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Abstract—

Developing fast gaits for legged robots is a dif-
ficult task that requires optimizing parameters
in a highly irregular, multidimensional space. In
the past, walk optimization for quadruped robots,
namely the Sony AIBO robot, was done by hand-
tuning the parameterized gaits. In addition to
requiring a lot of time and human expertise, this
process produced sub-optimal results. Several re-
cent projects have focused on using machine learn-
ing to automate the parameter search. Algorithms
utilizing Powell’s minimization method and policy
gradient reinforcement learning have shown signifi-
cant improvement over previous walk optimization
results. In this paper we present a new algorithm
for walk optimization based on an evolutionary
approach. Unlike previous methods, our algorithm
does not attempt to approximate the gradient of
the multidimensional space. This makes it more
robust to noise in parameter evaluations and avoids
prematurely converging to local optima, a problem
encountered by both of the algorithms mentioned
above. Our evolutionary algorithm matches the
best previous learning method, achieving several
different walks of high quality. Furthermore, the
best learned walks represent an impressive 20%
improvement over our own best hand-tuned walks.

I. INTRODUCTION

Creatingeffective motionin four-leggedrobotsis a very
challengingtask, as there is a large number of degrees
of freedomand thereforeparameterdo be set. We have
extensvely addressedhis task for several yearsand have
developedmotionsfor a few differentversionsof the Sory
AIBO four-leggedrobots.The procesof de ning success-
ful motions is tedious and rather brittle, as it strongly
dependson the particular walking ervironment. Every
newv walking surface,e.g.,the speci ¢ carpetor the oor,
changesheperformancef awalk, potentiallyaffectingthe
robot's walking speedand stability. The walk parameters
then needto be recalibrated,a processthat can easily
take several hundredtrials for an expert. Nevertheless
researchersising the Sory AIBO robots,in particularfor
robot soccer have developedeffective motions. Our own
besthandtunedwalk is at 235mm/sec.

With multiple changesof hardware for new robotsand
an increasingnumberof differentervironmentswherethe
robotsneedto walk, therewasrecentlya drive to develop
automatedapproachesfor selecting motion parameters.
Two recentpapers,namely from the UNSW and the UT

Austin robot soccerteams,[1], [2], contrituted the rst
learning approachedfor four-legged robot motion. The
UNSW learnedwalk was impressiely acquiredwhile at
RoboCup-2003[3] and the robots reacheda speed of
270mm/secThe UT Austin effort was later successfuin
reachinga learnedwalk of 291mm/secBoth groupsused
locus-basedmotion systemsand gradient descentbased
learningmethods A summaryof the besthandtunedand
learnedwalks canbe seenin Tablel.

Following up on theserecentlearningaccomplishments,
we engagedin researchingor a new learning algorithm
robust to evaluation noise. Both of the gradient-based
learningmethodsmentionedabore were sensitve to noise
in parameterevaluationsand were prone to prematurely
converge to local optima. Additionally, the motion system
developedby our teamis not locus-basedand the search
spaceis less continuouswith a large number of local
optima.

In this paper we contribute an evolutionary approach
that was usedto successfullylearn effective motion pa-
rametersthat have allowed the robot to sustainmaximum
speedsof 296mm/sec.Since we have obsered that the
last digit is of greatsensitvity to the time computation,
we feel con dent presentingour resultsas a maximum
of 200 6mm/sec,closely matchingthe performanceof
the UT Austin work. Our algorithm encountereda set of
high quality and fast walks, improving the speedof our
robot's walk by approximately20% over our own best
hand-writtenwalk. Most importantly we have developed
an algorithm that allows us to autonomouslyoptimize
our motion parametergor various surface conditionsand
differentrobot platforms,suchasthe ERS-7,in arelatively
shortamountof time. Furthermorethe approactpresented
in this paperis of valuenot only for oursehesbut alsofor
mary other teamsthat use our motion systemwhich has
beenfreely availablefor several years.

The paperis organizedas follows. We rst presentin

Hand-tuned Gaits Learned Gaits

UNSW  UTAustin - CMPack | UNSW  UTAustin  CMPack
254 245 235 270 291 296
TABLE |

FORWARD VELOCITIES OF THE BEST HAND TUNED AND LEARNED
GAITS IN MM/SEC.



detail our robot motion system,highlighting its ability to
testfor kinematicerrors.We thenpresenthe geneticlearn-
ing algorithm,including the representationpperatorsand
tness used.We presenin detailthe experimentallearning
setup,providing empiricalresults.We nally concludethe
paper

Il. ROBOT MOTION
A. The Motion System

At the lowest level, the goal of the motion systemis
to de ne a path for the legs in three-dimensionaspace
that will provide fast and stablelocomotion. To achieve
this goal the task is abstractedo a higher level, and the
motion is de ned in terms of parametergdescribingthe
behaior of the body andlegs.

Various approachedo robot motion have resultedin
differentparameterizatiomethods.One popularapproach
is to de ne the path of eachleg using loci of various
shapesranging from rectanglesto ellipses. Variations of
this methodwere usedby the UNSW and UTAustin teams
for their gait optimizationalgorithms[4], [5].

Our motion system focuseson the problem from a
different perspectie by approachingt from the point of
view of the body insteadof the legs [6]. The trajectory
of the body is representedby an acceleratiormodelwhich
maintainsthe desireddirectionof motion. The behaior of
eachleg dependson whetherthe foot is in the air or on
the ground.While thefoot is on the ground,theleg moves
relative to the body to satisfy the kinematic constraintof
body motion without slipping. While in the air, the leg
moves toward a speci ed tamet location whereit will be
setdown.

The air path and the target position for foot placement
arekey factorsin keepingthe robot stableandmaintaining
the leg within reachablespace.Unlike other approaches
which aim to nely control the air path of the leg, our
approachleaves the exact path unspeci ed, and the only
requirementis that the foot clear the ground while it is
moving forward. The target position is chosensuch that
once the robot's foot is set down, and is following the
body'strajectoryit will passhroughtheneutralpositionof
thatfoot at a speci ¢ time in the walk cycle (usuallyabout
half way through the ground cycle). When calculating
the target position it is assumedhat the body trajectory
will remainunchangedor this short period of time. The
position of the body is then evaluatedat a future point
when the foot is to be set down, and at the time when
the foot will be passingthroughthe neutralposition. The
target position can then be calculatedfrom this data. The
target point for settingthe foot, the projectedvelocity of
the body along the groundplane,and the currentposition
and velocity of the foot are then usedto specify a spline
pathfor the leg to follow throughthe air.

In somecasesour assumptionof a constantbody tra-
jectory doesnot hold becausehe direction of motion is
changedn the middle of a stepcycle. Whenthis occursthe
foot passe<loseto, but not throughthe neutral position.

Sincethe pathremainssmooth,this methodperformswell
in the majority of cases.

Calculationf theair pathof thelegsandtargetposition
also take into account additional speci ed parameters.
Theseinclude the desiredheight and angle of the body
the total cycle time of the walk, and velocities of the
legs. Additional hop and sway parameterscontrol the
movementof the shoulderand hip joints in vertical and
lateral sinusoidalpatterns.

The completeset of the 54 motionsparameteraisedto
control the walking motionsis asfollows:

« Neutralpositionsof thelegs (12 parametersx-pos.,y-
pos.,z-posfor eachleg)

« Lift velocitiesof the legs (12 parametersx-vel., y-
vel., z-vel. for eachleg)

« Setvelocitiesof thelegs (12 parametersx-vel., y-vel.,
z-vel. for eachleg)

« Leg pickuptime (4 parameters)

o Leg set-davn time (4 parameters)

« Body angle

« Body height

« Body hop amplitude

« Body sway amplitude

« Time of onewalk cycle

« Maximum height of airpath(2 parametersfront and
rearlegs)

o Maximum velocitiesallowed (3 parametersforward,
lateraland angular)

By hand-tuning these parameterswe have achieed
walks with speed=f up to 235mm/s.

B. Kinematic Test of Parameters

Part of the processof generatingnen motion parame-
ters is the motion systems kinematic test. Before being
executedon the robot, eachparametersetis testedto see
if the resultingwalk maintainsthe legs within reachable
spaceusing the forward kinematic model. If the planned
pathof the legsis beyond the physical limits of the robot,
the motion of the legs canbecomeunpredictableln mary
casesthis can lead to motions that put excessie strain
on the motorsand are otherwisedangeroudor the robot.
The kinematic test procedurecalculatesthe number of
8ms motion framesduring which eachleg is beyond the
physical boundsof the joints. This dataallows the userto
decidewhetherthe parameterset should be testedon the
robot. A small numberof error framesareusuallyallowed
for testing.

I1l. THE LEARNING ALGORITHM

With the parameterizatiodescribedabore, the problem
of optimizing the gait speedbecomesa parameteropti-
mization problem in multi-dimensionalspace.A variety
of algorithms exists for solving this type of problem,
but the selectedapproachmust possesspeci ¢ desirable
characteristicsThe algorithm must:

« Handlenon differentiablesearchspacesinceno gra-
dientinformationis available.



Algorithm [Il.1: GA(P opulation; F;G)

F F itnessF unction
Ft  TerminationF itness
G N umber Of Gener ations
M Siz eOf P opulation
Pc Frequency Of Crossover
Pm F requency Of M utation
P opulation RANDOM POPULATION()
CALCFITNESSOFEACHINDIVIDUAL(P opulation )
Whileg(B estl ndividual ) < Ft and GenerationN um < G
if RadiationO n = true
% then CHECKFORRADIATION()
P arents P opulation
Children  CROsSsSOVER(P arents; pc)
Chil dren MUTATION(P ar ents; pm)
g CALCFITNESSOFEACHINDIVIDUAL(Chil dren)
P opulation MERGE(P ar ents; Chil dren)
P opulation CROPPOPULATION()
return (B estl ndiv idual )

TABLE I
PSEUDOCODE FOR THE MODIFIED GENETIC ALGORITHM USED TO
OPTIMIZE THE ROBOT’S GAIT.

« Have high corvergencerate since every evaluationis
expensve.

« Beableto nd thetrue optimumsolutionindependent
of the initial parameters.

« Be resistantto noisein the evaluationfunction.

o Allow a parallelizedapproach.

Our chosensolutionfor this problemis an evolutionary
approachbasedon genetic algorithms. The algorithm is
basedon the corventional GA [7], [8] but has several
importantmodi cations.

A. Genetic Representation

A summaryof our genetic algorithm is presentedin
Table Il. Each walk parameterset is representecby an
integer vector with one elementper walk parameterAll
parametervalues are boundedto loosely representthe
physicalconstraint®f therobot. For examplewe boundthe
heightto bein therangeof 85-120mmsincevaluesoutside
of this rangeare impossibleto satisfy using a crouched
walk.

The crosseer operation uses two-point crosseer to
form two new individualsfrom two parentsTwo crosseer
points are randomly selectedand the vector elementsbe-
tweenthesepositionson the parentvectorsare exchanged
to form the child vectors. P, controls hov mary new
individuals are createdby applyingthe crosseer operator

The mutationoperatorusesGaussiarmutationto create
one new offspring from a single parent. The procedure
consistsof addinga randominteger valuefrom a Gaussian
distribution to some elementsof the parentvector P,,
effects the numberof individuals mutated,as well asthe
numberof mutatedelementsper vector

The tness function aims to maximize the forward
velocity of therobotandfor the purpose®f this experiment

LImplementation based on the GAlib package developed by Matthew
Wall at the Massachusetts Institute of Technology.

dependsonly on the forward distancetraveled during the
allotedtime period.

The algorithm usesoverlappingpopulationsin orderto
always presere the best individuals in the population.
During eachgeneratiorthe algorithm createsa temporary
populationof childrenfrom the parentpopulationby using
the crosseer and mutation operators.Each new child is
testedusing the kinematic parametertest and only indi-
vidualsthat passthe testare admittedinto the population.
Cross@er and mutationis repeateduntil the desirednum-
berof valid childrenis reachedEachnew individualis then
evaluatedandthe populationsare combinedinto onelarge
population.The worst M individuals arethenremoved in
order to return the populationto its original size. This
assureshatthe populationwill continueimproving or will
plateauwhen no betterindividuals can be found.

An additionalimprovementover traditional GAs is an
optional methodto prevent prematureconvergenceto sub-
optimal extremes.This methodtametsindividualsthat are
in a local extremeby addingradiationto the neighboring
area [9]. If alarge groupof individualsis clusteredwithin
the samelocality, radiationis placedinto the middle of
thatregion. In effect this increaseshe mutationratein the
areadramatically causingall of the individualsto mutate
during the next generationand to disperseto other areas
of the space.The in uence of the radiationfalls off with
distancefrom theradiationpoint, andthe level of radiation
decreasesver time. We found this methodto be usefulin
controlling the learningbehaior of the algorithm as will
be describedn the next section.

B. The Learning Process

All  experimentstook place on a robot soccer eld
designedfor RoboCupcompetitions.This allowed us to
reusemary of the featurespresentin CMPack code,such
asthe vision andlocalizationsystems.

During eachevaluationthe robot walks acrossthe eld
for a speci ed amount of time, calculating its velocity
basedon how far it hastraveled. The localizationsystem
of the robot usesthe uniquely colored landmarkslocated
aroundthe eld to triangulatethe robot's position and
track its progress.Since the unesen movement of the
robot's cameraduringthewalk canintroducenoiseinto the
measurementgshe robot evaluatesits startingand ending
positionswhile standingstill.

The learning algorithm itself is executedon an off-
boardcomputemwhich communicatesvith therobotsovera
wirelessnetwork. Eachparametesetis sentto anavailable
robot to be evaluated.Once evaluation is completedthe
robotreplieswith anevaluationscore.Thedistributedsetup
providesgreatemprocessingower, allows for paralleleval-
uation by using several robots,and assureghat all results
areloggedwithout lossof datain caseof robotfailure.The
algorithmcaneasilyscaleto anarbitrarynumberof robots.
In our casewe wereableto simultaneouslysefour robots
onthesameeld (seeFigurel). Thelearningprocesstself
is completely autonomousithe only human intervention
requiredis to replacedischaged robot batteries.



Fig. 1. The training environment. Four robots evaluate different param-
eter sets simultaneously. The colored markers around the field are used
for localization.

For our setupwe limited the numberof motion param-
etersbeing variedto 12. The parameteispaceis partially
simpli ed by the factthatsincethe AIBO robotsarefairly
symmetric,the samefoot offset valuesare usedfor the
left and right legs. Other parametervalues were set to
x ed valuesin order to simplify the searchspace.Since
previously motion parametershad always been done by
hand, safe values could easily be establishedfor these
parametersThe twelve parametersusedin the learning
processare the onesthat have the greatesteffect on the
walking motion. The parameterghat were learnedare:
body height,body angle,cycle time, front x offset, front y
offset,rearx offset,reary offset,front lift-time offset,front
set-timeoffset, rearlift-time offset,rearset-timeoffset,and
hop amplitude.

The lift-time and set-time offset parametersepresent
offsetsfrom the original lift andsettimesof thelegs. The
traditionalgait for the AIBO robotsis a trot which involves
diagonal pairs of legs maoving in unison. The robot has
only two feetin contactwith the groundat ary onetime.
The lift and set-timeoffsetsallow the learningalgorithm
to modify the timing of the legs sothatfront andrearlegs
move slightly out of synch.Changesto theseparameters
cancausethe robotto have all four feet on the groundfor
longerperiodsof time, or to attemptto lift all four feet off
the groundat the sametime. Previous resultshave shavn
thatthe fastestearnedwalkstries to keepeachfoot on the
groundonly 43% of the time [2].

We found that for the populationssize, 30 individuals
was a good compromisebetweena fast algorithm and
a diverse population. A larger population increasesthe
evaluationtime of eachepoch.Sinceone of our goalsis
to be able to run the algorithm during competitionsand
demoswherethe time before presentationis limited, it is

not practicalto have very large populationsizessincethis
will limit usto runningfewer generation®f the algorithm
and slowing down the learning.A smallerpopulationsize
may not provide enoughvariation, causingthe algorithm
to corverge to local extremesmore often than necessary

The populationcan be initialized with randomor hand
selectedparametersThe learning processtakes place in
two phases:

Phasel: The goal of Phaselis to explore a wide range
of parametewalues,never focusingtoo muchon onearea.
The mutation and crosseer ratesare set high, P (m) =
0:5 and P (c) = 0:6, causingthe parametergo vary over
a large range.The radiation methodis turned on during
this phasesothatif by chancea populationdoesbecome
too homogeneousadiationis placedin that neighborhood.
During this phasewe avoid converging to ary optimumat
all but spendthetime exploring awide rangeof parameters.

Phase2: During Phase2he goal is to converge to the
optimalwalk. A handfulof the bestindividualsdiscovered
during Phaselforms the initial populationin this phase.
Now the algorithm is changedto explore in detail the
neighborhoodssurroundingthesefew parametersRadia-
tion is turnedoff, andmutationandcrosseer probabilities
areturneddown to P (m) = 0:3 andP (c) = 0:2.

An important decision point in this approachis the
termination of Phaseland initiation of Phase2.Staying
in Phaseltoo long will slow down the algorithm because
the large mutationrate combinedwith the radiationfactor
force the algorithmto constantly nd new areasto explore
even if it has found a global optimum. Switching into
Phase2oo early couldalsohave a slowing effectif noneof
the parameterdrom Phaselare very good. The algorithm
would then be limited to exploring a small set of local
regionsof optimality; sincethe mutationrateis fairly low,
it may take a while for arandommutationto nd another
areawith bettervalues.

During testingwe foundthatthis decisionis not dif cult
if the scopeof the evaluationfunction is known. In other
words, with the knowledge that walks with velocities
upwardof 260mm/seavereconsideredjoodwe terminated
the algorithmoncesereral suchpromisingwalks hadbeen
found. Although it is not possibleto guaranteethat the
algorithmcornvergesto the global optimumsincethe entire
spacehas not beensearchedthe algorithm nds highly
optimizedwalks with speedghathave not beenpreviously
achieved throughhandtuning.

C. Dealing With Noise

Even though during the evaluation the robots remain
stationarywhile calculatingtheir positions,someerror due
to noisy sensorsstill remainsin the system.Several steps
weretaken to minimize the effect of theseerrors.

By keepingonly the bestmembersafter every genera-
tion, it is assuredhat the next generatiorwill be created
from the strongestindividuals. Unfortunately if due to
accidentahoiseoneindividual recevesanabnormallyhigh
score thisindividual couldremainin the populationforever



even thoughit may not be very good. To counteractthis

problem, walks with reportedvelocities over 240mm/sec
wereevaluatediwo times,andthe nal scoreis theaverage
of the two runs.

Additionally, all the individuals in the population are
reevaluatedevery tento fteen generationsAlthough this
slows the algorithm slightly becauseepeatedcalculations
are made, it limits the effect noise has on the system.
Individuals that accidentallyrecevved high scoresbecause
of noisewill bereevaluatedandwill dropdown in ranking.

A segmentof the learning processshaving the effects
of this method can be seenin Figures2 and 3. During
the 10th generationone parameterset is evaluatedat a
very high value dueto noisefrom the sensorsDuring the
following generationthe entire populationis reevaluated
andthe individual is ranked correctly Learningprogresses
until a plateauis reached.
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Fig. 2. The average fitness of the population over time. Due to our
approach always maintaining the best individuals from combined parent-
child population, the average fitness of the populations monotonically
increases except when the members of the population are reevaluated
during the 11th epoch.
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Fig. 3. The fitness of the best individual in each population over time.
This is an example of why keeping only a single best individual can lead
the algorithm astray if the evaluation function contains noise.

Parameter Walkl | Walk2
Body Height(mm) 108 107
Body Angle(deg) 11 12
Cycle Time(ms) 679 673
Front x Offset(mm) 108 116
Front y Offset(mm) 60 61
Rear x Offset(mm) 89 93
Rear y Offset(mm) 60 60
Front Lift-Time Offset(%) 0 2
Front Set-Time Offset(%) 4 5
Rear Lift-Time Offset(%) 1 1
Rear Set-Time Offset(%) -1 -1
Hop Amplitude(mm) 0 0
TABLE 111
PARAMETER VALUES FOR THE TWO BEST WALKS LEARNED BY OUR
ALGORITHM.
IV. RESULTS

Using the algorithm describedabore we were able to
nd two different parametersetsthat allow the robot to
move at 290 6mm/sec. These results are a dramatic
improvementover our previous hand-tunedvalk which had
the speedof 235mm/secThe optimalvelocity achiesed by
the robot closely matchesthe fastestknown walk for the
AIBOs achieved by the UT Austin Villa team [2] with
their learningmethod.

The optimal parameterdearnedby the algorithm are
shavn in Table Ill. A negative lift or set-time offset
percentageepresentshe event happeningearlierthanthe
original lift or settime for that leg. Positve percentages
represeneventshappeningslightly later than normal.

Imagesof the robot walking using theseparametersre
shavn in Figure 4. Both parametersetsresultedin very
similar walks. The legsmove parallelto the bodywith very
little side velocity. The legs are always picked up cleanly
andthereis no sliding motionalongthe ground.Both walks
seemto be optimizedto take long uid stridesto cover as
muchgroundaspossible An apparensideeffect of this is
that occasionallythe elbavs andkneescomecloseenough
togetherthatthey touch.For oneof the motionsthis contact
is fairly rarewhile in theotherwalk it is very regular. Since
the contactis brief and not very strong,it doesnot seem
to interferewith the walking motion or damagethe joints.

Several testingruns of the algorithm during which we
experimentedwith parameterprecededhe nal learning
run. The main learning experiment was started only a
singletime andranto completion successfullynding two
optimal parametersets. The starting populationwas ini-
tialized with randomparametershat passedhe kinematic
test. During Phaselwe executed40 generationdor a total
of approximatelyl500 eld traversals.During Phase270
generationswere executedfor a total of over 2500 eld
traversals. The total running time of the algorithm was
approximately5 hours.

V. CONCLUSION

In this paperwe presentan evolutionary approachto
autonomouslyoptimizing fastforward gaits on quadruped
robots. Our approachhaspraven to be very effective and



Fig. 4. The fastest learned walk.

hasresultedin a 20% increasen speedover our previous
walking motion. The algorithm has mary strengthsover
alternatemethods.We have showvn that even if starting
from a randompopulationthe algorithmis able to match
the best previously known AIBO gait within a matter
of hours. The GA-basedapproachis resistantto noise
and avoids corveming to local extremes.Additionally, we
believe thattheresultspresentedn this paperwill bene ta
large numberof othergroupsthathave adoptedour motion
model.
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