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Abstract. Oneproblemin roboticsoccer(andin roboticsin general)is to adapt
skills andthe overall behaior to a changingervironmentandto hardware im-
provementsWe appliedhierarchicakeinforcementearningin an SMDP frame-
work learningon all levels simultaneouslyAs our experimentsshaw, learning
simultaneouslyn the skill level andon the skill selectionlevel is adwantageous
sinceit allows for a smoothadaptionto a changingervironment.Furthermore,
the skills we trainedturn alsoout to be quite competitve whenrun on the real
robotic playersof the playersof our CSFreiburg team.

1 Introduction

TheRoboCupontet providesuswith problemssimilarto thoseencounterethy robots
in realworld tasks. Theagentshave to copewith acontinuouslychangingervironment,
noisyperceptioranda hugestatespacq6]. Mid sizerobotsareadditionallyconfronted
with a complex motion model and non-trivial ball handling problems.Programming
robotsovercomingall thesedifficulties is a tedioustask. Furthermorewith changes
in the ervironmentor hardwareimprovements previous solutionsmay not work ary
longerandit is necessaryo reprograntherobots.Reinfocement.earning(RL) offers
a rich setof adaptve solutionswhich have also provento be applicableto complex
domains[4]. However, before one can apply RL, it is necessaryo reducethe state
spaceln particulay often one usesgeneralizatiortechniqueson the input space We
reducethesizeof thestatespaceby tile coding[1,2] whichis awidely usedmethodfor
linearfunctionapproximationn RL.

In addition, it is advantageouso decomposehe taskinto skills that are selected
on a higherlevel, insteadof trying to learna “universal”’control strat@y. For example,
dribbling, shooting andtaking the ball are threedifferent skills that can be learned
individually. Oncethe robotshave learnedtheseskills, the robotscanlearnwhento
applythem-similar to layeredlearning[12].

While decomposing taskmight simplify thelearningproblem,it canleadto prob-
lemswhenwe wantto adaptto new environmentalconditions.Using a “layered” ap-
proachandassuminghata new kicking device is usedor thatthe carpethaschanged,
onewould beforcedto first adaptthe basicskills to the new situationandthento adapt
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theselectionstrategy. However, it is not clearwhatthe bestsettingwould beto re-train
the lower level skills in this case.As a matterof fact, we would like to confrontour
robotswith the new situationandtrain both levels simultaneouslyin otherwords,we
wantthemto adapttheir low level skills to the new environmentsaswell aslearningto
decidewhich skill to applyin which situation[5]. The ultimategoalin this context is
to build roboticsocceragentghatimprovetheir skills duringtheirwholelife anddoing
this asefficiently andquickly aspossible.

In orderto addresstheseproblemswe decidedto apply hierarchicalRL based
on Semi Markov Decision Processe¢SMDPs), as introducedby Bradtke and Duff
[3,7] andfurther developedby Sutton[13]. In contrastto Markov DecisionProcesses
(MDPs), which aredefinedfor an actionexecutionat discretetime steps SMDPsare
providing abasisfor learningto chooseamongtempoaglly abstiactactions Temporally
abstractctionsareconsideredn standardcSMDPsasblack boxskills, which executea
sequencef actionsin a definedpartition of the statespacefor anarbritraryamountof
time.

RL methodshave alreadysuccessfullypeenappliedto the simulationleaguein the
Karlsruhe Brainstormes [8] and CMUnited [10] teams.This work is differentfrom
ourssincebothteamsarefocusingmainly onthe multi-agentproblemof roboticsoccer
andusedifferenttechniquedor statespacegeneralizationStoneandSutton[11] have
shavn how RL trainedagentscanbeateven hand-codedpponentsn the keepaway
scenario.Their skill selectionhasalsobeenlearnedby SMDP techniquesHowever,
their skills arehand-coded.

Oneteamapplying RL in the mid size leagueare OsakaTradkies which usea
methodbuilding self-oiganizedhierarchicalstructures[14]. In contrastto other ap-
proacheswvhich favor the decompositiorto “standard”soccerskills, the resultinghi-
erarchyconsistsof small, but very flexible skills. In contrastto our work thatis build
upona world model, their systemcan be consideredas behaior-based becausdhe
statespacds definedby uninterpretedmagesfrom thevision system.

The restof the paperis structuredasfollows. In the next sectionwe specify the
SMDP learningmodel.In Section3, we sketchhow to apply our hierarchicalRL ap-
proachto robotic soccer In Section4, we describeour experimentalresults,andin
Section5 we conclude.

2 Learningin (SMDPs

The framework of MDPs providesa formal descriptionfor time discreteinteractions
betweeran agentandits ervironment.It is assumedhatthe agentchoosest discrete
time stepst anactiona; accordingto the states; previously recevedfrom the world.
An MDP is definedby the tuple (S,A,TR), whereS is the setof world states A is the
setof actions,T : S x A x S’ = [0, 1] is thetransitionmodelandR : S x A = R is
therewardfunction. ThetransitionmodelT is definedby p(s¢+1|at, s¢) whichreturns
for everyworld states; andactiona; the probability distribution overworld statess;+ 1.
Furthermorethe reward function R(s, a) definesreal valuedrewardsreturnedby the
ernvironmentaccordingto the agents laststateandactiontaken.



An MDP is solved whenthe agenthasidentifieda policy = which maximizesre-
wardsreceived over time. By RL methodshis canbe achieved by identifying the op-
timal valuefunction V*(s), indicatingthe maximalfuture (discountedyewardsto be
expectedfrom states. Oncethe optimalvaluefunctionis found, the agentcanbehae
optimally by selectingactionsgreedilyaccordingo V*(s).

Therearewell known methodsto approximatethe optimal valuefunction by suc-
cessve stepsthroughthe statespace Onewidely usedmethodis known asQ-Learning
[16] which allows learningwithoutthetransitionmodelT'. Ratherthanlearningamap-
ping from statesto values,this methodlearnsan approximationfor Q*(s,a) which
mapsfrom state-actiorpairsto values.The updaterule for one-steQ-Learningis de-
finedas

Qrt1 (5t,at) = (1 — ) Qr (5¢,a¢) +  |R(s4,a¢) + Ymag Qrk (st+1,0141) |5 (1)

wherea denoteghelearningrate and~y adiscountfactor.

Corvergencespeedf Q-LearningandotherRL methodscanbeimprovedby con-
sideringeligibility traceq2]. Theideais, roughly speakingto keeptrackof previously
visited statesand updatetheir valuewhenvisiting statesin the future. This yields the
effect thata whole tracecanbe updatedfrom the effect of onestep.The influenceof
stateson the pastcan be controlledby the parameter\. Q-Learningwith eligibility
tracess denoteddy Q(\).

In Q-LearningthevalueQ™ (s, a) of astates is theapproximateditility for selecting
a in s andfollowing thegreedypolicy afterwards.Thereforethetraceshaveto becutoff
whenselectinganon-greedy-actiofor execution(e.g.for exploration).However, when
replacingmaz,Qr(s¢+1,a:+1) by Qr(st41,a:41) in equationl and selectingas1
accordingto the policy selectingactions,we getthe updatefor an on-policy method,
known asSarsa[9] thatallows updatesf thewholetrace.

In SMDPs,actionsareallowedto continuefor morethanonetime step.An SMDP
is an extensionto the definition for MDPs and definedby the tuple (S,A,TR,F). F' is
definedby p(t|s,a) and returnsthe probability of reachingthe next SMDP stateat
time t whenthetempoally abstiact actiona is takenin states. Q-Learninghasbeen
extendedfor learningin SMDPsJ[3]. The methodis guaranteedo corverge[7] when
similar conditionsasfor standardQ-Learningaremet.

Theupdaterule for SMDPQ-Learningis definedas

Qr+1 (st,at) == (1 — @) Q (81, at) + « r+7tngQk (st41,ae41) |, (2)

wheret denoteshesampledime of executionandr theaccumulatediscountedeward
receivedduringtheexecution Lik ethetransitionmodelT’, thetime model F' is sampled
by experienceandhasnotto beknown in advance.

In recentwork, a unificationof MDPsand SMDPshasbeenproposed13]. It also
hasbeenshavn thatthereis aclearadvantageof interruptingtemporallyabstractctions
during their executionand switch amongthemif the changeis profitable.Our work,
however, is basedn the standardramework for SMDPs.



3 Applying Hierarchical Reinforcement Learningto
Robotic Soccer

Thelearners statespacds basedn theworld modelof a CSFreiburg player[17]. The
world modelis continuouslyupdatedin 100 msecintervals and consistsbasically of
positionsandvelocitiesof the ball androbotson the field. Eachsensothasa specific
field of view which meanghattheworld modelcanbeincomplete.

Therobot's trajectoryis controlledby a differentialdrive. Furthermorethe robot
is equippedwith a custommanufcturedkicking device for handlingthe ball. This
device consistof akickerto shootandtwo "fingers” mountedon theleft andrighthand
sideof thekicker to controlthe ball. We noticedthat effectsof the kicking device and
differentialdrive mightvary on differentrobotsof ourteam.lt is oneof the goalsof our
work to copewith thesedifferences.

Experimentatesultspresentedh this paperhavefirstly beenachievedusinga sim-
ulationof ourrobots.Thesimulationis implementedasa client-senerarchitectureand
executesasynchronouslyo world modelupdatesSincetheworld modelsgeneratean
therealrobotsandgeneratedrom the simulationarethe same the learnercanswitch
betweerthemonthefly.

Givenaconstantycletime, theinterfacecanbe usedfor learningin MDPs. Within
cycle ¢; thelearnemrecevesthe currentworld states;, andconsequentlyeturnsthe se-
lectedactiona; which causes;, 1 to beemittedin thesuccessie cycle ¢,y ;. Sincethe
world modelprovidesreliable“high-level” featuresof therobot’s perceptionsimulated
andrealperceptiorcanbe considerecasalmostequivalent.

Theapplicationof RL to our playershasbeencarriedoutin a straightforvardman-
ner, similar to the way humanswould train soccer Firstly, basicskills, namelyshoot-
Goal, shootAvay, dribbleBall, seachBall, turnBall, approaciBall and freeFomStall
[18,17]have beentrainedin simple,staticscenariosSecondlytheappropriateselection
of theseskills andtheir embeddingnto thetaskhasbeentrainedin arealisticscenario
which was a gameagainsta CS Freiburg player from 2001. Finally, the simulation-
trainedsoccelrplayerhasbeenexecutedon oneof ourrealrobots.

Early experimentshave shavn thatSarsa(\) performsbetterthanQ(\) whenlearn-
ing the skills above. We assumethat this is mainly causedby the necessaryguts of
eligibility tracesafternon-greedyactionswhenapplyingthe off-policy method.There-
fore, skills have beentrainedby Sarsa(\). We sety = 1.0 (dueto the presenceof
anabsorbingstate),a = 0.1 (small,dueto the non-determinisnof the ervironment),
€ = 0.05 (small,sincehigh explorationcouldleadto failures)and A = 0.8 (acommon
valuewhenlearningwith n-stepupdates).

The statespaceof eachskill consistsof featuresextractedfrom the world model,
e.g.distanceandangleto the ball or to the opponent Thesefeaturesverechosenac-
cordingto their relevancefor the behaior to belearned.The automatiorof this selec-
tion will be subjectof future work. The action spaceof eachskill is givenby two dis-
cretizedscalarvaluesfor the translationabndrotationalvelocity andonebinary value
for kicking. For eachskill, terminalstateshave beendefineddependingon the skill’s
naturalgoal. The skill approadBall, for example,terminatesvheneitherthe ball has
beenapproacheduccessfullyor couldnotbe seerby the robotanymore.We defineda



rewardof 100 whenthegoalstatewasreachedarewardof —100 whentherobotfailed
its taskandarewardof —1 for eachactiontaken.

For the learningof the skill-selectionSMDP we decidedto allow a high degreeof
explorationto guaranteehe recurrentselectionof all skills. Explorationon the skill
selectionlevel supportsthe selectionof skills with low expectationof future rewards.
This leadsto moretraining of thoseskills andthereforeto their improvementwhich
might lead to higher expectationsHence,we appliedQ(}), sinceit is an off-policy
methodthat learnsthe optimal policy, regardlessof performingexplorative actions!
During learning,goalsmadeby thelearnemwererewardedwith 100, goalsmadeby the
opponentwith —100 andstepstakenin a skill with —1. The statespaceof the SMDP
wasdefinedby the scalarsangleanddistanceto ball, angleanddistanceto opponent,
angleanddistanceto goal,andthebinaryvaluesball is visibleandopponents visible.

4 Experimental Results

Theresultspresentedn this sectionare selectedrom a seriesof experimentsandare
representatie. Eachexperimenthasbeencarriedout with alearnerthatwasequipped
with previously trainedskills that had beenlearnedin simple scenariosAll graphs
shawn in this sectionaresmoothedy averagingover 100 episodes.

In thefirst seriesof experimentghetaskof thelearnerwasto learnthe selectionof
skills whenplayingagainststaticgoalkeeperWe intentionallychoseasimplescenario
in orderto give afirstimpressiorof thelearners performanceDuring eachepisodéehe
goalkeepemwasplacedonanarbritrarypositionin front of thegoal,whereadearnerand
ball were placedanywhereon the field. We comparedwo learnerspneandthatwas
focusingon the learningof skill selectionanda secondhatwasadditionallyallowed
to improveits skills further. Figurel showvs the progresf thetwo learners.
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Fig. 1. Learnerversusstaticgoalkeeperwith andwithout learningwithin skills

! Note,dueto themuchsmallernumberof stepsduringan SMDP episodethe negative effect of
Q-Learningon eligibility tracess of minorimportance.



Thebaselindndicateshe averageof theaccumulatedewardsa CSFreiburg Player
achieves during one episode.In both settingsa good action selectionstratgy was
learnedafter 500 episodesLearningwithin skills, however, leadsto a noticeablybet-
ter performanceAlthoughthe scenarian the experimentwassimilar to the oneused
to pre-learnthe skills, the learningwithin the skills enableghe learnerto adaptmore
flexibly to thegame-playingsituation.

Theresultspresentedh Figure2 demonstratbow thesystenreactsonasignificant
changeof the ernvironment.We comparedearnerswith a normalanda strongkicker.
Thestrongkickerwasableto acceleratéhe ball muchfaster but lessprecise Thetask
now wasto competeagainsta CSFreiburg playerthat wassloved down to athird of
its normalvelocity. At the beginning of eachepisodethe learnerandball were placed
randomlyinto onehalf, facingtheopponent.
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Fig. 2. Learnerversusa CSFreiburg playerwith a normalandwith a strongkicker. The initial
skills weretrainedwith a strongkicker. Both playersreachan adequatdevel of play aftersome
time of training.

Again,thebaselindndicateshe averageof theaccumulatedewardsa CSFreiburg
Playerwith normalvelocity achiezesduringoneepisodeDueto thefactthatskills were
pre-trainedwvith a strongkickerthelearnerusingthe normalkickerreachedessreward
during the first 1000 episodesAfter 6000 episodeshowever, playing with a normal
kicker turnsout to be more successfuthan playing with the strongone. The learner
with the normalkicker developsa differentway of playing: He is dribbling moreoften
to thefront of thegoalandperformsaratherpreciseshootfrom smalldistance Tablel
shavsthefrequeng of selectingparticularoffensive skills.

DribbleBall ShootGoalShootAvay TurnBall
NormalKicker 48.9 37.0 4.8 9.3
StrongKicker 30.3 57.6 45 7.7

Table 1. Selectedskills if learnerwasball owner(in %).



Thelearnemwith the normalkicker tendsto selectdribbleBall moreoften,whereas
theplayerwith thestrongkicker continuedo shootfrom furtherdistancesFinally, both
learnergeacha similar level of performancehatis winning againstheir opponent.

The previous experimentsevaluatedthe learners overall performancelt is also
important,however, how the skills themselesimprove over time. Figure3 documents
thelearningprogresf the skill shootGoal
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Fig. 3. Learningof the skill shootGoalhile playingagainsta CSFreiburg player

Theresultshavs thatthe simultanoudearningof skills andtheir selectionleadsto
higherrewards.Thelearnerimproving skills andskill selectiorreachednaccumulated
rewardof nearly50, whereagheotherlearnercouldnotreachmorethan—25. Without
learningtheskill selectionskills areexecutedandomly andthusalsoin inadequatsit-
uations.For example,ShootGoatouldbe chosenwhenfacingthe own goal.Certainly
it is possiblethatShootGoalearnsto handlesuchsituationsaswell, but this couldtake
avery long time of learning.In fact, the slowly improving curve for learningwithout
skill selectionindicateghislearningprocessOntheotherhand withoutlearninginside
the skills, skills are executedasthey weretrainedfor staticscenariosFigure3 shavs
thatadaptionof skills to the taskat handbenefitshe overall result.

Finally, we starteda first experimentwith our bestlearnedskills andskill-selection
onarealrobot. Thetaskwas,asalsoevaluatedn the simulation,a staticscenariovith
agoalkeeperin front of the goal. The learnerstartedan episodefrom the centerof the
field, whereasheball wasplacedrandomly As we expectedthelearnerstartedo chose
reasonablskills, suchassearchBall to locatethe ball on thefield, approachBall to get
closeto it andturnBall to gettheright direction. To our surprise mostskills executed
impressvely well. The learnerwasrobustly playing the ball without losing quality in
skill selectionor execution.

While playing for onehourthelearnerwasableto score0.75 goalsper minute.In
contrastthe hand-codeSFreikurg playerscore9.94 goalsper minutewhenlimited
to onethird of its maximalvelocity and1.37 goalsper minutewhenplayingwith max-
imal velocity. Althoughthe performancef the playeris superior the resultis remark-



able,sincethe learnerwascompletelytrainedin the simulation.Note thatthelearners
resultwasachievedby farlesstime for designandparametrization.

In orderto evaluatehow the total performancémprovesover time, morethanone
hour of playingwill be necessaryA long-termevaluationwill be presentedn future
work.

5 Conclusion and Discussion

We studiedthe applicability of hierarchicalreinforcementiearningto robotsin the
mid sizeleague For our particularsetting,RL methodsperformremarkablywell. Our
learnerwasableto competewith one of our hand-codedglayers,evenwhenerviron-
mentalconditionswere changed Additionally, the low amountof learningtime indi-
catesthatthereis still potentialfor learningin hierarchiesvith morethantwo levels.

The experimentsshawv thatlearninginsideskills improvesthe overall performance
significantly Thus, the resultsleadto two importantconclusionsFirstly, the whole
systemachieses higher adaptvity to changesn the ervironmentwhile acting stable
withouttendingto aimlesshehavior. Secondlybasedn thefactthatskills adapthem-
selesto theglobaltask,it seemdo bepossibleto reusetheseskills for a differenttask,
suchasball passingor generakeamcooperation.

Ourfinal experimenton arealsoccerobothasshovn thatknowledgelearnedn our
simulationcanbe reusedor areal-world task.It canbe assumedhatthe hierarchical
structuresupportghe stablebehaior of therobots.

In future work we will investigatehow the processof adaptioncanbe accelerated
further by usingmoreflexible hierarchiesFurthermoret will beinterestingwhether
our implementatiorcanbe scaled-ugo the gameof morethanonerobot, particularly
in whichway singleplayersareableto adapttheir skill selectionwhenthey areexposed
to the multi-agentproblem.
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