forward
direction and the color strip. With the robot's headcentered
on the color strip, it usesits PSDsensoito nd its distanceto
the color strip. The stop distanceis determinedby averaging
sesenconsecutie PSDsensorreadingsUsingthe startingand
stoppingdistancedrom the color strip, aswell asthe time it
traveled, the robot calculatests averagespeed.

To simplify optimizing both velocity and straightnesghe
scoreof a trial is the productof its velocity and straightness
scoresVelocity, , istheaveragevelocity of therobotduring
the trial. Straightnesss a function of the angle betweenthe
robot's forward direction andthe directionto the target color
strip, , andthe distanceto the tamget strip, ( gure 3). Before
calculatingthe straightnesdunction, is corvertedto a O-
1 measureof offset by the function . The straightness
function, , normalizesthis valueto accountfor the robot's

color strip

Fig. 3. Robotpositionat the end of 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 robotata x ed
orientation will be larger when the robot is closerto the
color strip. Thesefunctionsare de ned as:

)
®3)

(4)
®)

For the function , 80 and 10 are used as the constants
becausethey are the PSD sensors maximum and minimum

measurablalistancesTable V lists valuesof for

differentvaluesof and . If the robot cannot nd the

color strip it is assumedhat the robot's gait causedt to turn

so sharplythat it cannotpanits headfar enoughto facethe

color strip. In this casethe individual recevesa scoreof zero

for the trial, the samescoreit would receve if is greater
than, or equalto,

With early versionsof our systemthe experimentereval-
uated the performanceof each gait and enteredthe tness
scorein the sameway as [16] and [9]. In performingthese
experimentsit was noticedthat 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 scoresConsequentlyto achieve a better
measureof performancea singleindividual is evaluatedwith
threetrials andits tness is the averageof the threescores.



D. EvolutionaryAlgorithm

The search algorithm that we use for optimizing gait
parametersis an evolutionary algorithm (EA). EAs are a
family of population-basedtochasticsearchalgorithmsthat
include genetic algorithms[11], evolutionary stratejies [2],
evolutionary programming5] andgeneticprogramming15].
An EA operatedy creatinganinitial populationof candidate
solutions,calledindividuals which it optimizesby iteratively
using better individuals to create new ones and discarding
the poor individuals. Becausethey maintaina populationof
candidatesolutions, EAs can be speededup by evaluating
individualsin paralleland are more robust to optimizationin
the presenceof noisethan optimizationstrategies suchashill
climbing which only operateon a single candidatesolution
[1].

In theseexperimentseachindividual in the populationis a
set of gait parametersBefore optimizationbegins, an initial
population of randomly generatedgait parametersmust be
created.An individual in the initial populationis created
by setting each of its parameterso a random value with
a uniform distribution over that parametes minimum and
maximuminitial searchrange.Theseinitial searclrangeswvere
determinedirom experiencein developinggaits by handand
arelistedfor the OPEN-RPrototypein tablel andfor theERS-
110in tablell. To producean initial populationof minimally
viablegait parametersachnew setof gaitparameterss tested
to determinewhetheror notit will causethe robotto fall over.
If asetof gaitparametersioescausetherobotto fall over, it is
replacedby anotherrandomlygeneratedndividual. Whenall
individualsin the initial populationare non-falling, evolution
begins.

The particularEA thatwe useis a steady-statevolutionary
algorithm [22] with a population of thirty individuals. A
steady-stat&A worksby iteratively selectingndividualsfrom
the population to act as parentsand 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,thenthreeindividuals are 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 one parentindividual and perturbsa few genes(one to
eight, determinedat random)by a small amountto generate
a child individual. The genesto be mutated are selected
randomlyandthe mutatedvalueis, ; where
is a uniform randomvalue in the rangeof -1 to 1. Values
for are set to 5% of the size of a parametes initial
searchrange.Recombinatiortakes two individualsas parents
( and ) andcreatesone child individual ( ). Eachgene
of the child is given a value accordingto the equation,

. Here, isthe th geneof the child

individual, and  arethe th geneof parentspl andp2;
and is arandomnumberin the rangeof -1 to 1.

A problem experiencedin initial experimentswas that
sometimesan individual would receve a signi cantly higher
tness scorethan it desered, suchas throughan inaccurate
measureof distancefrom the PSD sensar This resultedin
pulling the searchtoward poor parameters.To reducethis
probleman individual's age,the numberof timesit hasbeen
used as a parent,is stored. Age is incrementedeachtime
the individual is used as a parentfor either recombination
or mutationandwhenan individual reacheghe ageof four it
is re-evaluatedandits ageis resetto zero.Sinceanindividual
is only replacedby anotheronewith a higher tness, this re-
evaluationof an individual is the only way in which the the
best tness in the populationcan decrease.

I1l. EVOLVING PACE AND TROT GAITSWITH THE
OPEN-R PROTOTYPE

We performedtwo different experimentswith our robots,
rst with the OPEN-R Prototype and then with the ERS-
110. Sinceprevious work to manuallydevelop a dynamicgait
for the OPEN-R Prototypemet with poor results,our initial
objective wasto achieve eithera paceor atrot gait throughthe
useof an on boardevolutionary algorithm. After successfully
evolving both a paceand a trot gait with the OPEN-RProto-
type,andwith thelaunchof Sory's entertainmentobot AIBO
approachingye becamenterestedn evolving a dynamicgait
that performedrobustly on a variety of differentsurfacetypes.
In this sectionwe describethe resultsof evolving gaitsfor the
OPEN-RPrototype anddescribethe resultswith the ERS-110
in the next section.

Beforetaking an evolutionary approacho the development
of gaits our lab createdgaits by hand. The two best hand-
developedgaitswerea crawl gait of 5m/min.anda fast-cravl
gait (halfway betweena cravl and a 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 successfuln developinga trot gait.

Unlike our attemptsto hand-crafta dynamic gait for the
OPEN-R Prototype,the evolutionary algorithm was able to
evolve both a paceand a trot gait. Evaluating a single set
of gait parameterswith threetrials takes approximatelytwo
minutesand good gaits are achiesed after a couple hundred
evaluationsFigure4 shavs the averageandbest tness scores
for individualsin the populationfor one run of both the trot
andpacegaits.Fromthesegraphsit appearghatthe bestpace
parameterdrom the initial randompopulationare almostas
goodasthe besthandtailored controllers.In fact, runningthe
bestindividual from theinitial populationshowvs thatwhile the
robotdoesmove at almostSm/min.,a little lessthanits tness
scorewould indicate,it doesnot move smoothlybut stutters,
bouncesin-place, and frequently turns. The average tness
scoreof the populationis a betterindicator of performance.

In evolving a trot gait, the rst thirty individuals were all
non-falling individualsandformedtheinitial population Most
of theseindividuals did not move well, with some moving
backward and the bestmaving only 26cmin seven seconds.
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Fig. 4. Resultswith the OPEN-R Prototype:(a) trot gait; and (b) a pace
gait.

Early individualstendedto move too slowly to have adynamic
gait and moved in a curved path becausea third leg was
always dragging on the ground. Individuals which always
leanedto one side 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
the endof the evolution they weretrotting in a nearlystraight
line. While the bestindividual that was evolved did not move
in atrue dynamicgait, it hada tness scoreof 630andmoved
650cmin a one minutetrial (approximatelytwenty-six body-
lengths/min.) Figure5 shaws a sequenc®f imagesfrom one
cycle of the bestevolvedtrot gait andthe evolved parameters
for this individual are listed in table . In this sequencehe
robot startswith its right legs at their closestpoint together
and left legs furthestapartin (a), followed by the right legs
moving apartandthe left legs moving togetherin (b)-(e), and
thenreversingdirection(f). A digital video of the bestevolved
trot gait is available online [12].

Unlike randomly generatedrot gaits, which tendedto be
stable randomlygenerategbacegaitstendedto make therobot
fall overandit took eighty-fourrandomlygeneratedetsof gait
parameterso createtheinitial populationof thirty individuals.
Like with the trot gait, the initial populationhad a couple of
good individuals that moved quickly but did so awkwardly,
and mostindividualshad a tness scorelessthan 150. After
eleven generationsof evolution (330 evaluations)the best

@ (b)
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Fig. 5. A sequencef imagesshaving the bestevolved trot gait.

individuals could move 1020cm/min. which is approximately
forty body-lengths/minAt this point the maximumevolvable
speedseemedo belimited by variationin the startingangleof
therobot. After centeringon the coloredstrip the robotspends
one secondswitching gait parametergo thoseof the current
individual. In doingsoit would oftenturn slightly andthenthe
robot would receve a poor straightnesscoreeven thoughit
ranstraight.As aresultthe differencein tness scoresetween
the top individuals was mostly a matter of luck. With little
selectve pressureon theseindividuals the populationceased
to improve. Table| containsthe parametewvaluesfor the best
evolved pacegait and a sequenceof imagesfrom one cycle
of this gaitarein 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 balancedn its right
legs with its left legs off the ground(d), andthen shifting its
balancebackto its left side(e-f). A video of this evolved pace
gaitis availableonline [12].

In this rst setof experimentsthe evolutionary algorithm
producedpacegaits that were fasterthan the besttrot gaits.
This may be becausat 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 togethey 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-maoving legs high enough
off the groundin the trot gait thanit is with a pacegait. This
is supportedy the resultsof our evolutionarysystemin which
we evolvedatruly dynamicpacegait, but the evolvedtrot gaits
draggeda third leg alongthe ground.
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Fig. 6. A sequencef imagesshawving the bestevolved pacegait.

IV. EVOLVING A ROBUST DYNAMIC GAIT WITH THE
ERS-110

Oneshortcominghatwe noticedwith the resultsof the rst
setof experimentsis that a particularset of gait parameters
will oftenperformquite differentlywith differentrobotsof the
sametype or on a differentsurface.This suggestshat evolved
individuals are somevhat specializedto the ervironmentin
which they are evolved. While addingsensorfeedbackmight
reducethese effects, sensorfeedbackwas not incorporated
into the locomotion module. This leadsto our secondset
of experimentsin which our objective is to evolve a set of
gait parameterghat are sufciently robustto be usedon the
consumetnersionof AIBO.

One reasonwhy gaits evolved on the OPEN-R Prototype
were not very robust may be becauseof the ervironmentin
which the trials took place. Sincethe carpeton which trials
took placeis relatively smooth evolved gaitswerenot adapted
to rough surfaces: behaiors evolved for one ervironment
will work on that ervironment and should work on easier
ervironments,but will not necessarilywork on harderenvi-
ronments.Similarly, switching robotsis a form of changing
the ervironment becauseof differencesin manugctureand
calibration.To achieve robust gaits that work well on a wide
varietyof environmentswe hypothesizedhatevolution should
take place in a dif cult ervironment. In these secondset
of experiments,this hypothesisis testedby creatinga more
dif cult ervironmentfor gaitsto evolve and comparinggaits
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Fig. 7. Resultswith the ERS-110:(a) on a normal surface; and (b) on the
obstructedsurface.

evolved in this ervironmentto thoseevolved in the original
ervironment.

To createa moredif cult ervironmentfor evolution, plastic
rodswere placedon the groundperpendiculato the direction
in which the ERS-110would run. In setting up this ervi-
ronmentwe tried a numberof differentcon gurationsof the
plastic rods. When moving acrossthis surface,the ERS-110
would often stepon top of a rod and sometimeshis would
causeit to turn and changedirection. As a result, this set of
parametersvould have a poor straightnesscoreand a low
tness scoreeventhoughit may have beena goodindividual.
With too mary rods the ERS-110would step on rods too
frequentlyandwith too few rods,or with poorly placedrods,
the ERS-110would have little interactionwith them andthe
rods would not in uence evolution. The con guration we
settledon usessix rods(asshavn in gure 2.b)whichrequires
both the front and rear legs of the ERS-110to move over at
leasttwo rodsin a typical trial.

Three runs of evolution on the obstructedcarpet were
performedand then comparedagainstthreeruns of evolution
on the normalcarpetedsurface.Eachevolutionaryrun wasfor

ve-hundredevaluations,which took approximatelytwenty-
ve hours.In the early generation®f theseexperimentsmost
individuals would drag their feet along the carpet.With the
obstructectarpet,individualswith low stepswould have a foot
catchon a rod andfall over. Theseindividualswould recevve
alow tness scoreandbe replacedby individualswith higher
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Fig. 8. The gait sequencédor an evolved gait on the ERS-110.

TABLE VI
EVOLVED GAITS TESTED ON DIFFERENT 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 end of the evolutionary run individuals
evolved stepshigh enoughto move over the rods. In contrast,
individuals evolved on the unobstructedcarpetreceved no
suchpressureo use high steps.Evolved gaits were halfway
betweena cravl and a trot gait. The graphsin gure 7 are
plots of both the highestand average tness scoresof the
population,averagedover the threetrials. Figure 8 shavs a
sequencef imagesof anevolvedtrot-like gait. Herethe robot
startswith its right legsin the processof comingtogether(a)
until they areattheir closestpoint (b), andthenextendinguntil
theright legs arefurthestapartfrom eachother(c). Videosof
this experimentandtheresultinggait areavailableonline [12].
To determinaf evolution on the obstructeccarpetdid result

in a more robust gait, the bestindividual evolved for each
surface type was then run using four different surface types
andthreedifferentERS-110sTableVI lists theresultsof these
trials, with eachentry beingthe speedaveragedover the three
robots. On all four surfaces,the individual evolved on the
obstructedcarpetoutperformedthe individual evolved on the
unobstructedtarpet.

In theexperimentpresentedofar, alargesearchspacenas
usedto createaninitial populationof randomgait parameters.
Oncea good set of parameterdiasbeenfound, 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 parametespace.Using
one of the betterindividuals from an evolutionary run asthe
seedindividual for further evolution, we evolved a trot gait
on the rough surface that moves at 900cm/min.This gait is
muchfasterthanary of the individualsevolvedin the rst set
of experimentswith the ERS-110andwas sufciently robust
that it was approved by Sory's quality assurancelepartment
andis usedon the consumerversionof AIBO.

V. CONCLUSION

The primaryinterestin this projectwasto developa system
thatwould learndynamicgaitsfor the OPEN-RPrototypethe
ERS-110andfuturerobotswith minimal humanattention.The
autonomousgait acquisition systemdescribedin this paper
achievesthis goalthroughthe useof anevolutionaryalgorithm
which runs on both robots and usesthe robots' onboard
sensorgo evaluateits own performanceUsingthis systemwe
evolved both paceand trot gaits on the OPEN-R Prototype,
of which the fastestgait moved at over 10m/min., which is
approximatelyforty body-lengths/min.One shortcomingwe
foundwith evolvedgaitsis their sensitvity to thespeci ¢ robot
or ervironmentin which they were evolved. By roughening
the oor of our experimentalervironmentto createa more
challengingsurface we were able to evolve robust trot-like
gaits on the ERS-110,0ne of which was approsed by our
quality assurancelepartmentindis includedin the consumer
versionof AIBO.

A secondanyinterestof this project was to investigatethe
viability of anevolutionaryalgorithmrunningon a realrobot.
One limitation on our currentsystemis that cablesare used
to transmitpower to the robot and receive datafrom it. But
this constraintis not necessaryfor future versions of our
systemsince newver hardware for AIBO includesa wireless
communicatiordevice and a base-statiorat which AIBO can
dock to rechage its batteries.While the amount of time
requiredto learn/eolve a taskin real time with a real robot
may precludeits usein somesituations,a robot that evolves
behaiors over time throughits reactionsin the real world has
the potentialto be a valuabledevelopmentalbehaior for an
entertainmentobot.
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