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Chapter 1

| ntroduction

1.1 Autonomous Agents

The designof autonomousagents like mobile robots,hasbecomea key issuein ar-
ti cial intelligence. Autonomousmobile robotsare commonlyableto ful ll certain
so-calledlow-level tasks,suchas collision avoidanceor localization. Basic actions,
asfor exampledriving to a speci ed location, arethuspossiblefor it to perform. In
generalthedesigners motivationis to usetherobotto ful I morecomple tasks.e.g.
to deliver mail or to play soccer If the robotis technicallycapableof performingall
necessaryctionsto carry out the task,the remainingquestionis howto tell the robot
whatit shoulddo andhow. The samequestionarisesfor non-ptysical robots,sothat
in our considerationsve will talk moregenerallyaboutanagent, denotingthe concept
of physical robotsand non-plysical agentsthatactin simulatedworlds or ary other
kind of non-ptysical ervironment. An exampleof non-plysical agentscould be trad-
ing agentsactingat on-line marketsor stockexchangesr computerplayersin some
kinds of games. The specialterm autonomousagentsis usedto point out thatthese
agentsarenot controlledfrom the outside but insteadful Il taskson theirown. Then
adesigneihasto think of how to make theseagentsactintelligently.

Mainly, two paradigmsfor specifyingthe behaior of autonomousagentsexist
which aremostlytreatedndependentlyprogrammingandplanning.

The programmingapproachaims at specifyingan agentthroughan explicit pro-
gram.Thatis, thedesignesstrictly de nesthebehaior of theagent.Imaginablewvould
be a simplesequencef actionsthe agentperformsor someuseof conditionalsto de-
cideondifferentpossiblecourse®f actiondependingon somecondition. Othercontrol
constructsncludeloopsandproceduresAfter all, hawvever, the behaior of theagent
is completelydecidedby thedesignerIn particular whatever situationtheagentmight
getinto, it juststicksto its program.

Hereis the mainlimitation of this approach:asthe compleity of the agents task
increasesthe designingtaskfor the agentprogrammeigetsmore and moredif cult,
meaningthat there are more and more situationsthe programmeihasto provide an
appropriateactionfor. Still, during executionsituationsmight be encounteredhatthe
programmehave notbornein mind. Thentheagentwould probablybehae differently
from whatwould be desired.Furthermoreevensmallchangesn the agents taskmay
requirealot of modi cationsin the program.On the upsidethis approachs typically
fast,astheagentusuallydoesnot have to “think” alot.
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Specifyingan agentaccordingto the planningparadigmis completelydifferent.
Insteadof explicitly specifyinghow to behae, the agentis left with the decisionon
an appropriatecourseof action. In generalthe designerde nes only the actionsand
their effects, describesaninitial stateanda goal state. From thatthe agentis forced
to createa plan how to reachthe goal. This always involves somekind of search.
Subtletiesexist in variousforms: systemsexist that allow for uncertaintyaboutthe
effectsof actions,assigningcertainprobabilitiesto the outcomesonsideregossible.
Othersformulategoalsnotexplicitly assomesortof desirablestateto reach putinstead
assignutilities to statessuchthatthe agentaimsat maximizingthe utilities alongits
path.Puttogetherthoseapproachesonstitutedecision-theoretiplanning,which will
bethekind of planningconsideredn this work.

The planning approachovercomesthe problem with programmingmentioned
above. As longasthemodelsdescribingheeffectsof theactionsareadequatéandthe
descriptionof thegoalandtheinitial stateor theassignmenof rewardsto situationsn
the caseof decision-theoretiplanningcorrectly describethe desiresof the program-
mer, the agentwill alwaysbe ableto behae asintended. However, this advantage
comesalongwith a hugecomputationacompleity. Insteadof simply following the
strict instructionsgiven by the programmerthe agenthasto projectthe effectsof all
possiblecoursesof actionup to a certainhorizon Only aftertheseprojectionshave
beengeneratedthe agentcan determinethe expectedrewardsfor eachof themand
selectthe mostpromisingfor execution. Projection,however, takestime. The com-
plexity dependglirectly on the numberof possibleactionsdeterminingthe branching
factorof thetherebyde ned search treethatis traversedn planning. Additionally, in
domainswith uncertaintywhich mobileroboticscertainlyranksamong thebranching
factoris furtherincreasedy the numberof possibleoutcomesnactioncanhave. This
factimmediatelyrestrainghe applicationof planningin real-timesystemsvhentime
to decideon the next actionis limited.

Yet, thereareapproachet combinethetwo paradigmsBoutilier etal. [5] recently
proposedTGoLOG. DTGOLOG combinesprogrammingand planningby integrat-
ing Markov DecisionProcesse$31] (MDPs) into the logic programminglanguage
GOLOG [25]. MDPsarecommonlyusedin decision-theoretiplanningfor modeling
theproblem.GOL OG is basednthesituationcalculug26], secondrderlogic which
canbe usedto modelworldswherechangesn the world areonly dueto actions.Be-
sidestheseprimitive actions GOL OG offers commonprogrammingconstructssuch
as conditionals,loops and procedures.Using the underlyingsituationcalculus,pro-
jecting sequencesf actionscanbe donevery naturallywhich is the main bene t of
GOLOG.

The ideaby which DTGOLOG integratesplanninginto programmingis that the
usercanleave certaindecisionsin his programup to the agent. At ary pointin the
programthe usermay decidethatinsteadof determiningwhatto do, to enumeratea
coupleof alternatvesandlet the agentpick the bestone. This canbe very usefulin
caseswhenthe designethasa goodideaof the structureof the problembut not of an
explicit solution. The structureof the problemis de ned via modelsof the agents
actionsplus somesort of reward to assessituations. The agentis thenencouraged
to nd waysto reachsituationswith high reward. Seenfrom the point of view of
programming,DTGOLOG introducesnon-determinisnwith animplicit optimization
semanticsFromtheperspectie of planning,onthe otherhand,it enableshedesigner

1Problemsin designingmodelsarisefor examplefrom the quali cation- andthe frame problemwhich
we will discussn Section3 andSectiond.1,respectiely.
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to restrainthe setof possibleplansandtherebydecreaséhe time neededo nd out
whichis thebest.

However, DTGoOL0G hassomeshortcomingsvhichseverelylimit its usefor realis-
tic applications Theonly implementedxamplereportedn [5] wasvery simplein the
way thatthe useof non-determinisnwvaskeptto aminimum. In larger planningprob-
lemsthe performanceof DTGOLOG in solving the modeledMDP is poor compared
to state-of-the-aralgorithmsof MDP literature which themselesarecomputationally
expensve. Anotherdisadwantagds thatD T GoL OG is anoff-line interpreter Programs
have to beinterpretedo theendbeforeary actioncanbe performedn therealworld.
Also sensingactions,actionsqueryingsensothardware andreportingthe results,are
notsupported.

Fortunately someof thesedisadwantagesave alreadybeendiscussedn the liter-
ature. Oneideaof speedingup planningin MDPs is to introduceso called options
asdiscussegor examplein [38, 21]. Theideais to increasehe planninggranularity
by performingthe planningnot over primitive actionsbut over morecomple actions.
Thesecomple actionsdenotedptions,arecreatedisingprimitive actionsandhaving
themodelsof theseprimitive actions,modelsaboutthe new optionscanbe generated.
Reducingthe planninggranularityby planningover optionsdecreasethe necessary
horizonand may, dependingon the problemand the implementedoption, also help
reducethe branchingfactor of the searchtree. This way even exponentialspeed-ups
arepossible.

On the other hand, variouson-line extensionsof GOLOG have beendeveloped
andsuccessfullytested[12, 18, 22]. Thesebaseon an incrementalinterpretationof
programs,performingbasic actionsimmediatelywhen interpreted. Also sensingis
supportedln particular we will baseour considerationsndalsotheimplementations
on1cPGOL OG [22], which alsoincludessomeotherusefulextensionsof GOL OG.

1.2 Goals and Contribution

The goal of this work it to tackle the disadwantagesof DTGOLOG so thatit canbe
appliedto realisticandhighly dynamicdomains.Therefore a new languagés devel-
opedandaninterpretetis implementedn ECLiPSeProlog[10] andevaluatedn three
exampledomains.

1.2.1 Extending DTGolog with Options

Asa rst steptheideaof optionsisintroducednto DTGoOLOG [16]. Theuseris ableto
de ne so-calledocal MDPsto describesub-problemsTheseMDPsarein turn solved
producinga policy for the sub-problem. Suchpolicies are called options. Further
for eachsuchoption a modelis createdwhich describeghe effectsof following this
policy dependingon the currentsituation. This enablesthe userto useoptionsjust
like primitive actions.In particular it is possibleto, in turn, useoptionsin describing
othersub-problemsia anothedocal MDP. Thus,it is possibleto createhierarchieof
options,abstractingrom the original ne-grainedproblemfurtherandfurther

In the MDP literaturetherearedifferentsuggestionsiow optionscanalleviate the
globaltask.All thesehavein commonthatanew MDP is de ned anddiffer only onthe
thereinusedsetof statesandactions.But by xing the MDP in which the optionsare
used,a certainamountof e xibility is lost. Yet, in our systemdueto the e xibility in
combiningprogrammingandplanning,the usercandecidefreely how to useoptions.
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Thisway, knowledgeaboutthe structureof the problemcanbeappliedto furtherprune
thesearchree.

1.2.2 Merging extendedDTGolog and icpGolog to ReadyLog

As we pointedout, we are interestedn an on-line interpreter Oneway of accom-
plishing this, is to extend DTGOLOG to anon-line interpretedike Soutchansk[37].
However, we insteadaim at extendingan existing on-lineinterpretemwith the key fea-
turesof DTGoOLOG. We chooselcPGOLOG [22] for this. The reasonis simple:
ICPGOL OG alreadycomprisesnary usefulfeatureshat have beendevelopedto en-
hanceGOL OG. Thesearemainly thefollowing: concurreng [13], continuouschange
[19], probabilisticprojectionof plans[20], andthe progressiorof the knowledgebase
[15, 22].

De GiacomoandLevesqug12] discusghe problemsof largeagentprogramscon-
taining both nondeterminisnandsensing.They arguewhy anon-line executionstyle
seemghe only reasonablevay of dealingwith suchprograms.In this executionstyle
actionsget executedin the real world beforeadwancingin the interpretationof the
program. Thenit is possibleto reactto the resultsof sensingactions. To still allow
nondeterminismwhich requiressomekind of projectionto make a reasonableleci-
sionbetweerthe alternatves,they introducedan off-line searchoperator which can
dojustthat. If appliedto a programthe operatorsearche$or an executiontraceto a
successfuterminationof it. Althoughwe arenotsimply interestedn nding ary way
of terminatingthe programbut nding the bestone, the contet staysthe same:po-
tentially large programscontainingboth nondeterminisnand sensing.Thus,we want
to go the sameway of supportingnondeterminismin our programs,though, with a
differentsemanticof nding thebestchoice.Hence we will introducenew operators
similarto

As a side condition, we want our interpreterto be fastenoughto evenin highly
dynamicdomainsallow the useof nondeterminisnin morethanjustatrivial amount.

1.2.3 Evaluation of the interpreter

In the following exampledomainsthe interpreteris evaluated. The selectionof these
exampledomainsaimsat settingup a broadrangeof differentconditionsandrequire-
mentssetattheinterpreter

1. Grid worlds

Commonlyconsideredn MDP literaturearethe so calledgrid worlds. These
arediscretenavigation problemswhereanagentiving in agrid of cellsis prin-
cipally able to move to adjacentgrid cells. Walls betweencells or obstacles
occupying them may exist to prevent moves betweenthesecells. A common
taskfor theagentwould thenbeto nd ashortesway from a certaininitial cell
to somekind of goalcell. Sometimepropertiesareassignedo someof thecells
to make thembehae differentlyfrom normalor additionalrewardsandcostsare
assignedo cellsandactions.

Grid worlds have the advantageof being simple enoughso that new ideascan
easilybetested.For instancetheideaof optionswas,to the bestof our knowl-
edge yetonly appliedto grid world examples.
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2. RoboCupSoccerSimulation

TheRoBOCUP soccelsener[27] is asimulationsoftwareto simulatetwo teams
of eleven software agentsplaying a soccermatchagainsteachother A more
detailedintroductionto the simulatorwill be givenin Chapter2. Thereasorfor
usto choosehis domainto bein our setof exampless becaus®f its extremely
high dynamics,it is a continuousworld and most sensorinformation and ac-
tuator effects are uncertain. The task an agentfacesin this domainis further
complicatedby the adwersarialandcooperatre componenbf having opponents
andteammates.

We want to usethis domainto testthe applicability in highly dynamicervi-
ronmentswheredecisionshave to be taken quickly andthe stateof the world
changesapidly andoftenin anunexpectedway. Real-timedecisionmakingis
needed.

3. Mobile robotics
Here especiallythe RoBoCupP Mid-Size Leaguewill be considered. In this
leaguephysical robotsplay in teamsof four andthe eld is approximately ve
timestenmeters.More detailsaboutthis leaguewill begivenin Section2.

Thisis anexampleof thekind of domainswe areinterestedn afterall: a highly
dynamicdomainwherephysicalagentsactautonomously

1.3 Outline of this Thesis

The outline of this thesisis asfollows. In the next chapterwe will introduceour ex-

ampledomainsin moredetail. In Chapter3 we will give anintroductionto Markov

DecisionProcesseandtheconcepf optionsin theliterature.Chapter describeshe
situationcalculusand GOL OG. The mostrelevant GOLOG extensionsarealsoin-

troduced.Chapter5 introducesREADY L 0G andits componentsn detail. Also, some
implementationalksuef theinterpreteiarediscussedChaptei6 presentexperimen-
tal resultswith the new interpreteiin the exampledomains We will shav how options
canbeusedto save exponentiallyin time,andhow thenew interpretercanevenin very
comple domainslike RoBoCup Simulationand mobile roboticsbe usedto control
agentssuccessfullyWe concludein Chapter7 andpoint out possiblefuture work.



Chapter 2

Example Domains

In this chapterwe introduceour exampledomains. They areusedto evaluatethe in-
terpreterunder different conditionsand were choosenas to maximize the scopeof
possiblerequirementsittheinterpreter Throughouthis thesiswe will shav examples
in thesedomainsfor illustration.

2.1 Grid Worlds

Grid worlds arevirtual ervironmentsde ned by a grid of cellsrepresentindocations.
In thesedomainsagentsare ableto maove to adjacentcells aslong astheseare not
separatedby a wall andarenot occupied.Figure2.1 shavs two examplegrid world.
They arecomposedy different“rooms” which areconnectedy “doors”.

@ (b)

Figure2.1: (a) The Maze66exampletaken from Hauskrechetal. [21] togethemwith
thecoordinatesystemwe use.(b) Themazefrequentlyusedby Suttonetal. [29, 30, 38]

Thesekinds of worldsarecommonlyusedfor examplesin MDP literature.In gen-
eral,thetaskanagentfacesn suchaernvironmentis a navigationproblem,i.e. nding
the bestway from onespeci ed initial cell to anotherspeci ed cell, often denotedas

10
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thegoalcell.! Themaincharacteristiof this domainis thatit is discrete Theerviron-
mentitself usuallydoesnot change thusdifferentsituationsare distinguishedoy the
positionof theagentin thegrid.

2.2 RoBoOCuUP Soccer Simulation

TheRoBoCuP s aninternationalinitiative to fostereducatiorandresearctin theareas
of arti cial intelligenceandmobilerobotics.By providing astandardize@nvironment
it is possibleto comparedifferentapproacheso the problemsarising. The problem
givenin theRoBoCuP domainis thatof playingsoccetin ateamof agentscompeting
againstanotherteam? Thereare differentleaguesor differentkinds of agents:For
example,in the Sory LeggedRobotLeaguethe teamsconsistof four Sory Aibo dog
robotsplayingon a eld of approximatelytwo times four meters. For our research
we considerthe Simulationandthe Mid-Size League which we will describeén more
detailin thefollowing. In all leaguegherobotsarecompletelyautonomousg,e. thereis
in particularno humaninteractionduringthe gamesexceptfor casef malfunctioning
of robots. Annually thereis a world cup and several regional tournamentsvherethe
researclgroupsmeetto testandevaluatetheir approacheaginsteachother

In the simulationleaguethe teamsconsistof eleven software agentsplayingin a
simulatedervironment,calledthesoccersener[27]. A matchlaststwo times vemin-
utes. Therulesaremainly the sameasin humansoccey taken from the of cial FIFA
rules, with off-sides,throw-ins, cornerkicks andso on. Additional rulesregulateall
otheraspect®f thesimulationnotpresentn humansoccer In particular althoughser-
eral softwareagentamayrun on the samemachineijt is forbiddento useinter-process
communicationVia the soccersener theagentsanbroadcas{shout)shortmessages
which canbe heardby surroundingplayers. But this way of communicatings very
limited: In particular it is not possibleto let oneagentcreatean entireteamstratey
andcommandall otherplayersaccordingly As aconsequenceachplayerhasto make
his own decisionwithout usuallyknowing abouttheintentionsof histeammates.

2.2.1 SoccerSerer

Thesoccersener simulatesa pitch of 105times68 meters.The playerspositionsare
representedstriples(x; y; ) with x andy beingthe positionsonthe eld with apre-
cisionof 0.1 metersj.e. the eld is discretizedatstepsof 10cm,and theagentsangle
with precision0.1 degree. Similarly the ball positioncomprisesx andy. Assigned
with eachobjectis further a velocity vectordenotingthe speedn x andy direction.
The sener doesnot broadcastry positioninformationsto the agentprograms. In-

steadonly thevisualinformationeachagentis ableto perceve (see)from its current
positionis provided. Thus,the agentknows of the relative positionsof otherplayers,
goalpostsaandsomeadditionalmarkerswhich areplacedaroundthe eld. Usingthis,
the agentcanapproximatdts own position. The agentcanonly seeobjectswithin a
certainconein front andup to a certaindistance.To look into anothemirectionhe can
turn his entirebodyand/orhis neckup to 90 degreedeft or right from his currentbody

1in Chapter3, whenintroducingMDPs morein detail,we will seethatthe bestway not necessarilhas
to betheshortesivay.

2In fact,the RoBoCuP initiative now alsoincludesthesocalledRoBoCuP RESCUE wherethetaskis to
conductrescuemissionsin somekind of catastrophecenario.Sincesofar we areonly concernedvith the
soccefdeaguesve will notfurtherdescribethe otherleagues.
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angle. Figure2.2 shawvs an examplescreenshotof the soccemonitor, which is used
to constantlyiew the currentsituationof the soccersener, i.e. watchthegame.

[ ]
4 kick off detail 0| mode std | _unzoon |

AllemaniACs 030 UWA_Trilearn

Figure2.2: Screershotof the soccemonitor. In the exampleour team(AllemaniACs)
playsagain anolderversionof the 2003world championUvA-Trilearn

Ignoringtheneckanglesandvelocitiesthereare(680 1050 3600¥2 680 1050
7:5 10712 differentsituations. This is the numberof possible(x; y; )-positionsa
playercanbeat (680 1050 3600, to the power of the numberof players(22), times
the numberof possiblepositionsfor theball (680 1050. Sincethisis way to big to
take asa statespacefor methodsrequiringa nite searchspaceike mary planning
algorithmsdo. But, becaus®f the high precisionof the positions,the domaincanbe
treatedascontinuous.

During play an agentcan performthe following baseactions, which amountsto
sendingthe soccersener amessagstatinghis wish to performsuchanaction:

(dash Power) —acceleratén forward (Power > 0) or backward (Power <
0) directionwith a certainpower

(turn  Moment) —turnby acertainmoment

(kick  Power Direction) — kick the ball into a certaindirectionwith a
certainpower (this actiononly affectstheball if it is in reach)

(turn  _neck Angle) -lookinto adirectionrelative to thebody

(say Message) - shouta messagenotethatthe messagesizeis currently
restrictecto 10 bytes

The effectsof the rst threeactionsare nondeterministic.In all casesoiseis added
to the parametersn form of a randomnumberuniformly distributed over a certain
rangewhichcanbecon guredin thesoccersener parameterdes. Thesoccersener
simulateghemovementof objectsaccordingo theirvelocitiesattime stepgcycleg of

Swe areleaving out somelessimportantcommandssincethey areirrelevantto our considerations
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currently100ms.Also this movementunderliesuncertainty:for instancejn asituation
attime t wherethe ball is at position (x;;y;) andmaveswith velocity (v¥;v}), the
positionatthe next time stept’ will be(xy;ye) = (X¢; ) + (VE; V) + (r; r) with r
beingarandomnumbemwhosedistributionis uniform overarangearound0 depending
onthecurrentvelocity. Thisnoiseconstitutegsheuncertairy of thesystemnin theeffects
of actionsandthe future positionsof moving objects.

Sinceimmediatelyusingthe commandsetof the soccersener to control the players
is tedious,it is commonto createandusea basesystemwhich, basedon the primitive
sener actions,offersmorecomplex actions(oftencalledskills, abilitiesor behaiors).
Someof theresearchgroupsparticipatingin thesimulationleaguehave publishedheir
basesystemdo helpnawn teamsdn theleaguegettingstarted[9, 40]). For ourwork we
have chosento usethe basesystenmrelease®002by UvA Trilearn[40, 11], whowon
theWorld Cupat Padua(ltaly) in 2003.

2.2.2 UVA Trilearn

The UVA Trilearn basesystemoffers a world model, a setof hierarchicalskills and
implementghe communicatiorwith the soccersener. In addition,if a playerseeshe
ball, it immediatelycommunicategts positionto all teammates.

World Model

Theworld modelcomprisesalarge amountof dataaboutthe currentandpartially also
on thelastsituation. In particulay the positionandvelocity of the agenthimselfand
of all otherplayersandthe ball areprovided. Usually the playerwill not seeall other
playersandthe ball. He thenrememberghe last known positionsand velocitiesto
estimatethe positionsof theseobjects. The so calledcon dencevaluefor this object
is thendecreasedo expressthe uncertaintywhetherthe objectstill remainsat this
position/trajectory

Apartfrom suchworld information,the world modelalsooffersa numberof func-
tionsto calculatedifferentkinds of informationbasedn the availabledata.For exam-
ple, the closestopponento the own playercanbe calculatedor the expectedposition
of theball aftera certainnumberof cyclesin the future canbe estimated.

Skills

The skills in the basesystemare divided into threelevels of abstraction:low-level
skills, intermediatdevel skills andhigh-level skills. The skills of eachlevel arebased
onskills of any lower lever andthe primitive soccersener actions.Also datafrom the
world modelis used.

Thelow-level skills work on primitive actions.Examplesare

dashToPoint(pos) —performsa(dash Power) suchthattheagentgets
ascloseaspossibleto the positionpos,

turnBodyToPoint(pos) — performsa (turn ~ Moment) suchthat the
playerafterwardsfacespositionpos,

freezeBall  —performsa(kick Power Direction) suchthatthe ball
(if reachableytopsimmediately Thisis basicallydoneby kicking in theinverse
directionof the currentball movement.
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Intermediateskills are more complex asthey ofteninvolve differentkinds of ac-
tionsandlastmorethanonecycle. The durationof skills however is notimplemented
explicitly, instead,sucha skill hasto be called over variouscyclesto reachits aim.
Thetaskof the skill, thus,is to recognizewhatto do next in orderto reachits global
aim andthento performthe correspondingction. This is repeatedlydonebasedon
the currentworld modelonly, i.e. ignoringall previousactions.For exampletheinter
mediateskill moveToPos(posTo, angWhenToTurn) performsthestepso take
the playerto a positionposTo . To do so,in eachcycleit rst determineghe angle
betweerthe body orientationandthe directionto the target. Then,if the angleis ab-
solutelylessthenangWhenToTurn , it performsa dashToPoint(posTo) orelse
callsturnBodyToPoint(posTo)

Evenmorecomplec arethe high-level skills. Herearesomeexamples:

intercept  —interceptthe (moving) ball,
dribble(angle) —move with theball into a certaindirection,
directPass(pos) — pasgheball towardsa certainposition.

It is possibleto specifythe agentbehaior by only usingthe high-level skills together
with informationfrom theworld model.

2.3 Mobile Robotics

In thedomainof mobileroboticswe considemobilecognitive autonomousobots that
is robotsthatcanfreely changeplacesn theirenvironment(mobile),usesensor$o per
ceive informationfrom theworld (cognitive) andreactaccordinglywithoutimmediate
humaninteraction(autonomous)In this domainwe again focuson RoBoCuUP.

2.3.1 Mid-Size League

In the RoBoCuP Mid-Size leaguetwo teamsof four robotsmeasuringat most40cm

40cm  80cm (width, length, height) play on a eld of approximately ve times
ten meters. The currentrules prescribecoloring one goal yellow and the other one
blue. Polesat the cornersof the eld have similar color codingsto make them easy
to distinguishfor vision systems.Somechangegrom the commonsensesoccerules
shouldbe mentioned:throw-ins and cornerkicks do not exist in their commonform,
instead,whenthe ball movesout of bounds,the refereesimply placesthe ball back
onto the touchline. In particular the teamwho forced the ball out of boundsmay
immediatelytake possessiomf the ball again. Chaging, pushingopponentrobots
intentionally is disalloved. This is especiallyreasonablasweightandpower of the
robotsdifferimmensely Strongerrobotscouldotherwisesimply pushopponentsway.
Manual interferenceon the eld and directly controlling robotsremotelyis strictly
forbidden. In caseof malfunctioning,robotsmay be taken out for repairsandbe put
backinto play afteratleast30 second$iave passed.

Differentfrom the simulationleaguein the mid-sizeleaguethe robotsmay com-
municatefreely usingwirelessLAN or similar wirelesscommunicationsAlso the set
of allowedsensorss notstrictly speci ed. Only satellitebasedocalization(GPS)and
changingheervironment for exampleby settingup active radiotransmittersatcertain
pointsaroundthe eld, is disalloved.
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Figure2.3: Settingupfor kick-off: our AllemaniACsmid-sizeteam(in front) vs. CoPS
Stuttgart

2.3.2 Architecture

Both hardwareandsoftware of the robotswith which we areparticipatingin the mid-
sizeleaguehave beendevelopedat RWTH Aachen(University of Aachen).

Hardware

Thehardware([41]) hasbeendevelopedby the Chairfor TechnicalComputerScience
([36]). The aim wasto have robotsboth competitve in RoBoCuP and usablefor

serviceroboticsapplicationsn of ce environments Five robotswereproducedpneas
substituteandoneespeciallydesignedasa goalkeeper They areof size39cm 39cm
with heightof approximately{65cm. Two modularPentiumlll PCsat933MHz running
Linux areon-boardtheneedegoweris suppliedoy two lead-gelaccumulatorsThese
PCsareaccessibldoy WLAN communicatiorusingthe IEEE 802.11bstandardat a
maximalspeedf 11Mbit/s. At the front sideof the robots,someadditionalplatesare
mountedto improve controllingtheball while traveling with it.

The robotsusethe wheelsand motors of an electronicwheel chair for moving
(high-speeds 3m/s). A shootingmechanismat the front side can acceleratea ball
which is not morethenapproximatelyscm away to a speedof about2m/s. Also the
following sensorsreavailable:

The odometryof the motorsgiving a good approximationof the distanceeach
wheelmoves,

a360° laserrange nder which canrunascanresolutionof 0.75° ata20Hzfre-
queng, providing the distancego ary objectsat height28cmabove the ground
(= mountingheightof thelaser),and

acamen on a pan-tiltunit.
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Software

Our software consistsof variousmodules. On one computerthesecommunicatevia

a communicatiorsystemusing sharedmemorywhich we call bladkboad. Via UDP

communicationjndividual modulescanremotelyaccessa blackboardon a different

computer In this mannerit is alsopossibleto synchronizalifferentblackboards.
Thefollowing modulesarerunningon eachrobotduring play:

Collision avoidance:takes coordinatesrelative to the robot, calculatesthe shortest
collision-freetrajectoryto thattarget,andsendsadequateommanddo the mo-
tor to move alongthis path;

Localization: usesthe distancemeasure®f the laserscannetto estimatethe current
locationof theroboton a givenmapof theervironment;

Objecttracking: from thedistancaneasuresinda maptherobot nds objectsthatdo
not occurin the mapandreportsthemasdynamicobjects— this way we sense
the positionof opponentobotsonthe eld;

Computewision: from theimagesof the camerait triesto extractthe ball anddeter
mine its relative position— this modulerunsaloneon one of the two on-board
computergonnectingemotelyto theotherwhereall othermodulesarerunning;

Skill module: offers complex skills which form the setof actionsbeingperformedby
the high-level controllerlik e goingto a certainpositionor performingakick;

High-level control: this is where our interpreteris usedto specify what the robot
shoulddo with regardto theactionsavailablefrom the skill module.

On a control computeroutsideof the eld certaindataof eachrobotis collected
andprocessedEachrobot reportsits belief aboutits own positionandwhetherand
whereit seegheball. Thedifferentbelievesabouttheball positionarethenfusedinto
oneglobal positionestimate.This andthe reportedpositionsarethenbroadcasto all
robots.Thus,evenif arobotcannotseetheball for itself, it knows whereit is expected
aslong assometeammatehasspottedit. Furthermoreyia the control computerwe
can communicatechangesof so-calledplay modes(e.g. goals,gamerestarts kick-
offs..) to the robotswhich they arenot ableto noticethemseles. This computeralso
allows usto watchandrecordthe transmitteddata. The herebygeneratedog- les can
be replayedafterthe matchto analyzethe gameitself andhow the robotsbehaedin
certainsituations.Thiswill bediscussedn Chaptel6 in greaterdetail.
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Chapter 3

M ar kov Decision Processes and
Options

In realisticsettingsan agentalmostnever hascompleteknowledgeaboutits erviron-
ment. Thus,it hasto actunderuncertainty This uncertaintycan,for example,consist
of not knowing which statethe agentis in exactly or whatthe effectsof performinga
certainactionwill be.Underthesecircumstanceg is not possibleto guarante¢hatan
agentwill reachits goalwith a certainplan. Sequentiaplans— a sequencef actions
to take — arelik ely to fail. Insteadconditionalplansaremorepromising. This kind of
plansincludeconditionalgto reacton-lineto the actualstateof theworld: During plan
execution, certainpreviously unknovn detailsaboutthe world are sensedand based
onthesensingesulta certainsub-planis taken. For exampleconsiderthe problemof
goingby carto afar city X, but you do not know how muchgasyou have left. Then
aconditionalplanlike“ r stched your gas,then,if it is enoughjustdrive to X, else
drive to a gasstation,thenrefuel,thendrive to X" would seemappropriate However,
sucha planwill not guaranteesuccessn generalbut only if certainassumptionsire
met,suchas:thegasstationhasnotrunout of gas,my carhasnotbeenstolen theroad
to city X hasnot beendestryed by an earthquak... This is calledthe quali cation
problemarisingfrom theimpossibility of statingall the preconditionsunderwhich an
actionwill have its expectedeffectin therealworld. However, suchdisquali cations
shouldbe assumedaway as even trying to accountfor all of themwould make the
problemintractable.Imaginefor the giventaskthe agentwould try to comeup with a
conditionalplanlik e thefollowing:

if (my car has been stolen )
then buy a new one, check the gas,
if (enough gas)
then if (road to X has been destroyed )
then search new road to X, goto X,
else goto X,
else if (gas station has run out of gas)
then search gas station with gas,
refuel , goto X,
else refuel , goto X,

17
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Obviously, thiswould be complicatingthingsmorethannecessaryHowever, theagent
shouldbe aware of this problemandbe readyto re-planin caseof surprisingevents.
We will discusghisissuein greaterdetailin Sectionb.1.

3.1 Markov Decision Processes

Many of the problemsof planningunderuncertaintycanbe modeledasMarkov Deci-
sionProcessefMDPs)[31] which alsohave becomehe standardnodelfor decision-
theoreticplanning.We formally de ne anMDP asatupleM = bA; S; Tr; Ri, with:

A : asetof actions

S : asetof stategoftencalledstatespacé
Tr:S A S! [0;1]atransitionfunction
R:S A! IRarewardfunction

In the following we will describetheseelementsn more detail and explain certain
assumptionsve make aboutthemtogethemwith their consequences.

3.1.1 Actions, Statesand Transitions

A statecanbede ned asacompactdescriptiorof theworld atacertaintime-point.We
assumehatstatescompriseall relevantinformationabouttheworld theagentineedsor
decision-makingThe world is assumedo evolve in stages which canbe understood
astime points. Thetransitionfunctionde nesconnectiondetweerthe statef subse-
guentstagesfor a states; thetransitionfunctionTr (s1; @;s;) de nesthe probability
thatthe systemchangego states, afterexecutinga givenactiona. Thus,for a stage
t from the setof stagesT it de nestheprobabilityPr (S = s,jSt = s1;A? = a)
whereS! is the stateat staget, S**! the stateat staget + 1 andA? the actiontaken
atstaget. Thisimpliesthe Markov assumptiorthatthe next stateonly dependon the
currentstateandthe performedaction. In particular the history of statesandactions
areirrelevantfor predictingthe next state. Note, however, thatinformationof earlier
stategnaybeincludedin the currentstate.

We take over the term stege usedby [6] to denotethe stepsin which the system
evolves. Thetransitionof a staget to a staget + 1 is marked by aneventsuchasan
actiontakenby theagent(seeSection3.1.2).As wewill notconsiderventsthatdo not
affect the state,we canequatestagetransitionswith statetransitions. Assumingthat
no suchevent terminatesinstantaneous)ystagescan be thoughtof asdifferenttime
points.We make theassumptiorthatthe stagedoesnotin uence statetransitions.The
modelis thencalledstationary SuchanMDP canbedepictedasa directedgraphlike
in Figure3.1.

Likewise, it is possibleto representhetransitionfunction Tr asasetof transition
matricesTr ,, , onefor eachactiona; 2 A. The entriesof the matrix for actionay,
wouldthenbep;’ = Tr(s;;a;s;).

We assumehat not all actionsare executableat every state,but still we do not
distinguishover stages.Then,for eachstates 2 S we getthefeasiblesetA, A of
actionsexecutabldn thatstate. This is in analogyto actionpreconditionsn otherAl
planningapproachedn ourexampleMDP of Figure3.1therearefour stategs;; ::; S4)
andtwo differentactions(a;b). In all statesboth actionsare executable gxceptstate
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Figure3.1: A simpleexampleof a (stationary)MDP depictedasa graph. Thearrons
arelabeledby actionsandtheprobabilityfor thetransitionto happernif performingthis
action.

s4 whichgotA,, = fag asits feasibleset. Therow for s4 in the transitionmatrix of
actionbthenonly contains0:0's in contrasto rows of actionsin thefeasiblesetwhich
alwayssumupto 1:0.

States, is alsospecialin thesenséhatit is anabsorbingstatesayingthatonceyou
enteredhis statethereis noway of leaving. More technicallyspeakingTr (S4; X; S) =
0:08x 2 A,,; s6 s4. AsubselC S which enjoysthis property thatis, C hasno
transitiondeadingout of it with probabilitygreatelQ:0, is calledclosedset It is called
proper closedsetor recurrentclassif thereis no propersubsetof C which again is
closed.Thus,in our examplethesetC = fs;; s3; 49 is a closedset,but not a proper
closedset,sinces, asanabsorbingstateformsa specialcaseof closedset. Stateghat
do notbelongto ary properclosedsetarecalledtransient

We areonly interestedn so calledfully observableMDPs. In a fully obsenable
MDP the agentalwaysknows which stateit is in. In particular thereis no uncertainty
abouthisinitial situation.In partially observableViDPs(POMDPs)theagentdoesnot
know the exact systemstate,but at eachstagehasa probability distribution over the
statespace Although POMDPsaremoregeneralandeven seemmoreappropriatgor
someof our domains,they areleft out of consideratiorhereasthey would increase
compl«ity andthuscomputationatostsevenmore.

In the literaturealmostexclusively nite stateandactionsetsare considerecand
themostpopularandwell investigatedmethoddor solvingMDPs (valueiterationand
policy iteration)requirethis property Neverthelessve will alsoseeanalgorithmthat,
under certain circumstancessolves an MDP without this requirement(cf. Section
4.2.2).

3.1.2 Events

We think of an eventas eitheran actiontaken by the agentor ary exogenousevent
changingthe systemstateandwhoseoccurrences not underthe control of the agent.
However, the probability of occurrencedependingon the statemight be knowvn. An

examplecouldbeanactiontakenby anotheragentor a naturalprocesssuchasavase
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which, afterfalling from acupboardpreaksasit hitsthe oor. Althoughnotcontrolled
by the agent.eventsof thiskind have to betakeninto accountfor decisionmaking.

In realworld domainsand,abaove all, multi-agentsystemdike RoBoCuP, exoge-
nouseventsplay animportantrole. Understandindiow eventscanbe modeledin the
MDP contet will helpusin later sectionsto explain the reasonswvhy uncertaintyis
modeledin a specialform (cf. Section5.1.1). We, therefore discussthattopic rela-
tively detailedhere.

If arobotpusheda vasefrom the cupboardandthis vasebreakson the oor, this
couldbeseerasaneffectof therobot's pushingaction. Thus,theeffectis composeaf
theimmediateeffect of pushingthe vasefrom the cupboardandthe subsequergvents
of falling andbreaking.Suchanactionmodelis calledanimplicit eventmode] asthe
subsequeraventsareimplicitly modeledn therobot's pushaction. A possibledecom-
position of this processcould for exampleresultin a robot pushaction, an event of
falling taking placein the situationafter pushing,andaneventdescribingthe eventual
breakingat the momentthe falling vasehits the ground. If the effectsof anactionare
seenin this fashionwe speakof anexplicit eventmodel

Although the explicit modelseemao be more naturalandis in generalmorein-
tuitive to generatefor decisionmakingthe implicit modelis needed. The reasonis
ohvious: if a chosenaction besidests intendedeffect alsotriggersanotherevent or
malesit morelikely, the impactthis eventhason the succesgriteria hasto be taken
into accountin thedecision.Yetit is notgenerallyeasyto determinghetransitionfor
anactionandanumberof events sincetheirinteractioncanberathercomplec. Theor-
derof temporaloccurrenceof actionandeventscanin uence the outcome:lmaginea
mail delivery robothaving a numberof deterministicactions,oneof whichis checking
theinbox for nev mail. New mail may arrive at every stagewith probability0.1. Then
theexplicit eventof mail arrival canbecombinedwith theeffectsof theotheractionsto
obtainanimplicit eventmodel. Thus,eachactionnow hastwo possibleoutcomesthe
original effect with probability 0.9 andthe conjunctionof the original effect together
with new mail with probability0.1. For ary actionnot affectingthe statusof theinbox
this is no problem. But considerthe check-inboxaction, which checksthe inbox for
new mail andif thereis sometakesit outfor delivery. Heretheway of combiningthe
new mail eventandtheactionis crucialfor the outcome:if rst the eventhappensand
thentheaction,therobotwould have mail andtheinbox would be empty Ontheother
hand,if theactiontakesplacebeforethe event,the mail would remainin theinbox.

Evenworseis the casewhereeventscanhappersimultaneouslyThenthe outcome
maynotevenbeasequencef theindividual effects! This problemis especiallylikely
to occurin multi-agentsystemswith continuougime andwhereactionshave aduration
insteadof terminatinginstantaneously

Onemethodto combineexplicit eventsandactionsis thefollowing: For eachevent
and actionwe specify transitionprobabilitiesfor whenthey occurin isolation. This
canberepresentedsa transitionmatrix asabore. We do allow thataneventdoesnot
changethe statewith someprobability If thatis 1:0, we canthink of it asthe event
not beingpossiblein that state. Similarly, if this probabilityis, e.g. 0:7, we saythat
the eventin this stateonly occurswith probability 0:3. In additionto thesetransition
probabilitiesa combinationfunctionis required. As pointedout, this can get very
compl or in the caseof real simultaneousventseven unrelatedto the individual
effects. Herewe adoptan interleaving semanticsor eventsand action (compareto
[13]). Furtherwe assumehat eventsare commutativethatis, for every two events

1For anexamplesee[6].
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e;; e; andevery states applyinge; to s andthene; hasthesameeffectas rst applying
e; andthene;. Theimplicit transitionprobabilitiescanthensimply be calculatedby
the multiplication of the independentransitionmatricesTr ., and Tr/, of the events
andtheactiona,i.e. Tr, = Tr., ::: Tr., Trl.

3.1.3 Costs,Reward and Value

The users preferencesrede ned by the reward functionR : S A ! IR which
de nes the desirability of executinga certainactionin a certainstateimplying ary
possiblereward for simply beingat this state. To betterunderstandhis functionand
to alleviateits de nition we separatét into two functions,a new reward functionR :
S! IR andacostfunctionC : S A! IR. Thenew rewardfunctionis understood
to expresghedesirabilityof beingin acertainstate whereasC assigngpunitive) costs
to actionsdependingon the statewherethey areexecuted? Thenthe original reward
functionis simplyR (s;a) = R(s) C(s;a).?

For decisionmakingthe agentis interestedn the overall quality of a sequencef
actionstherebypassindoy certainstates We de ne thesystenhistoryat staget asthe
seguence:

anddenotethe setof all systemhistoriesby H s. Thenwe cande ne avaluefunction
V :Hg! IR to evaluatesystemhistories.Commonlyin MDP literaturevaluefunc-
tionsarede ned asthe sumof all revardsand costsalongthe way asde ned by the
correspondindunctions. Sucha valuefunctionis calledtime-sepaable andadditive
asit is a combinationof the valuesaccruedat eachstage/time-poinftime-separable)
andthis combinationis a simpleaddition(additive). Thenthe valueof a history h of
lengthT is de ned as([4]):

R-1
V(h)= [R(s") C(s"a")]+ R(s"):
=0

This is an evaluationfor a courseof actionover T stages.T is calledthe horizon of

the problem.We distinguish nite-horizon problemswhereT is a naturalnumberess
thenin nity , andin nite-horizon problemswith T = 1 . In in nite-horizon problems
thevalueasde ned above couldbe unbound sayingthata policy, if executedfor long

enough,canbein nitely goodor bad. Sincesucha value function doesnot seemto

be of muchuseandassuminghatwe preferearlierrewardsto later, it makessensdo

introducea discountfactor O < 1 which is multiplied to rewards(and costs)of

later stages.Thenthe value for suchan expectedotal discounted-eward problemis

de nedas([4, 1]):

xXe
V(h) = ‘R(s") C(sha)]
t=0
ensuringa boundvalue.

In additionto nite- andin nite-horizon problemsthereare so calledinde nite-
horizonproblems Theseareproblemghatterminateaftera nite numberof stagesbut

2ThefunctionC is understoodo assigronly actionrelatedcosts.

3Note thatboth R andC canbe negative in which casetheir meaningis somavhat inverted (negative
rewardsarepunitive, negative costsarebene cial).

4Sincewe aredealingwith fully obsenableMDPswe canleave observationout of consideration
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differentfrom nite-horizon problemsthis numberis not known in advance. Instead
of simply breakingexecutionafter a certainnumberof stages,n inde nite-horizon
problemscertain statesare terminal (having an empty feasibleset), preventing ary
furtheractionand,thus,ary reward gain or costaccumulation.It is requiredthatone
of theseabsorbingstatess eventuallyreachedvith certaintyfrom ary statein thestate
space.Thisimpliesthattheremustnot be ary properclosedset(recurrentclass)apart
from the absorbingstates. Inde nite-horizon problemsare commonin classicalAl
planningwhereonly a certaingoalis to bereached.

3.1.4 Policiesand ExpectedValue

Thedecisionproblemthe agentis facingis thatof nding anoptimalplan,thatis one
that maximizesthe overall value. Sucha plan at eachstagecan be conditionedon
the systemhistory until then. To capturethe intentionbehindsucha planwe de ne a
policy tobeamappingfrom the setof all systemhistoriesto actionsj.e. :Hg'!
A. Intuitively, apolicy tellsthe agentfor eachpossiblesystemhistory whatto do.
Following a policy makes certainsystemhistoriesmorelik ely thanothers. Hence, it
inducesa probability distribution over systemhistories,Pr (hj ). Thenthe expected
valueof a policy isde nedas:

x .
E( )= V(h)Pr(hj ):
h€Hs

Theexpectedvalueof apolicy canbeusedasacriterionto basethedecisionon: choose
thepolicy thatmaximizeshe expectedvalue.

Thesetof systemhistoriesis in nite (aslongaswe do notsetalimit onthelength
of the histories)which may leadto complex policies. Luckily, underthe assumptions
of full obserability anda time-separablealue function, the optimal actiondepends
only on the currentstateandthe stage. Consequentlypolicies canbe representeéh
themuchsimplerform :S T ! A, thatis, assigningeachstate-stageombination
anactionto executein thatcase.Suchapolicy is alsocalledMarkov policy. Figure3.2
illustrateshow intuitive sucha policy canberepresentedyhenadditionallystagesare
ignored.
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Figure3.2: Thearrovsform apossiblerepresentationf apolicy for theMaze66where
eachaction(right, left, down, up) hascost1 andat G thereis a high positive reward.
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3.1.5 Solution Methods

SolvinganMDP is understoodo betheproblemof nding apolicy thatmaximizes
the expectedvalue. Let a fully-obsenable MDP with atime-separableadditive value
function be given, i.e. a statespaceS, an actionspaceA, a transitionfunction Tr,

and a costand a reward function C andR. Then,for a nite-horizon T andt the
numberof stagego go, we de ne the valuefunctionV,” for policy ~asfollows: set
Vg (s) = R(s) forall s 2 S andthen:

X
V7(s) = R(s) C(s; (s;t))+  [Tr(s; (s;t);8)V/1(s)] (3.1)
s’eS

Recallthat mapsstate-stageombinationsto actionsandthus (s;t) denotesan
action. We cannow de ne anoptimalpolicy: A policy is calledoptimalfor horizon
T if andonly if V.7 (s) V{I’(s) for all policies ’ andall statess 2 S. Thevalue
functionof suchanoptimalpolicy is calledthe optimalvaluefunction

The mostcommonalgorithmsfor solving MDPs of thatkind are value iteration
and policy iteration. Both are dynamicprogrammingapproache$4] exploiting the
following propertyof the optimalvaluefunction:

X
V/(s) = R(s) + meaﬁd C(s;a) + [Tr(s;a;s)V," 1(s)]g (3.2)
s'esS

Value Iteration

SettingVy(s) = R(s);8s 2 S the valueiteration algorithm computesthe optimal
valuefunctionsfor ary t > 0 by iteratively applying Equation(3.2). Fromthat, the
elements (s;t) of anoptimal policy canbe generatedy taking any maximizing
actiona of theequatiorfor valueV,*(s).

For in nite-horizon problemsintuitively the stagedoesnot matterfor the decision
asthereare alwaysin nitely mary stagesremaining. Indeed,Howard [1] shaved
thatin sucha casethereis always an optimal stationary policy, i.e. a policy only
dependingonthestate( : S ! A). Then,with the discountedexpectedvalue as
one's optimizationcriterion,the optimalvaluefunctionsatis estherecurrence:

X
V*(s) = R(s) + maxf C(s;a)+ [Tr(s;a;s)V*(s)]g: (3.3)
acd s'eS
To generatenoptimalpolicy in thatcase pnecanusea slightmodi cation of (3.2):
X
Vit (S) = R(s) + mea}f C(s;a) + [Tr(s;a;s)Vi(s)]:g (3.4)
“ s'eS

For anarbitraryinitial assignment, thefunctionsV, corvergefort! 1 linearlyto
theoptimalvaluefunctionV * (see[31] for a proof).

For inde nite-horizonproblemshesamadterationprocedureasfor thein nite case
canbeapplied.

Policy Iteration

Althoughwe arenot goingto usepolicy iteration,we heredescribet brie y for com-
pletenessWhile valueiterationaimsat calculatinganoptimalvaluefunctionandfrom
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thatextractsthe optimal policy, the policy iteration algorithm directly operateon the
policy. Beginningwith anarbitrarypolicy® g theiterationtakesplacein two steps:

1. Policy evaluationn computethevaluefunctionV ™ (s) foralls 2 S

2. Policy improvementateachstates 2 S, nd anactiona* asto maximize

X
Qi+1(a;s) = R(s) C(s;a) + [Tr(s;a;8)V™ ()]
s'eS

andset ;.1 (s) = a*.

Theiterationeventuallyendswhen8s 2 S: ;.1 (S) = 4(S). Thealgorithmcorverges
atleastlinearly to anoptimal policy. For a furtherdiscussiorof policy iterationanda
comparisorto valueiteration,we referto theliterature([31]).

3.2 Options

In arti cial intelligencethe needfor hierarchicalplanningandabstractiorfrom prim-
itive actionshasbeenrecognized.In classicalAl planningso calledmacio operators
(or simply macios) have beeninvestigatedto enablereuseof sub-plansandraisethe
level of abstractiorfor planning. Macros,classically are x ed sequencesf actions
thatareconsideredor frequentuse.Thatis, if sub-problem®ccurseveraltimesin re-
lated problems a macrosolving this sub-problentanbe reusedsazing computational
effort. Designingmacrosin a way thatthey canbe usedjust asprimitive actions,it is
possibleto hierarchicallybuild macrosover macros.

In stochasticsettings like the one's we are concernedvith, simple sequencesf
actions(like macros)arenot of muchuseassaidat the beginning of this chapter The
term option (sometimesalso macio-actior) is usedto denotea conceptsimilar to a
macrofor stochastiernvironmentsandgeneralizesrom actionsequenceto policies.
In analogyto ourdiscussiorof sequentiaandconditionalplans,optionscanbethought
of as conditionalsub-planswhereasmacrosform sequentiakub-plans. Hence,the
adwantage®f conditionalplansover sequentiaplansapplyto optionswhencompared
to (sequentialmacros.

To getacrosgheintuition behindoptionswe considera rst examplefor anoption
in theMaze66ervironment.

Example 3.2.1 Figure 3.3 showsthe Maze66ervironmentwith numbes assignedo
the rooms. Assumene are geneglly interestedin navigationproblemsin this
domain. Thenthe agentwill frequentlybe locatedin a roomdifferentfromthe
roomthegoalis in andtheagent's decisioncanbeabstiactedto decidingonthe
door by which to leavethis room. After this decisionbeingmade the agentonly
needgo nd thebest(e.g. shortest)waythroughtheroomto thatdoor Sud a
sub-planformsan option. Thus,we could createtwo optionsfor Room1: one
optiontaking the agentout to theright (Room2), one optiontakingit to Room
3. Sinceoptionsare entire policiesinsteadof only sequentialplans, they are
applicablefromeverypositionin Room1.

In MDPs, optionshave beenconsideredrom differentperspecties. Suttonet al.
[29, 30, 2, 38] take a reinforcementearningpoint of view, whereadHauskrechet al.
[21] continueSuttons investigationfocusingon planningwith options.

SNotethatpolicy iterationis applicableto in nite-horizon problemsonly. Hence apolicy canignorethe
stageand,thus,hasalwayssize|S|.
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Figure3.3: The Maze66examplewith numbersassignedo therooms.

3.2.1 Options and Multi-T ime Models (Sutton et al.)

Suttonet al. [38] de ne anoptionO overanMDP M = PA; S;Tr;Ri asatuple
hi; ; i, with:

I Stheinitiation set
:S Al [0;1]apolicy, and
: S [0; 1] aterminationcondition.

The initiation setdetermineghe stateswherethe optionis applicable. The policy

de nesfor eachstates adistribution (s; ) overactions.Onexecution thenext action
to take atastaget is choseraccordingo (s;; ). Themapping assigngo eachstate
aprobabilitythatthe optionterminatesf this stateis reachedOnenaturalassumption
isthatfor all statess with (s) < 1:0thisstateis alsoincludedin | . Consequentlyary

states’ outsideof theinitiationset(s’ 2 S | ) would have aprobabilityof termination
equall.0( (s’) = 1:0). Hence,it would sufce to de ne thepolicy overl instead
of overentireS.

Thekey insightof thework by Suttonandhis colleaguess thatwith anappropriate
transitionmodelandarewardfor anoption,onecantreattheoptionjustlikeaprimitive
action.In particular it canbeusedin planning.Suttonetal. call the modelsproviding
thisinformationmulti-timemodels A multi-time modelconsistof areward prediction
vectorr anda statepredictionmatrix P. Thevectorr containghetruncatedexpected
reward for eachstates 2 S, which is the discountedaccumulatedeward alongthe
way whenexecutingthe option. Matrix P canbe seenasa transitionmatrix, stating
for all statesthe probabilitiesof endingin it whenthe optionis executedin a certain
state. Note thatthis predictionis not for onestep,but for a yet unspeci edduration:
the executionof an option usuallylastsseveral stageswherethe exactnumberis not
known in adwance. Formally the elementsof thesepredictionsfor an option o are
de ned as:

0= E I+ Tap + 00+ Pl jE(0;s5)
xXe
P, = IPrfsur = sk =jjE(0;s;1)g
7=1
wheret + k denoteghe randomtime of terminationof the option, E(0;s;t) denotes
theeventof startingoptiono in states attimet.
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In [30] theoreticalresultsof dynamicprogrammingare extendedfor the use of
options: Let O be a setof options— hereoptionsmay alsobe primitive actions. O
denoteghe setof optionsavailablein states. Thesetof possiblepoliciesoveroptions,
which are mappingsde ning the probabilitiesof taking a certainoptionin a certain
state,is denoted . Thentheauthorsde ne the optimalvaluefunction,giventhe set
O, as:

V5(s) = sup V7(s); 8s2 S:
TE ©
The authorsshaw the following: The valuefunctionfor ary Markov policy 2 o
satis esthe Bellmanevaluationequations:

X
V7(s) = (5;0) (ro(s) + Po(s) V7)), 8s2S;
0€Oqg

wherethe policy (s;0) statesthe probability with which option o is chosenin state
S, I',(S) is theentryfor states in thereward predictionvectorandP ,(s) similarly the
correspondingow in the statepredictionmatrix for optiono. V is thevectornotation
for thevaluefunctionV, de ned by V[i] = V(s;), whereV [i] denoteghei-th entry
of the vector The therebyde ned systemof equationsthen hasthe vectorV ™ as
its uniquesolution. Further the value function also satis es the Bellman optimality
equations:
V5(s) = (r)g%xfro(s) + Po(s) V5o, 8s2 S:

Hereagain V/5(s) is theuniguesolution. Also it is shavn thatthereexists at leastone
optimalpolicy *, de ned asa policy whosevaluefunctionis optimal,i.e. V™ (s) =
V5(8).

An essentiatole in the proof of theseresultsplaysatheoremabouttherelationship
betweerthe modelof acomposedptionandthe modelsof its component:

Theorem 3.2.1 (Composition Theorem) Giventwo optionsa and b together with
their models ,, P, andr,, P, thenfor all statess:

rab(s) Srgt Pa(s) My

Pas(s) = Pu(s)Py

whee ab denotesthe composedption of r st performingoption a and then
optionb.

Fromtheseresultsit follows thatknown algorithmslik e valueiterationareapplicable

for computingvaluefunctionsalsofor agivensetof options.Thisis thekey to planning

with modelsof optionsandformsthetheoreticabasisfor all our furtherconsiderations
of options.

Theexamplespresentedhn [30] considerthe useof optionstogetherwith primitive
actions. They shav how this speedsaup corvergenceof valueiteration. Figure 3.4
comparewalueiterationusingonly primitive actiong(top) andusingoptions(including
primitive actions)(bottom). Here,similar to our previous example,optionshave been
de nedfor leaving eachroomthroughacertaindoor Suchanoptionsisde nedasl =
“all statesin room X”, anappropriatepolicy (e.g. likein Figure3.2), (“hallway
states) = 1:.0and (s) = 0:0for all otherstatess. As optionsin onestepcanprovide
valuesfor an entirerooms,alreadyafter the seconditerationtherehave beenvalues
assignedo all states.Usualvalueiterationover primitive actions,on the otherhand,
hasuntil thenonly reachedstatesat distancawo from the goal.
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with cell-to-cell primitive actions

Iteratio

m-to-

Iteration #0 Iteration #1 Iteration #2

Figure3.4: Takenfrom [2]: comparingvalueiterationwith andwithout options. The
sizeof the dotsrepresenthe valueof the correspondingtate(if yetary is assigned).

3.2.2 Abstract MDPs (Hauskrechtetal.)

Inspiredby thework of Suttonandhis colleaguestHauskrechetal. [21] furtherinvesti-
gatedtheuseof options(which they call macro-actionsfor planning.For solvinglarge
MDPsthey proposeanhierarchicamodelusinganabstact MDP which abstractfrom
the original statespacereducingits size signi cantly. Sinceour own work is closely
relatedto theinvestigationsof this groupwe will presentheirapproachmorein detail.

Hauskrechtet al. de ne a macio-action simply asa policy for a certainregion
(subsetof the statespace). This policy canthen,intuitively, be executedwithin this
region andterminatesassoonasleaving it. With regardto the moregeneralde nition
of optionsby Suttonet al., amacro-actiorcanbede ned asanoptionO = hl; ; i,
where:

(s) = 0:0; s2 |
T 10 otherwise
;1 Al f0;1gandcanthusberepresenteds :I1 ! A.

The approactof [21] relieson a region-baseddecompositiorof the MDP. This is
basicallya partitioning = fS;;:::;S,g of statespaceS, wherethe S; arecalled
the regionsof the MDP. Furthermoregxit statesand entrancestatesfor a region are
de ned. The setof thesestatesare calledthe exit periphery(X Per(S;)) andthe en-
tranceperiphery(EPer(S;)), respectiely. Intuitively, the exit peripheryof a region
is the setof thosestatesoutsidethe region which canbe reachedrom insideby some
actionwith probability greaterzero. Similarly, the entranceperipheryconsistsof all
statesnsidearegionreachablérom theoutside.Figure3.5shawvs the setof peripheral
statesmarked by gray dotsfor a decompositiorof the Maze66exampleenvironment
whereeachroomde nesaregion.

Basedon that,therequiredmodelsfor planningcanbede ned (takenfrom [21] to
our notation):

Definition 3.2.1 A discountedtransitionmodel Tr ;(; ;; ) for a maco-action ;
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1 (I 2
o o
o o

3 (I 4
o o
o o

> o o
o o

6 7

Figure3.5: The periphery(setof all peripheraktatesmarkedby graydotsfor aroom-
orienteddecompositiorof the Maze66ervironment— eachroomequalsoneregion.

(de nedonregionS;) isamappingTr; : S; XPer(S;)! [0; 1] sud that

Tri(s; 49)

E, Pr(sT=¢js"=s; ;) ;

Hlpr( = st=gjs=s; )
t=1
whee denotesthe time of terminationof ;. A discountedreward model
R;(; ;) for ;isamappingR;:S;! IR sud that
)

Xr
Ri(s; i) = E, 'R(s™; i(sh))|s"=s; 4
t=0

Thediscountedransitionmodelde nesfor eachstatein theregion S; the probability
of leaving the region througha certainexit stateif following the policy ;. These
probabilitiesarediscountedy the expectedime until leaving theregion. By the proof
of the CompositionTheorem(3.2.1)(see[30] for the proof), Suttonet al. shovedthat
this discountingmalesit possibleto usethesetransitionmodelsin placeof normal
transitionmatricesin algorithmslik e valueiteration® Similarly, the discountedeward
modelspeci esthe expecteddiscountedeward obtainedvhenactingaccordingto the
policy startingin a certainstateuntil termination,.e. leaving theroom. Thesemodels
arein analogyto the statepredictionmatrix andthe reward predictionvectorof Sutton
etal., exceptthey arerestrictedn their predictiongo theexit statesin accordancevith
theassumptionsnadeaboutthe terminationcondition .

Generating Models

As mentioned,it is essentiafor planningto have appropriatemodelsof the options
we wantto use. Thus,generatinghesemodelsis a crucialstep: Foralls 2 S, s’ 2
X Per(S;) thediscountedransitionprobabilityfor macro ; satis es:

X
Tri(s; 8)=Tr(s; i(s);s)+ Tr(s; i(s);s")Try(s"; i;9'):
s’ e S;

8n fact,thediscountings usedto guarantea contractiormappingin the updateformulasusedin policy
andvalueiteration, suchthata uniquesolutioncanbe ensuredcompare[31] andthe Banach-Fied-Point
Theorem).
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By this, for eachexit states’ a systemof linear equationss de ned, eachof which
containingjS;j equationswith jS;j unknovn variables. Note the differencebetween
Tr andTr;: the formeris the usualtransitionmodel of the global MDP, while the
latteris the discountedransitionmodelfor macro ;. Hence they differ in thetype of
their secondamgument:Tr takesanaction,recallthat ;(s) 2 A, whereaslr ; takesa
policy asits secondamgument.

Similarly the expecteddiscountedewardR;(s; ;) for following ; in states sat-
is es: X
Ri(s; i) = R(s; i(9) + Tr(s; i(s);s)Ri(s; i):

s’ €S

Again a setof linearequationds de ned. Solvingthesesystemseitherdirectly or by
iterative methodscanbedonein

O( [XPer(8)i iSi? + 3j; )

transitionprobabilities exp. reward

Creating Macros

Sofar, only the constructionof modelsfor givenmacrosj.e. policies,wasdiscussed.
However, theaimis to have options/macrogeneratedutomaticallythatis, for agiven
region createsome“good” policies. To judgethe quality of macrosonehasto keepin
mind their purpose:In the long run, we wantto solve an MDP usingthesemacros
to save computationakffort. Thus,a macroshouldbe of usefor this purpose. But
whenis a macroof usefor solvinganMDP? Of course amacrocanonly be ary help
in the region of the MDP it is de ned in. If the MDP is solved corventionally not
using macros,an optimal behaior (sub-polig) for this region would be computed.
Hence,|if therewould be a (pre-computedimacrowith exactly this policy, it would be
of majorhelpin solvingthe MDP, asit couldsimply be pluggedin for thisregion. But,
whatdoesthe policy dependon? In general a policy entirely dependsn the present
valuesof all states. If the optimal value functionis known for all statesthe action
to take in eachstate(policy at this state)cansimply be chooserasthe actionleading
to the adjacenstatewith the highestvalue,whereadjacenyg is de ned with regardto
connectingactions. This similarly holdsfor regions: the policy for a region depends
on thevaluesof adjacenttatesj.e. the exit statesof the region, plusthe valuesof all
reachabletateswvithin theregion. Thereforejf we knew theoptimalvaluefunctionfor
all thesestateswe could produceperfectmacros.However, if we knew thatfunction,
the MDP would alreadyhave beensolved andtherewould notbe ary needfor macros.
Also, thecomputationainvestmenbf creatingmacrosdoesnot payoff for solvingone
singleMDP, andsowhatwe arereally afteris to reusesuchmacrosfor variousrelated
MDPs. In these the actualvaluefunctionwill certainlydiffer andthusthe valuesthe
policy of themacrodepend®n shouldbe generaknougho keepthe macroapplicable
to all theseMDPs.

Beforegoingon with this discussion|et usformalizehow to obtaina macrofor a
givenvalueassignmento the exit stateof its respectie region. This problemcanbe
consideredn, usuallyinde nite horizon-,problemwhich canbe modeledasan MDP
itself (takenfrom [21] into our notation):

Definition 3.2.2 Let S; be a region of MDP M = DA;S;Tr;Ri and let
: XPer(S;) ! IR bea seedfunctionfor S;. Thelocal MDP M,( ) asso-
ciatedwith S; and consistof:
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(a) statespaceS;[ X Per(S;)[ f gwhere isanewreward-freeabsorbing
state,

(b) actions,dynamicsandrewardsassociatedvith S; in M,
(c) areward (s) associatedvitheachs2 X Per(S;),

(d) an extra single cost-fiee action applicableat eath s 2 X Per(S;) that
leadswith certaintyto

Thenthe solutionto this local MDP providesuswith anoptimalpolicy for this region
giventhevaluesfor the exit states.

To overcomethe problemsof notknowing theright valuefunctionfor theexit states
atthetime amacrois computedpnecouldgo aboutcreatinga large numberof macros
for differentvaluefunctions,asdiscussedn [21]. However, this, in general,canget
very expensve andusuallyunpro table. Also, it would only make sensef therange
of thevaluefunctionis known.

Instead heuristicapproachsre consideredboth by Hauskrechet al. and Sutton
and his group. One makesthe assumptiorthat the agentalways wantsto leave his
currentregion via a certainexit. Thus,assigninga high positive valueto only oneexit
andsolvingthe correspondindpcal MDP, providesuswith a policy for achieving this.
This canbe donefor all exit statesndividually producinga setof macros®

Abstract MDPs

Yet, theapplicationof options/macrosasonly beendiscussedby intuition. Oneof the
modelsof usageproposedn [21] is thefollowing:

Definition 3.2.3 Let = fS3;:::;S,0 be a decomposition of MDP
M = PA;S;Tr;Ri, andlet A = fA; i ng be a collection of macio-
actionsets,whee A; = f };:::; ;g is a setof macwos for region S;. The

abstracMDP M’ = hA’; S’; Tr’; R’i inducedby andA, is givenby:
S
S'= FS>er (S)= ,<,EPer(S)

A’= " A;with F2 A, feasibleonlyatstatess 2 EPer(S;)

T'(s; F,s') is givenby the discountedransition modelfor ¥, for any
s 2 EPer(S;) ands' 2 XPer(S;); T'(s; ¥;s) = 0 for any
s’ 62X Per(S;)

R'(s; F) is given by the discountedreward model for ¥, for any
s2 EPer(S;).

Thisseizesurintuition aboutthegeneraldeaof options:We abstracfrom theoriginal

statespacdo amuchsmallerone,namelythesetof peripherabktates.Thesebuild some
kind of interfacesbetweerthe regions. The actionsusedfor planningarethe options
(macros)de ned for the differentregions. The models,transitionmodeland reward
function, arethe discountednodelsthat have beenpresented Recallthat theseform

thecrucial partin planningat thelevel of options. We point out thatthis reductionof

complity, whichwill nally speedup computatioraswe will see,comesatthe cost
of possibly nding only a sub-optimakolution.

Theexamplesn [21] have beenconductedn agrid world whichis depictedn Fig-
ure 3.6. This navigationtask,wherenegative rewardsareto be minimized,wassolved

7Alternatively, one cande ne the local MDP without the additionalstate andinsteadmake all exit
statesabsorbingwith anemptyfeasibleset.
8[21] alsoallows for the goalof stayingin a region, modeledby low valuesfor all exits.
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@@[ oo o0

(a)Mazel21 (b) peripheraktates

Figure3.6: Takenfrom [21]: The exampleervironmentfor testingthe abstractMDP
aguinstthe original MDP; (a) The agentcan move in ary compasdirection or not
move at all. Moving is uncertain: with somesmall probability the agentmay move
in anotherdirectionthanintended.Eachcell gives negative reward, exceptthe upper
right cell, which is absorbingandthusforms the goal. Shadedsquaresave a higher
negative reward, on patternedsquaresnoving is even more uncertain(probability of
failure is higher). Shadeccircles denoteabsorbingstateswith high negative reward;
(b) peripheraktatesor adecompositiorinto 11 regions(rooms).

with the original MDP aswell aswith the abstractMDP. Additionally an augmented
MDP wastestedwhich we are going to leave out of consideratiorhere. For the ab-
stractMDP the setof macroswas createdbasedon the heuristicapproachdescribed
abore — onemacrofor eachregion-exit statecombination plusonefor stayingin the
room? Valueiterationwasappliedto solve the differentMDPs. Figure 3.7 shows the
valuefor oneparticularstateandhow it improvesovertime. Clearly with the abstract
MDP the value function corvergesmuchfaster But, recognizabldrom the limit of
thevaluefunction,theabstracMDP nds only asuboptimakolution:It nds apolicy
which takes the agentto the goal with expectedcosts(negative reward) of over 20,
while theoriginal MDP nds away wherelessthan20 areexpected Neverthelessthe
computationasaving seemworth the dravbackon solutionquality.1©

Hybrid MDPs

The maininterestof Hauskrechet al. is the reuseof macroswhich would justify the
computationabverheadof creatingmacros. To have a setof macrosapplicableto a
setof relatedMDPs, theseMDPs mustbearsufcient similarities. In particular it
might happenthat a goal moveswithin one speci c region, leaving all otherregions
unchanged.This caseis consideredn [21]. To still be ableto plan at the level of
options, they amgue to usea hybrid MDP. This kind of MDP is still composedby

9Thereareactuallymary waysof stayingin aroom. However, [21] doesnot provide ary moredetailon
this question.

10ynfortunately the speedup is only illustratedby gures in [21] andin particularno explicit numbers
describingthe speedup aregiven.
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Figure3.7: Takenfrom [21]: Shawn is theimprovementof thevalue(negative reward)
for one particularstateover time during the value iteration processon the different
MDPs; in case(a) the valuefor this statewasinitially overestimatedwhereasdn case

(b) it wasunderestimated.

regions,but in thoseregionswherechangesrelik ely to happerthecorrespondingart
of the original MDP is used while in all otherpartsabstractioris applied*

1170 beprecisejt would thenseembetterto megeall change-unlikly regionsinto onenew regionwhere

abstractionis applied.



Chapter 4

Situation Calculus and Golog

TheprogrammindanguagesOL OG formsthebasisfor our considerationsf thepro-
grammingapproach.In this chaptemwe will rst presenthe situationcalculuswhich
GOLOG is basedon. Later, after formally introducingGOL OG asit wasinitially

proposedwe presenthoseextensionsof it which arerelevantfor our work, namely
ICPGOLOG andDTGOLOG.

4.1 The Situation Calculus

Thesituationcalculusis a second-ordelanguageahatwas rst proposedy McCartty
[26]. Theintentionfor this languagewasto representind reasonaboutdynamically
changingworlds. The generaideawasthata world only evolvesdueto the execution
of primitive actionsbeginningin aninitial situation Threesortsaredistinguishedac-
tions, situationsandnormalobjects Theinitial situationis denotediy theconstanS,.
This is the situationwhereyet no actionhastaken place. Further the binary function
symboldo(a; s) denoteshe successosituationafter executingactiona in situation
s. Fluentsrepresenpropertiesof the world that changeover time. We distinguish
two typesof uents: relational uents andfunctional uents. For example,we could
model the currentstudentstatusof Bob asthe relation student(B ob;N ow), where
we usethe specialsymbol N ow to denotethe currentsituation. A functional uent
working _hours(B ob;N ow) = 70, couldstatethatBobis currentlyworking 70 hours
aweek!

For eachactionthereis anaction preconditionaxiomstatingthe conditionsunder
which the action can be executed. They can be representedin the form
Poss(a(x);s) ( % s), wherex arethe agumentsof a. For example,the action
acceptj ol(x; y) might have the preconditionaxiom

Posg(acceptjoh(x;y);s) : student(x;s)” johvacancyy;s);

statingthatx canonly acceptajob aty if andonly if x is notastudentandaty thereis
ajob vacang. Notethatby this approacthe quali cation problemis simply ignored.

Further the effects of an action have to be de ned. This canhappenvia effect
axiomsdescribingtheimpactof actionson theworld, i.e. the (truth-)valuesof uents.

INotethatin our formulassymbolsstartingwith an uppercaseletter denoteconstantsyhile variables
startwith a lower caseletter Oneexceptionis the specialsymbolN ow which is alwaysreplacedby the
currentsituationandin particularis not partof thelanguage.

33
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For arelational uent F, for example positive andnegative suchaxiomscande ne the
conditionsunderwhichthe uent istrue( * (;s)), respectiely false( ~(x; s)), after
anactiona is executed:

Poss(a;s)* *(%;s) F (x;do(a;s));
Posga;s)* ~(%5S) : F (¢ do(a;s)):

For example,

Posgenroll(x;y);s) »

univ ersity (y; s) student(x; do(enroll(X; y); s));
P osg(f inish _thesis(x);s) »
all_exams_passedXx; s) . student(x; do(f inish _thesis(x);s));

saysthatif personx cananddoesenroll aty andy is a university thenx will be a
student(positive effect). On the otherhand,if x is ableto anddoes nish his masters
thesisandhehaspassedll exams,thenhewill nolongerbeastudeni{negative effect).

While theseaxiomsdo describethe effectson certain uents, they do not declare
all the non-efectson other uents. Axioms describingthesearecalledframeaxioms
Theframeproblemexpressesheimpossibility of statingandreasoningvith all frame
axioms,i.e., all the non-efectsof actions. Therearefar to mary. Even apparently
ridiculous things, like “ nishing one's thesisdoesnot changeone's gender”would
have to be capturedoy aframeaxiom:

gender(x;s) =y gender(x; do(f inish _thesis(x);s)) = y:

4.1.1 A Solutionto the Frame Problem for Deterministic Actions

Ray Reiter[33] proposeda solutionto the frame problembasedon a completeness
assumptionFor each uent theimpactof all (deterministicjactiong onit arecollected,
thatis, all theeffectaxiomsmentioningthe uent in question.Fromthat,syntactically
onecangenerat@successostateaxiomfor the uent which statesheknown waysthe
uent maychange Thecoreof Reitersapproachs to assumehatthesesuccessostate
axiomsarecompletein thatthey list all possiblewaysby whichthe uent canchange.
Thefollowing would thenbethe successostateaxiomfor the uent student(x; s):

Posga;s) [student(x;do(a;s)) (a= enroll(x;y)” university(y;s))
_(student(x; s) * : (a= finish _thesis(x) ~ all_exams_passedX; s)))]
In thefollowing we describenow Reiterssolutionappliesto functional uents?, for

relational uents the computationsare similar and canbe found in [33]. The effect
axiomfor afunctional uent f andactionA have theform (t areterms):

PossAi9)~ f(tyis) f(tdo(As) =y

2This, only valid for deterministicactions,is the restrictionthat broughtforth the addition“sometimes”
in [33].

3We choseto presenthe computationin detail for functional uents, becausst is the theoreticalbasis
for the automatictransformatiorfrom effect axiomsto successostateaxiomsdoneby the preprocessoof
Section5.3.
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Notethatfor functional uents thereareno positive andnegative effect axiomslik e for
relation uents, but only oneaxiom explicitly statingthe new value (y) of the uent.
Above formulacanberewrittento:

PosHa;s) * ii= AN x ={17"‘ f(x;y;s; f (%;do(a;s)) = y

f

which canbedonefor all n effectaxiomsfor uent f . All thesecanthenbejoint into
asinglenormalform for the effect axiom:

Possia;s) A [ ¢ _:ii_ (V] f(do(as) =y; or (4.1
Poss(a;s) N ¢(%Y;a;9) f(x do(a;s)) =y

The completenesassumptiorthen expresseghatif uent f changests value from
situations to situationdo(a; s), then ¢(%; y; a;s) mustbetrue:

Posg(a;s) " f(xs) = y' " f (x do(a;s)) =y "y 8y’ 1% y;a;8)(4.2)
Togethewith theassumption
9 x y;y;a;siPosga;s)* s(xy;as)t s(xyas)ty6y
Reitershavs that(4.1)with (4.2)is logically equivalentto:
Posg(a;s) [f(x;do(a;s)) =y s(xy;&s)_ (4.3)
fO6s)=yr ®y: ((xy;a5)"y6 Y]

whichis calledthe successostateaxiomfor functional uent f ([34]).

4.1.2 BasicAction Theory

Levesqueetal. [24] proposdo formulatea basicactiontheoryD to describeheworld
andits dynamics:
D= [ Dse[ Dap[ Duna[ DSO

with

thesetof (domainindependentjoundationabxiomsfor situationg(e.g.Sy 6

do(a;s));

D, asetof successostateaxioms,onefor each uent;

D,, asetof actionpreconditionaxioms,onefor eachactiona,
D.n. asetof uniguenameaxiomsfor actions;

D, asetof axiomsdescribingheworld in theinitial situationSo.

To illustratehow to formulatesuchatheory we lay it outwith our studentexample:

Dg, = f student(B ob;Sp);
all_exams_passedB ob;Sp);
gender(Bob;Sp) = M ale;
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working _hours(B ob;Sp) = 70;
univ ersity (RWTH  Aachen;Sp);
j oh.vacancy(P orsche;Sp)g

Dyp=f1 Poss(acceptjol(x; y);s) : student(x;s)” johvacancy(y;s);
Poss(enroll(x;y);s) TRUE;
Posg(f inish _thesis(x);s) student(x; s)g

[student(x; do(a;s)) (9y:a= enroll(x;y) " univ ersity (y; s))
_student(x; s) ™ : (a= finish _thesis(x)

M all_exams_passedx; s))];

[all_exams_passedx; do(a;s)) FALSE _
all_exams_passedx; s) ® TRUE];

[gender(x; do(a;s)) =y FALSE _

gender(x; s) = y™ TRUE];

[working _hours(x; do(a;s)) = y

(9z:a = acceptjol(x; z)  y = 385) _

(92":a = enroll(x; z') * university (z/;s) * y = 70) _
(working _hours(x; s) = y»

®y’:(((9z:a = acceptjol(x;z) » y' = 385) _

(9z":a= enroll(x; ') » university (z;s)* y' = 70)* y 6 y))I;
[univ ersity (x; do(a;s)) FALSE _

univ ersity (x; s) » TRUE];

[j ohvacancy(x; do(a;s)) FALSE _

johvacancy(x; s) » TRUE] g

ThesuccessostateaxiomscontainingT RUE andF ALS E arecasesvherenoaction
which affectsthe respectre uent exists. Consequentlythereis no conditionunder
which the uent becomesrue or its valueis changed.However, thereneitheris ary
conditionmakingit false.Thus,the uent will alwayskeepits original (truth-)valueas
de nedin Dg,. Herewe left out the domainindependentoundationalaxioms and
theuniguenameaxiomsD ,,,, Which arestraightforwardto formulate.

Using the basicactiontheorywe canderive the valueof ary uent in the current
situationby whatis calledregression Roughly regressionfor a given uent f and
situationdo(a,,; do(: : : do(ay; So) : ::) works like this: Applying the successostate
axiomof f once,will describethe currentvalueof f possiblyrelative to its valuein
the previous situation. If the valuedoesnot dependon the previous situation,we are
done.Otherwisethevaluein theprevioussituationcanagain becomputedyy applying
the successostateaxiom to that situation. This way, recursvely the regressionwill
eventuallyendup in situationSy, wherethevalueof uent f canbedeterminedrom
theaxiomatizatiorof Sg.

Naturally the describedalgorithmtakes moretime the longerthe situationterm
gets(seeSection5.3 for a quantitatve analysis). This canbe a problemfor realistic
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domains,especiallyfor thosewherethe agenthasa nonterminatingorogramto run.
Fortunately therehasbeenapproacheso circumwentthis problem. In Section4.2.1
oneof theseapproachess brie y described.

4.2 Golog

The action programminglanguageGOL OG [25] is basedon the situationcalculus.
It canuseit to projecthow the world would evolve if a certainsequencef primitive

actionswaschosen.GOL OG offers the following commonprogrammingconstructs
to formulatecomple actionsover primitive ones:

nil theemptyprogram;

a, primitive actions(2 actionsfrom the situationcalculus);
[e1;:::;e,], sequences;

?(c), tests:if conditionc s true proceed

if (c;er;e2), conditionals:if conditionc is true proceedwith sub-prograne;
elseproceedwith sub-prograne;;

whil e(c; e), loops: while conditionc is truerepeatsub-prograng;
e1j€e2, nondeterministichoices:doe; or ey;

star (e), nondeterministicepetitions:repeatsub-prograne anarbitrarynumber
of times;

pi(v; e), nondeterministichoicesof argumentv: chooseanarbitrarytermt and
proceedwith e, whereall occurrencesf v aresubstitutedy t;

procedures;

wherethee; arelegal GOL OG programs.

Oneway of de ning the semantic®f theseconstructss by an evaluationseman-
tics like originally usedin [25]: Formally the above statementsire abbreviationsfor
formulasin the situationcalculus. Their translationinto formulasis de ned via the
predicateD o ;s;s’) which stateshatexecutingprogram in situations will resultin
thenew situations’. Thus,anevaluationsemanticss a setof de nitions like:

Do(a;s;s) def Posg(als];s) * s’ = do(a[s]; s)

wherea]s] is the actiona with all uents amongthe amgumentsevaluatedin situation
s.* Thisde nesthatanactiona onexecutionin situations will endin thenew situation
do(a[s]; s) if a[s] is possiblein s. Likewise,for all otherconstructs , Do( ;s;s’) is
de ned. Conditionsarealsoevaluatedn the actualsituation:

Do(if (c;e1;e);s;s) def c[s]” Do(er;s;s’) _: cs]” Do(es;s;s):

4Formally, a[s] statesthatall uents appearingasan agumentto a gets setastheir actualsituation
argument.
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Nondeterminisnis simplede ned by a disjunction:
Do((eijez);s;s)) def Do(er;s;s’) _ Do(ey;s;s'):

For an arbitrary GOLOG program and a situations a constructve proof of
Do( ;s;s’) would return a situation statement in s’ of the form
do(a,;do(a,_1;:::do(ag;s)) :::). This implicitly containsthe action sequence

s’. In anutshellwhat GOL OG doesis to nd sucha constructve prooffor ary input
programp and situations, wherethe instantiatechew situations’ is consideredhe
result.

To illustratethe originalintentionfor nondeterminismconsideithefollowing legal
program:

E = [a;(ba); ?( ):

Let a andb be primitive actionsand a condition. Suppose s initially true and
actiona togglesits truth-valueeachtime a is executedandb doesnot affect . Then
the only proof for Do(E; Sp; ') will returns’ = do(a;do(a; Sp)) asthisis the only
way of making true after alreadyhaving executeda at the beginning. Thus, the
nondeterminisms resohed asto proof the entire program. Note thatif in the above
casebothalternatveswould have made true,therewould betwo possibleproofsand
therewould be no decisionrule statingpreferencdor a or b.

Whenlooking for an actionsequenceo achieze somekind of goal, for example
formulatedasa condition, GOLOG canbe usedto restrictthe searchspace:instead
of alwaysonly nondeterministicallchoosingamongthe primitive actions the control
constructscan be usedto provide someform of plan skeleton. This canbe usedto
reducebranchingandthuscomputationaéffort in nding a (linear)plan for achieving
thegoal.

In fact, GOL OG hassuccessfullypeenusedto controlthemuseuntour guiderobot
Rhino ([8]) ata museumin thecity of Bonn,Germary.

4.2.1 icpGolog

Unfortunately the expressienessof the original GOL OG was not strongenoughto
modelsomeof the propertiesof realisticdomains,especiallymobile robotics,which
from the beginning was one of the main applicationdomainsfor GOLOG. Conse-
guently mary extensionf GOL OG have beenproposedsuchas[13, 12, 23, 19, 20].
Many of theseextensionshave recentlybeenmeigedinto a new derivative calledicp-
GOL OG andaninterpretethasbeenimplementedn ECLiPSeProlog[10].

The following previously proposeddeasand extensionsof GOLOG have been
incorporatednto ICPGOL OG:

on-line : The IcPGOLOG interpreteris an on-line interpreter. The characteristic
of suchan interpreteris that programsare executedright during interpretation
(on-line). Theinterpreterworks incrementally thatis, after the interpreterdid
a stepin the programit commitsto it by executingthe respectie actionin the
realworld. This fashionof interpretationwas rst proposeddy Levesqueand
De Giacomq[12] andwasrequiredto avoid delaysin the executionof long pro-
gramscontainingnondeterministichoices.Imaginealong programwereat the
beginning a nondeterministichoiceis to be madeandassumehatthis choice
in uencesa testat the end of the program. Then,to guaranteghe successfull
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terminationof the entire program,it would be necessaryo projectthe program
to the end, possiblyfor both choices beforemakinga decision. The execution
of the rst actioncannotwait until programinterpretationterminates. It even
happenghatprogramsarenon-terminatingassigningherobotajob to do con-
tinuously

Also, anincrementaproceedingnaturallysupportssensing: Certainproperties
of the world may initially be unknavn®, but can be sensedduring execution
usingsensos. We understandensors&sary kind of mechanisnthatcanprovide
the agentwith informationof ary kind which is currentlytruein theworld. In
robotics,sensoraretypically laserrange nders, camerassonarsmicrophones
or bumpers put canalsobe moreabstractik e directuserinput or a mechanism
to querywebsiteswith currentstockinformation. The needfor sensingpecomes
ohviousin thefollowing example: Considerthe taskof catchinga planeat the
airport. You mayknow how to getto theairportandhow to reacha certaingate.
But whatyou usuallydo notknow in adwvance thatis beforereachingheairport,
is the particulargatetheplaneis leaving. Thus,thisinformationhasto besensed
whenthe executionof the planhasadvancedo themomentwhereyoureachthe
airport.

Additionally, theinterpretertakesso-calledexogenousactionsinto account.Ex-

ogenousactionsareactionsthatarebeyondthe control of the agent. The agent
canneitherexecutethem,nor canit in generapredicttheiroccurrenceNonethe-
less theseactionschangeheworld andthereforethevaluesof uents. Theinter

pretersupportgheseactionsaslong astheir effectsareknovn. Then,wheneer

suchanactionhappenstheinterpreterchangeshe valuesof the uents accord-
ing to the describedeffects. Exogenousactionscan be comparedto sensing
actionsasboth provide the agentwith informationaboutthe world. Fromthat
point of view, the differencelies in the conditionsunderwhich the information
is retrieved: sensingactionscan be seenas polling, while exogenousactions
resembleaninterrupt.

continuous change : Grosskreutzand Lakemeyer rst proposeda notion for repre-

sentingcontinuouslychangingpropertiesof the world [19]. This extensionis

directlyaddedo thesituationcalculusandhasmainly thefollowing ingredients:
anew sortRealrangingover therealnumbers;

aspecialfunctional uent start with theintuition thatstar t(s) denoteghe
startingtime of situations;

anew sortt-functionrepresentingunctionsof time;
anew binaryfunctionval to evaluateat-functionatagiventime;

a new type of continuous uents whosevaluesare functionsof time, i.e.
t-functions;

a new actionwaitF or( ) to adwancethetime, i.e., increasethe value of
uent start, in off-line modeto the leasttime point whenthe condition
holds.

Thenwe canmodelthingslike a continuously 1-dimensionallymoving robot
like this[18]: We createa new continuousuent r obotPos to denotethe robots

SFor adiscussioron sensingandoff-line interpretingsee[23].
6This could,for example,be modelecby anincompleteaxiomatizatiorof theinitial situationSo.
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position over time and a t-function linear (Xo; v; to) whosevalue at time t is
de nedbyval(linear (xo; V;to);t) = Xo+ Vv (t tp). Thenweassigrthe uent
robotPos the valuer obotPos(Sy) = linear (4:3; 1:0; 0:0) statingthatinitially
attime 0:0 therobotis at position4:3 andmoveswith velocity 1:0. If thetime
is now adwancedto t’ = 2:0, off-line by performingan adequatevaitF or( )
actionor on-line by someexternally determinedpassagef time, the value of
r obotPos canbe evaluatedat the currenttime to val(linear (4:3; 1:0; 0:0); 2:0)
= 43+ 2.0 (2.0 0:.0) = 6:3. Forfurtherdetailswe referto [18].

concurrency : ICPGOLOG hastaken over the conceptof concurreng like it was
rst proposedor the CONGOL OG interpretel{13]. Concurrenyg is understood
asinterlearing two programsandin particulardoesnot consideractionsbeing
truly simultaneousThis avoids problemdik e the preconditioninteractionprob-
lem (see[28]) andthe otherwisenecessangxtensionof the underlyingsitua-
tion calculus. However, the semanticf concurreng in ICPGOL OG is taken
over from GrosskreutzcGOL OG [18] anddiffersfrom thesemanticsn CON-
GOL OG: concurreng of two programs ; and » is expressedy theconstruct
conq 1; 2). Thegeneralassumptions thatactionsshouldperformassoonas
possible. Thus,the next constructof both programss considered.If both can
doaninstantaneousansition ; is favored(compareo prioritized concurreng
of CONGOL OG). However, if oneof the two transitionstakeslongerthanthe
other the earlierterminatingtransitionis favored. This kind of time dependent
selectionwasnot possiblein CONGOL OG, becausét did not containary con-
ceptof time.

probabilism : In realisticdomainsuncertaintyexistsin variousforms,oneof whichis
uncertaintyabouthow theworld evolves. This oftencanbe modeledby alist of
possibleoutcomegogethemith adistributionde ning theirrespectie probabil-
ities, for examplebasedon experience.This way of modelinguncertaintygave
birth to PGOLOG [20]. PGOL OG introducesa new constructprol(p; 1; 2)
with the intuition that with probability p sub-program ; gets“executed”and
with remainingprobability (1 p) » is chosen. However, this kind of con-
structis not intendedfor execution, but only for modelsusedin projection:
PGOL OG offersa mechanisnfor probabilistic projection Theusercan,given
alegal PGOL OG-program,querythe probabilitythata certainconditionis true
afterexecutingthatprogram.Thisin turn canbe usedfor decisionmaking.

Roughly the following is suggested:Along with the programitself the user
providesa modelfor the low-level processedike navigationin robotics. Then,
usingconcurreng aspresente@bove andaspeciakarchitecturdor communicat-
ing with the low-level processes concurrentlyinterpretingthe low-level model
andthe programprojectsthe expectationsaboutthe effectsof this program.

progression : Following the approachfor progressinga databaséy Lin and Reiter
[15], Janserj22] implementeca mechanisno progresghe knowvledgebasein
ICPGOL OG accordingto the currentsituation. The motivation for progression
is simple: oncean actionhasbeenperformedin the real world, it cannotusu-
ally beundone.Thus,situationsbeforeperformingthe actionrenderirrelevant.
However, in realisticdomainsthe situationterm often grows rapidly over time,

“Confer[18] for details.
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requiringmoreandmorespacgmemory)andcomputationatime to performre-
gressionHence,it is suggestie to progressthe knowledgeaboutwhatwastrue
in situationSy to whatis truein the currentsituation.

It turnsout that this featureis indispensabldor realisticdomains for the argu-
mentsthatmotivatedit (time andspaceconsumption).

Transition Semantics

Differentfrom the original GOL OG, the semanticof IcCPGOLOG is de ned via a
transitionsemantics The evaluationsemanticoof GOLOG was rst replacedby the
transitionsemanticsn [13] whenintroducingconcurreng. TheDo( ;s;s’) predicate
of GOL OG assignsa semanticgo theentireprogram recursvely. This semanticss
basedon the completeevaluationof the program thereforeits name.However, some-
timesit is more corvenientto specifythe semanticdy de ning singlecomputational
stepswhichis theideaof atransitionsemanticsThe semanticss de ned via axioms
of anew four-aryrelationTrans. Trans( ;s; ;') holdsif andonly if oneexecution
stepof program in situations leadsto situations’ andremainingprogram ’. A tuple
h;si with aprogramands a situationis calledcon guration. Thus,Trans de nes
transitionsrom onecon gurationto anothef

Moreover, we have to de ne what a terminationcon guration is, i.e., what are
con gurationsthatwe considera successfulerminationof a program.This is doneby
anothempredicate-inal . Final ( ;s) holdsif andonly if we considethecon guration
h;si alegal termination.Herearesomeexamplesfor Trans- andF inal -de nitions
(for acompletdist seeAppendixA.2):

Final (a;s) FALSE , Wherea is a primitive action
Final (if (; 1, 2);9) [s]™ Final ( 1;8) _: [s]”™ Final( 2;S)
Trans(a;s;nil ;s) Posga[s];s) * s’ = do(a[s]; s)
Trans([ 1; 2I:s; ;s) 9 [Trans( 1;s; ;8)" =1[; 2]_

Final ( 1;s)~ Trans( »;s; ;s)

For modelingprobabilismin PGOL OG thetransitionrelationT r ans wasformally
convertedto afunctiontr ansPr which returnsthe probabilityfor the giventransition.
However, thisis usuallyequalto 1.0 exceptfor probstatementskor example:

transPr(a;s; ;s') = ¢
Posqa[s];s)* = nil ~ s’ = do(a[s];s) * q= 1.0_
: (Posg(a[s];s)» = nil ~ s’ = do(a[s];s)) » g= 0:0
transPr(prol(p; 1; 2);s; ;8)=q
= ;7 s = do(tossHead;s) " q= p_
= L,/ s = do(tossTail;s)*q=1 p
Here, tossHead andtossTail are pseudo-actionintroducedto make the resulting
situationgdifferent. They have no effectonary uent andarealwayspossible.

8]t is notaworthy thata transitionsemanticsequirestherei cation of programsas rst-order termsin the
logicallanguageThisis basicallybecaus@neneedgo quantify over programs For the D o de nitions that
wasnot necessarsincethesewe simply (recursve) abbreiationsfor formulasover s ands®. However, we
omit ary detail of encodingprogramsas rst-order terms,asit doesnot affect our issuesandreferto the
literature[13, 18].
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Decision Making

Probabilisticprojectioncanbe usedfor decisionmaking. Janserj22] shavs examples
for this in the RoBoCuP SimulationLeague: Supposehe agenthasthe ball under
its control, wantsto play a passandis consideringpossiblepassrecevers. Thenit
canusea modelfor the low-level action“pass”to projectthe possibleoutcomedor
passingo a certainteammateandquerythe probability for certainpropertiesn these
outcomes.Jansersuggestso usea condition statingthat the teammatesuccessfully
recevedthe pass:The agentqueriedthe probabilityfor eachpossiblepassto succeed.
This wasiteratively donefor someorderingof someteammatesThe rst onewhich
hada probabilitygreatethansomethresholdwaschosen.

However, this doesnot seemto be a sophisticatediecisionrule for a couple of
reasons(a) the decisiondepend®n the orderingof theteammategb) usuallynotthe
bestplayerwill beselected(c)if for noplayerthethresholds reachedthepasslaying
agenthasno cluewhatto do. Whatessentiallyis missing,is the supportfor adecision-
theoreticview on suchdecision,like in MDPs. This shouldbe directly implemented
into theinterpreter While the above procedurevorkswith a hand-codediecisiontree
usingif-then-elseconstructsijt seemsuggestie to usenondeterministiconstructgo
modelthe decisionproblemwhentheinterpreteiitself is capableof decisionmaking.

icpGolog and Nondeterminism

However, 1IcPGOLOG does not contain nondeterministicinstructions arymore.
Grosskreut418] explainsthe problemsarisingfrom the interplay of nondeterminism
andhis semantic®f concurreng. Thisleadto the completeomissionof nondetermin-
ismin ccGOLOG, which waslatertaken over into IcCPGOL OG. The agumentshe
gave do not preventreintroducingnondeterminisnin general. Grosskreutavasonly
concernedboutcounterintuitiveresults(see[18] for anexample)thatcanonly occur
whenmixing concurreng andnondeterminismHis claimis thatin suchcasesionde-
terministicchoicesare,undercertaincircumstancegjeterminedaccordingto theleast
time consumptionHe believedthatto bein contradictionto the intuition behindnon-
determinism.Yet,whenreintroducinghondeterminismve aregoingto prohibittheuse
of concurreng with nondeterminisnfor similar reasongseeSection5.1.3).

4.2.2 DTGolog

In [5] Boutilier etal. proposeanotherGOL OG extensionwhich they call DTGOLOG
(decision-theagtic GOL OG). Roughly DTGOL0G integratesfully-obsenableMDPs
into GOL OG andthis way allows combiningexplicit programmingwith decisionthe-
oreticplanning.

MDP specification

Boutilier etal. do not specifythe MDP formally, but the following describesiow the
componentsf the MDP couldbede ned:

statespace= situations: The setof statesis the setof situations. Unfortunately in
generalthe setof situationsis in nite. To illustrate this, considerthe vacuum
world of Figure4.1. Thevacuuncleaneicanmove freely betweerthetwo rooms
andin bothroomsthereis eitherdirt or they areclean. Thenwe canrepresent
the statespaceasthe crossproducof the threevariablesfor the positionof the
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Figure4.1: Thevacuumworld takenfrom [35].

robot, the presencef dirt in theleft room,andthe presencef dirt in theright
room. Sucha statespacses calledfactored(cf. [6]), asit is speci edusingmore
than one statevariable. The size of this particularstatespaceis2 2 2 = 8
which is simply the numberof all possiblecombinationf valuesfor the three
variable. However, in DTGOLOG the statespacefor this exampleis in nite:

assumehereis only oneactionchangeroom, which is alwayspossible.Then,
after performingthis actiontwice, the vacuumcleanerendsup in the room he
departedrom. Intuitively, andaccordingto our statedescriptionabore, it is in
the samestateas before. But this is not true for the situation: if the situation
initially was Sy, it will how be do(changeroom;do(changeroom;Sy)) which
of courseis different. Oneapproactto this ratherundesireceffect, is to specify
alist of uents thatareusedasstatevariables.We will apply this approachn
Section5.2whenconstructinga nite statespacefor options.

actionspace= primitive actions: The actionsof the MDP cansimply be understood
to betheprimitive actionsin GOL OG. However, the situationcalculusdoesnot
allow for uncertaineffects of actions(recall that Reiterssolutionto the frame
problemexplicitly requiresdeterministicactions).Thus,to still beableto model
uncertaintyBoutilier etal. addedanew typeagentAction (a)° andanew predi-
catenondetActions(a;s; ) indicatingthatagentactiona in situations is non-
deterministicandhasthe outcomeswhich arelistedin , commonlycalledna-
ture's choices Thislist of outcomesonsistof primitive actionsof thesituation
calculus.If anagentactionis not nondeterministicit is immediatelya primitive
action of the situationcalculus. Additionally, the new predicateprok(a; p;s)
stateghe probability p thatprimitive actiona happensif in situations anonde-
terministicactionis executedwith a beingoneof its outcomesThis approachis
similarto Reiter's stochasticGOL OG [34].

In DTGOLOG, fully-obsenable MDPs areconsidered.Thus,it hasto be guar
anteedhatthe agentalwaysknows the situation(state)it is. However, the cur-
rent situationis notindividually sensiblefrom the world. To illustratethis, we
oncemoreconsiderthe vacuumworld: Assumetherobotis in theleft roomand
it wantsto determineits situation. The only information percevable from the
world, assumingequiredsensorareavailable,arethe valuesof the threestate
variables(robot position, dirt left, dirt right). However, as pointedout, there
areseveral (in factin nitely mary) situationsthatcorrespondo a certainvalue
con guration. Or in short: the mappingfrom statedo situationss not bijective.
Neverthelessif therobotkeepstrackwith its movesit canalwaysmemorizeits
situation.For deterministicactionsthisis simple.For the nevly addednondeter
ministic actions,however, extra careis needed:after executingsuchan action,
the agentonly knows which situationcalculusactionsmay actually have hap-
pened.But it still hasto determinewhich exactly it was. For eachagentaction

9We areusingbold facefor agentactions(a). All otheractionsareprimitive actions.
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a, the userthereforespeci es a sensingaction senseHEécta) which performs
all necessargensingo distinguishthealternatves. Further with every possible
outcomeof actiona, heassignsa senseconditionwhich holdsif andonly if this
outcomehasactuallyhappened.

Concluding,full obserability is assuredy keepingtrack of what the agentis
doing. While for deterministicactionthe effectsarecertain,the agentusespar
ticular sensingactionsandconditionsfor determininghe outcomefor nondeter
ministic actions.

transitionfunction= SSAs: Thetransitionfunctionis trivially de ned by thesuccessor
state axioms and the new predicates nondetActions(a;s;) and
prok(a; p;s). With thesewe canalwaystell the probability of reachinga cer
tain situationwhenapplyinga speci ¢ agentactiona.

reward function= reward(s,r): Anothernew predicater eward(r; s) speci esthere-
wardr assignedo situation(state)s. Sinces is a situationterm, it containsthe
entirehistoryandin particularthelastactionthathastakenplace.lt is therefore
possiblenot only to judgethe situationitself, but alsoto subtractcostsbasedon
thelastaction.

A New Semantics for Nondeterminism

DTGoLOG, like GOLOG, has an evaluation semantics,de ned by the predicate
bestDo( ;s;h; p;v;t) with:

aprogram(asbefore),
s asituation(asbefore),
h anaturalnumbercalledthe horizon

p the optimal policy for the next h stepsin program whenstartingin situation
S!

v the expectedvaluefor this policy,

t the terminationprobability in the usual GOLOG sensefor program  when
following this policy.

Comparedo Do( ;s;s’) of GOLOG, theresultingsituations’ is missing. Insteada
policy is returned re ecting theuncertaintyof the systemt® This policy is a GOLOG
programonly containingprimitive actions,conditionalsandtests.Sincewe arein the
specialcaseof knowing wherethe agentstarts,namelyin situations, we canrepresent
a policy asa conditionalprogram,containingprimitive actionsandif-then-elsestate-
mentsto accounfor theuncertaintyof someof theactions.Thepolicy implementghe
mechanisnior keepingup full-obsenability asdescribedabore.

The horizonh canbe usedto restrictthe interpretationup to a certainnumberof
actions. Then,the interpretatiorreturnseitherwhenreachinga terminationsituation,
justlikein GOL OG, or whenthe horizonis reached.

10we will speakfrequentlyof agumentsbeing returnedor distinguishbetweeninput and outputamu-
ments.Althoughfrom alogical point of view thereis no suchtype distinction,asall areonly agumentsof
arelation, this functionalview on predicatess ratherintuitive andshouldbe helpful for understandinghe
o w of controlin theinterpreter
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Most of the D o clausedranslatetrivially to bestDo. The following arethe most
relevantdifferences:

nondeterministichoice(user's choice):
bestDo([( 1] 2); I;sih;ip;vit)

Theinterpreterrecursvely calls bestDo for both alternatves ; and ,. Based
onthereturnedvaluesandterminationprobabilitiesjt chooseshemorepromis-
ing, addsit to the policy, andreturnsits values. Thus, unlike GOLOG, where
nondeterminismvasa simpledisjunction,herethe betteralternatve is used.

nondeterministi@ction (natureschoice):
bestDo([ ; I;s;h;p;v;t)

For an agentaction , it is testedwhetherthis actionis deterministicor not.
Sincethe former caseis equallytreatedasin GOLOG, we hereonly describe
the latter In that case thelist of outcomes for this actionis retrieved from
nondetActions( ;s; ) . Asin theusers choicecasefor eachentryof thelist,
theremainingprojectionis run,i.e. bestDo s called.However, unlike theformer
case theinterpretercannotchoosethe bestalternatve. It is notin the handof
the agentto decide,but natures choice. Accountingfor that, the average of all
alternatvesis returned.For valueandterminationprobabilitythis meanghatthe
resultsof the alternatvesare addedwhereeachalternatve o is weightedby its
probability of occurrenceasde ned by prol(o; ;s). Thepolicy is constructed
fromthesensingactionsenseHéct ) andif-then-elseconstructsverethesense
conditionsareusedto detecttheactualoutcome.

Thisway of solvingtheproblemis obviously differentfrom theiterative algorithms
describedn Section3.1.5: Themaindifferencds thatthealgorithmat handsolvesthe
problemonly for a particularstartingpoint, the currentsituation,insteadof iterating
over the entire statespace. The algorithmis known as decisiontree seach [6] or
directedvalueiteration [5], astheresultingpolicy is adecisiontreerootedin theinitial
situation.Thisis in contrasto thede nition of apolicy of Section3.1.4whereapolicy
was de ned asa mappingfrom the setof statesto actions. The greatadwantageof
the algorithmis thatit canoperatesvenonin nite statespaces.Thisis trivially true,
becausdy constructionthe algorithmwill only reacha nite numberof statesduring
processingThis partof statespaces exploredassomekind of reachabilitygraphfrom
theinitial situation.

The disadwantageof this algorithmis the following: As describedabore, the al-
gorithm takes situationsas states.Dependingon the propertiesof the domain,it can
often happenthatintuitively equalstatesaretreatedasdifferent. This meansthat for
all these the remainingprojectionis run, althoughit is alwaysthe same.In thatcase,
computationatomplexity is increasedinnecessarily*

Fromthesepropertiedt follows thatthis algorithmis especiallyusefulfor domains
with a continuousstatespace.Therethe describedadwantagehasits effect, while the
disadwantagedoesusually not, sincein continuousstatespacest is unlikely to pass
througha certainstatemorethanoncein adecisiontreesearch.

11we present solutionto this problemin the Section5.2.
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The centralpoint of DTGOLOG is that nondeterminisncan freely be combined
with commonprogrammingconstructs Seenfrom the perspectieswherethe compo-
nents(decision-theoretiplanningand programming)originate, this canbeenunder
stooddifferently:

Seenfrom the pointof view of programmingD T GoL oG simply addsnondeter
minismwith adecision-theoretisemanticgo thelist of allowed constructs.

From the standpointof decision-theoretiplanning, DTGoLoOG allows to re-
strainthe searchspaceby incorporatingdomainknowledge,representethy de-
terministicdecisionrules. Thesedeterministicdecisionrulesareformulatedin
termsof programmingconstructs.

An Example

To illustratehow in practicethe combinationof programmingand planningcanlook
like, we presentthree different approachedo a simple navigation problemin the
Maze66(cf. Figure2.1(a)). Startingin cell (1;1) the agentcanmove in ary com-
pasdirection,whereamove succeedsasintendedwith probability0.91andotherwise
leadsto ary otheradjacentell. Eachmove costsl andat position(4; 4) thereis ahigh
positive reward.

1. A simpleprogrammingapproacho this problemcouldbethefollowing:
[while ( y < 4, down), while (x < 4, right )]

which rst goesdown to the correcty coordinateandthenheadsight.

2. A planningapproactcouldleave all decisionto theagent:
while ( not (x =4 \& y = 4), (down | right | up | left ))).

Thatis, while the positionis not (4; 4), choosenondeterministicallyo goin ary
possibledirection.

3. Finally anintegratedapproactcouldbe:
( [while ( 'y < 4, down), while (x < 4, right )]
| [while ( x < 4, right ), while (y < 4, down)] )

which nondeterministicallghoose®neof two waysto take to thegoal.

All theseapproachesvill nd the bestpathto the goal cell. However, they differ in
quality: if we usetherequiredcomputationatime andthe e xibility of theapproaches
asquality criteria, the following pictureis dravn: The programmingapproachakes
almostnotime, but it is only applicablefor exactly this problemandfor deterministic
actions.If oneof thetwo doorstherobothasto passhroughwereclosed the program
would no longerreachthe goal. Also if oneof the usedactionsfails, the programwill
looseits trackandfail. The secondapproachs highly e xible andcan,aslong asthe
uncertaintyof themovesis known, handlenondeterministiactions.It will nd asolu-
tion for ary positionof the goalif oneexists. However, it is computationakxpensve
and,in particularwhenusingthe decisiontree searchalgorithmof DT GOLOG, takes
prohibitively long. The third approachcanbe seenasthe resultof incorporatingthe
knowledgethat one of the doorsalongthe two possibleshortestvaysmay be closed.
On the downsideit neithersupportsnondeterministiactions. The somevhat higher
e xibility of theapproachis paidby alittle bit longercomputation.
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The exampleillustratesthatusingDTGOLOG it is possibleto incorporatedomain
knowledgeto increasee xibility, by integratingplanningwith programming.It is up
to the programmeto decideon how muchuncertaintyto accountfor, by usingmore
nondeterminisnin the program. This enablego reactuponsurprisingchangesn the
world, like a closeddoorin this case.Additionally it is notevorthy thatevenwithout
uncertaintyin the domain,a planningapproachs generallyeasierto implementand

nds thebestpossiblesolutionif theworld is correctlymodeled.

4.2.3 Online DTGolog

In theintroductionwe sketchedheshortcomingsvith DTGoL0G. Oneof whichwere
thatthe DTGOLOG interpreteris a pure off-line interpreter In analogyto the mo-
tivation for an incrementalGOL OG interpreterdescribedn [12], Soutchansk{37]
recently proposedan on-line extensionof DTGOLOG. He recognizeshe needfor
an incrementalinterpreterthat allows for sensingactions. As for the incremental
GOLOG interpreter he claims that solving a programto the end before executing
a rst actiontakestoolong andmayevenbeunnecessarif the programis a sequence
of logically independenproblemsthatcanbe solved oneafteranother
The solution Soutchansksuggestss that of addinganotherargumentto bestDo

statingthe remainingprogramatfterthe rst stepof the policy hasbeenexecuted.The
generalexecutionsemanticof the new interpreteris asfollows: In eachstep,there-
mainingprogramis interpretedff-line upto agivenhorizonconstructinga policy, just
likein DTGoLoOG. Thenthe rst actionof the policy is executedandthe procesgro-
ceedswith the remainingprogram. This way, at ead stepa projectionis performed.
Thisis eventhecasejf thereis no nondeterminisnusedwithin the programup to the
givenhorizon.To bettercontrolthe searchSoutchanskintroducegwo new constructs
optimiz ¢( ) andlocal( ). The former canbe usedin sequences$o constrainthe
searchto theprogram ignoringary remainingprogram.If local( ) is used,apolicy
for s constructequpto thegivenhorizon)which thenreplaceghe original program

12 Thatis, theinterpretercommitsto this policy without having ary secondhought
while execution.Althoughthis intuitively shouldallow to executealargersequencef
actionwithoutmuchcomputationakxpensesthisis only partially true: As thegeneral
semanticof theinterpreteralwaysoptimizesover the next stepsup to the given hori-
zon,evenafterusinglocal theinterpretemwill try to optimizethealreadydeterministic
programwhich is the policy returnedby local. Although projectinga deterministic
programis usuallymuchfasterthanprojectinga programcontainingnondeterminism,
it is completelyunnecessary

As aresultfor our work, it remainsto saythat Soutchansks work addressedhe
right problemsput still appeargo leave spacefor improvements.Our approactto the
issueof on-linedecision-theoretiplanning,whichwe will addressn Section5.1, will
follow the ideasof the incrementalGOL OG of [12] for nondeterminisnandusinga
transitionsemanticsin particular we not generallyoptimizea programbeforeexecu-
tion. Insteadwe will only searchfor a policy whenrequestedy the userthrougha
searctoperatorsimilar the oneproposedn [12].

12ynfortunately[37] doesnotexplainhow local( ) behaesin casethehorizondoesnotsufce to render
apolicy for theentireprogram . If in thatcasestill werereplacedy thepolicy, thepartof behindthe
horizonwould bediscardedwhich obviously cannotbeintended.



Chapter 5

ReadyL og

Basedon iIcPGOL OG we have developedthelanguageREADY L OG andextendedthe
ICPGOL OG interpreteimplementedn ECLiPSePrologaccordingly READY L OG ex-

tendsicPGOL OG by possibilitiesfor decision-theoretiplanningasin DTGOLOG.

This canbecomparedo thework of Soutchanskji37] asit dealswith on-lineplanning
andplanexecution.Yet, our solutiondiffersfrom Soutchansks work by the direction
from which the problemis approached.

Moreover, the conceptof optionshasbeenintegrated: de ning local MDPs, the
user can computeoptimal policies for recognizedsub-problemsalong with models
aboutthe effectswhenfollowing suchapolicy in a certainstate. Theresultcanbeused
justlike ary othernondeterministi@ctionandin particulartheusercande ne options
over options.

Motivatedby the needto increaseperformancea preprocessohasbeenimple-
mentedhattranslatesREADY L 0G codeto PrologpredicatesFinally, thepreprocessor
is alsousedo allow auserfriendlier syntaxandto automatehecomputatiorof options
fromlocal MDPs.

We begin this chapterby presentingour approactof integratingdecision-theoretic
planninginto anon-lineinterpreter Thereafteroptionsandespeciallytheir construc-
tion within ourinterpreterarediscussedWe nish thechaptemwith somedetailsabout
thefunctioningof the preprocessor

We usestandardogical notationand presentthe de nitions of predicatesasfor-
mulas (the implementationin ECLiPSeProlog can be found in the appendix). We
assumestandardsemanticdor arithmeticsandlists. We usetypewriter  -font for
implementationatietailsandwhenpresentingexampleprograms.

5.1 Decision Theory

Asdiscusseth Sectiord.2.1,1cPGOL OG doesnotincludenondeterminismWe rein-
troducednondeterministiaction selectionand nondeterministicchoice of argument
with a semanticssimilar to that of DTGoLoG. Beforewe canformalize the MDP
implicitly de ned by a program,we have to decidehow to modeluncertaintyin our
system.Along with thatcomesthe questionof how to maintainfull-obsenability. Af-
ter we have presentedur answergo thesequestionsandhave formalizedtheimplicit
MDP, we will directour attentionto questionsarisingfrom the new on-line context.

48
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5.1.1 Modeling Uncertainty

Both,1IcPGOL OG andDTGoL 0G have anotionof uncertaintythoughtheway uncer
tainty is modeleddifferswith respecto thedifferentapplications.Thetwo approaches
canbedescribedasfollows.

ICPGOLOG modelsuncertaintyusing probl(p; 1; 2) statementsexpressing
thatwith probabilityp thesub-program 1, andwith remainingprobabilityl p

2 is executed.Uncertaintyof thatkind is usedto performprobabilisticprojec-
tion which is doneasfollows: In parallel,usingthe constructpconcfor prob-
abilistic concurreng, a program anda low-level model of the baseactions
of the systemareinterpreted.Thereby the low-level modelworks asa simula-
tor of whatwould actuallyhappen.Whenthe programexecutesan action, the
modelsimulatests effectson theworld, thatis, it changesuent valuesaccord-
ingly. Sincethe low-level modelcanbe anarbitrary program,particularlyable
to useprobalsowithin whil e-loops, it is not possibleto foretell the numberof
outcomeghesimulationof oneactionmayhave. This causeproblemsor main-
tainingfull-obsenability aswe will seebelon.! Herearetheadwantageg+) and
disadwantageg-) of thisapproach:

+ Theeffectsof actionscanbedescribedy comple programsusingall com-
monprogrammingconstructsThis allows to modelvery comple effects.

— The actionsin the programand their effects describedin the modelare
not linked. This makesit hardto decidewhena sensingactionshouldbe
executedo determinevhich outcomeanactionactuallyhad.

— The concurrentinterpretationcomesalong with a ratherhuge computa-
tional overhead Also, asthelow-level modelby itself is a program,it has
to be interpretedto determineits impacton uents. This is ratherslow
comparedo otherpossibilities.

— Carehasto betaken by the userwhenimplementingthe low-level model
to assureit is only executablewhenintended. It hasto intervenein the
programexactly whenanactionhasto be simulated.This canbe achieved
usinga certainarchitecturgseeSection4.3 of [18]).

We describedhe way DTGoL0OG modelsuncertaintyin Section4.2.2leaving
only theprosandconsto be mentioned:

+ It is straightforvard to implementthe possibleoutcomes/déctstogether
with eachnondeterministi@action.

+ Full-obsenrability is maintained.

+ The effectsof the possibleoutcomesof an actionare alreadyrepresented
by successostateaxioms,which makesary moreinterpretatiorat time of
projectionunnecessargndthussavestime.

— It is notpossibleto modelcomplex outcomesAll effectshaveto beassem-
bled into the successostateaxiomsof the outcome-describingrimitive
actions.

INotethatfor theuseof probabilisticprojectionasin ICPGOL OG, full obsenrability is notanissue.This
is, becauseheintentionof the projectionis notto constructa policy. See[22] for details.
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We aimedat mewging the advantagef both approachesOur solutionmakesuse
of the preprocessowhich we will presentin detailin Section5.3. The mainideais
to generalizefrom nondeterministigrimitive actionsto nondeterministigrocedures.
At time of executionthe normalbody of the procedurds used,while for projection
a modelis applied. This leaves more freedomand includesthe approachof DT-
GoOLOG asaspecialcase.

Stochastic Procedures

We rst presenthe formal de nition of stochastigproceduresbeforedescribinghow
theusercande ne themmoreabstractly

A stothasticprocedue is a procedurep(x) de ned by proo(p(x); b,(x)), wherex
aretheargumentsof p, for which

apreconditionaxiomstoch_proc_posgp(x);s) ' ,(%; S) exists,and

an effect axiom of the form stoch_proc.outcomeqp(x);s; ; )

(%S, ; ) exists, where is alist of outcomesand s a sensingpro-
gramwhich sensesll necessaryatato determinethe outcomethat actually
happenedThelist of outcomedhaselementof theform (! ; pr; ), where! is
an 1IcPGOL OG programdescribingthe outcome,pr is the probability for this
outcomeand is the senseconditionfor this outcomethatis, a conditionthat
holdsif andonly if this outcomein thelist hasactuallyhappenedThe program
! hasto bedeterministicandin particularmustnot containprob-statements.

This constitutes the counterpartto the nondetActions(a;s; ) predicate of
DTGoLoG: we replaceboth, the action and the elementsof the outcomes-listoy
procedures Furthermorewe integratethe de nition of senseconditionsanda sense
programinto this de nition, insteadof keepingthem seperateasin DTGOLOG (cf.
Section4.2.2). The semanticf theseaxiomsis similar®: if procedurep(x) is exe-
cutedin situations, the world will changeto a new situations’, wheres’ is de ned
by trans*(! ;;s;! i .. ;S") with probability pr;, where! ; is the programof thei-th
entryin list , pr; is thecorrespondingrobabilityandtr ans* is thetransitive closure
of thetr ans-predicatgcf. Section4.2.1). Thatis, the programsare“executed’by the
transpredicateuntil a nal con guration, whereno moretr ans-stepsarepossible,is
reachedIn this con gurationtheremainingprogram! ;. is called nal.

Thatway the outcomedescribingprogramsde ne a setof possiblesuccessositu-
ationsjustlik e the outcomedescribingprimitive actionsin DTGoLOG. Thedifference
is thatentireproceduresasusedhere,allow more e xibility thansingleprimitive ac-
tions3

However, thisis theformal de nition of a stochastigrocedure We do notrequire
the userto de ne theseaxioms,andin particulardo not require him to implement
ary Prolog code. Instead,the usercando all de nitions in a GOLOG like meta-
languageThesewill thanbe corvertedby the preprocessaio theabove form, thereby
alsocompilingasmuchaspossibleto Prologto speedup the projection(seeSection
5.3for detailsaboutthe preprocessoits aim, andtheway it works).

We now presenta motivating examplewhich is to presenthe intuition aboutthe
de nitions. Afterwardswe go into sometechnicaldetail of de ning stochastigroce-
dures.

2For aformal de nition of the semantic®f stochastigprocedureseepage60.
3without proving this claim ary further, we remark,thatthis is becausef the samereasonsvhy while-
loopsarenot rst orderrepresentable.
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Example 5.1.1 For example thefollowing procedue modelcouldbede ned:

1

©oO~NOOULWN

proc_model ( makeCareer ,
[ if (educationLevel =high ,
sprob ([ (becomeProfessor , 0.4, employer =university ),
(becomeManager , 0.6, employer =company)],
senseEmployer ),
sprob ([ (becomeFireman , 0.3, drive =fire_truck ),
(becomePoliceman , 0.5, drive =motorcycle ),
(becomeAmbulanceman , 0.2, drive =ambulance )],
senseVehicle ) )] ).

Theintuition is the following: the procedue makeCareer hasdifferent out-
comesdependingon the level of educationof the agent (we assumethat
educationLevel is a uent and can havevalueshigh andlow ). If the
agentis well educatedmakingcareerwill male it a professorwith probability
0:4 and a manayer with probability 0:6. After performingthis procedue in the
realworld, theagentcandeterminehe actualoutcomeby sensingts employer:
If it is a univessity, it musthavebecome professarOtherwiseif it isacompany
it turnedoutto bea manajer. Ontheotherhand,if the educationalevelis not
high, the agentwill eitherbecomea r e ghter, a policemanor an amhulance
man.

Thefollowing detailsarerathertechnicalandcanbe seenasareferencdor usingthe
interpreter They arein particularnot essentiafor understandinghe remainderof this
or ary following chapters.

Theusercande ne ary procedurdo be stochastidy providing

aprecondition ,, de ned by proc_posgp;' ,), and

aprocedue modelm,, de ned by proc_model(p;m,),

where' , is alegal IcPGOL OG conditionstatingwhenthe procedures executable!

A procedue modelm is a possiblyemptysequencef

primitive actions,
tests?(' ), where' isalegal IcPGOL OG condition,

conditionalsif (*; a;b), where' is a IcPGOLOG conditionanda andb are
proceduranodels.and

anoptionalsprob-statemenatthevery endof thesequencé.

An sprob-statemerfttakestwo aguments:

alist of outcomes whereeachelementhastheform (e;p; ) with

— eanarbitraryicPGOL OG programdescribingthe effectsof this outcome,

4See[22] for aformal de nition of anicPGOL OG condition.

5As soonasanspr ob-statemenis hit, the sequencés cutafterconsideringhis statementlf in factsuch
a statementioesnot appearasthe nal elementof the sequencethe preprocessoprints a warningto the
screerthatary laterinstructionsarebeingignored.

SReads-prob-statementor sensibleprob-statement.
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— p theprobabilityfor this outcome,

— alegal IcPGOL OG conditionwhich holdsif andonly if this outcomen
thegivenlist hashappened.

a sensingprogramwhich is an arbitraryicPGOL OG programwhich is under
stoodto performall requiredsensingactionsto determinewhich outcomehas
happened.

The probabilitiesin list areassumedo sumup to 1.0/ The sprobstatemenhas
a similar semanticsas the prob-statemenbf PGOLOG [20] and icPGOLOG. The
only differencesarethatin an sprob-statementve canhave an arbitrarylong list of
alternatves,eachcarryingits own probability, andthatfull-obsenability is maintained
by naminga sensingorogram(usuallyonly oneprimitive action)andsenseconditions
for all outcomes.

Fromthesede nitions, the preprocessacreates stochastigprocedureby generat-
ing therequiredaxioms.In particular all appearingconditionsarecompiledto Prolog
code(seeSection5.3), which supersedefurtheron-lineinterpretationsaving time 8

While the previous examplewasparticularlymadeup for illustration,to shov the
useof if -statementén suchmodels,andto shav a casewhereeffectively morethan
onesprobstatements permittedto appearthe following is an examplethatwe actu-
ally appliedin controllingrobots.

Example 5.1.2 We usedthe following procedue modelat RoBoCup2003 (Padua)
Mid-Sizetournamento describeour intuition aboutthepossibleoutcomesvhen
arobottriesto intercepttheball.

1 proc_poss (intercept_ball (_Own _Mode), not (f_ballinGoal ).
2

3 proc_model ( intercept_ball (Own, _Mode),

4 [?(and([ AngleToBall = angle (agentPos , ballPos ),
5 NewPose = interceptPose  (AngleToBall ),
6 NewPose = [X,Y ,Angle 1)),

7 sprob ([

8 ([ set_ecf agentPos (Own, [X, Y], [0,0]),

9 set_ecf_agentAngle (Own, Angle , 0)],
10 0.2, isDribblable (Own)),

11 (IR 0.8, not (isDribblable (Own))) 1,
12 exogf_Update )

13 D.

The r stde nition expresseghat interceptingthe ball is possibleif and only if
theball is notin oneof thegoals. The r st part of the procedue modelis a test
in which the positionis computedvhich wouldresultfromdirectlydriving to the
ball fromthecurrentpositionof therobot. In theconsecutiveprob -statement,
two possibleoutcomesre listed: eithertherobotsuccessfullynterceptstheball
and endsup at the calculatedpositionat the ball (set _ecf _agentPos( ) is
a primitive action settingthe agent's positionto the givenvalue) with a head-
ing towards the ball (set _ecf _agentAngle( ) is a primitive action set-
ting the agent's angleto the givenvalue). Or the interceptionfails leavingthe

7Actually the preprocessoprints a warningto the screenif at compiletime it canalreadyrecognizea
violation here.

8Notethatfor thesede nitions thereis noformal semanticsle ned, sincethey areconvertedto astochas-
tic procedurefor which we alreadydescribed¢he semantics.
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robot whee it is. The rather low probability of 0.2 for a successexpresses
how dif cult it is for the robot to secuely interceptthe ball. The condition

isDribblable(Own) holdsif and only if the ball is closein front of the

robot. Theemptyprogramin line 11, usedto denotea failure, is probably not

a gooddescriptionof whatreally changesin the world if the interceptionfails.

However it is verycomplex to accountfor all waystheactioncouldfail. Yet,for

planningit mostlyonly matteis that the robotremainswithoutthe ball.

Also theusercande ne (optional)costsconnectedvith a procedure.This is doneby

the predicateproc.costs(p; costs,;' ) where' is a conditionunderwhich the costs
arecosts,.® For example,costs, canbea variablewhich dependon the condition' .

Thenit is possibleto connectifferentcostswith differentsituations.For theexample
abore, we assignedighercostsin situationswheretheball is in front of theown goal,
sinceinterceptingthe ball thereis ratherrisky. Interceptingthe ball in front of the
opponentgoal,ontheotherhand,wasevenassignedi reward (negative costs).

Explicit Events

In Section3.1.2we discussedwo typesof actionmodels:implicit- andexplicit event
models. In a nutshell,implicit event modelsdescribeall eventsthat canhappenbe-
tweentwo agentactions,aseffectsof the rst action. Evenif aneventdoesnot have
ary causalrelationto thataction. Explicit event models,on the otherhand,describe
sucheventsasindependenbf agentactionsby specifyingtheir probability of occur
renceandtheir possibleeffects dependingon the systemstate. While the former is
requiredfor an MDP, the latteris moreintuitive to implement.If certainassumptions
aremet, we describechow anexplicit eventmodelcanbe transformedo animplicit
one.In READYL OG weallow theuserto de ne explicit eventsandmakingtherequired
assumptionapplythedescribedalgorithmto automaticallygenerat@animplicit model
from that®. Explicit eventsarein additionto stochastiqorocedures way to express
uncertaintyof the systemandcan,for example,be usedto modelthe behaior of other
agentdn amulti-agentsystem.

Explicit eventsare de ned very similar to stochastigprocedureshut they lack a
procedurebody, sincesucheventsareonly intendedfor projection,not for execution.
The predicatesevent_posy"; c.), event_model("; m.), and event_costs("; costs.)
areusedto de ne anevent. Intuitively, the semanticss asfollows **: at eachstepof
the projection,for eachde ned eventit is checledwhetherthis eventis possiblein the
currentsituation.If so,the projectionis continuedfor eachof its outcomes.

Then, for example, expectedadwersarialbehaior can be modeled. Assumewe
obsenedthatin RoBoCuP mid-sizethe opponengoaliealwaysstayson oneline with
theball. Thenthis canbe modeledby somethindik e thefollowing:

event_poss ( oppgoalie_event , true ).
event_model ( oppgoalie_event
[ ?(and([position (opp_goalie ) = [GX, GY],
ballPos = [BX, BY]])),
set_position (opp_goalie , [GX, BY])
D

9Thiswill be corvertedby the preprocessoto a predicatestoch _proc_costs(p;c;v) = '_, where'_is
logically equivalentto ' , butis implementedn Prolog(seeSection5.3).
101n fact, no explicitly representeimplicit eventmodelis created Insteadthe necessaryransformations
aredoneon-the- y in the projectionalgorithm.
1i¢f. page57 for theformal semantics
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The alternatve would be to requirethe userto implementalreadyan implicit event
model,whichin the givenexamplewould amountto folding this eventinto themodels
of all actions,asdescribecearlier Thus,addinga nev eventwould alwaysrequire
modi cationsto all existing actionmodels.

Explicit eventscanalsobe usedto modelsomeforms of concurreng andthe oc-
currenceof exogenousvents.

The pros and consof our approachto modelinguncertaintycan be summarizedas
follows:

+ Full-obsenability is maintained.

+ Becausevery sub-prograntanbe encapsulateéto a procedurefor ary sub-
programamodelcanbede ned. This enablegheuserto freely choosehelevel
of abstractiomat which he likesto modelnondeterminisnand, thus, on which
level to performplanning.

+ Interpretationabverheads minimized?*?

+ Thede nitions by the userareindependenbf Prolog. This is anotherstepto-
wardsfreely choosingin which programminganguageto implementthe inter-
preteror evenacompiler

— The usageof constructss restrictedcomparedo generalPGOLOG programs
ascanbeusedin the probabilisticprojectionof IcCPGOL OG.

Therestrictionsof the lastitem arisefrom the needto maintainfull-obsenability.3

Full-Observability

Somerelevantconsiderationaboutfull-obsenability, theability of theagento always
accuratelydeterminghecurrentstate concludehediscussiorof modelinguncertainty

Asin DTGOLOG, full-obsenability in READY L 0G is providedby keepingtrackof
whatthe agentdoes(conferSection4.2.2). Recall,thatthis meanghatafter perform-
ing an actionwhich was declarednondeterministicthe agentperformsone or more
sensingactionsto determinewhich of the possibleoutcomeshasactually happened.
Theagenthenalwaysknows which primitive actionsof thesituationcalculushave ac-
tually happenedndthusknows thesituation thatis, thestate.Figure5.1(a) shavsthe
caseof uncertaintywhich we permit: thebox symbolizesanondeterministi@action. Its
proceduramodel,the contentof the box, usesexactly onesprob-statementvith three
possibleoutcomes After executingthis actionin therealworld, the agentcanusethe
sensingactionsde ned togethemwith the sprobto determinewhich outcomeactually
happened.

Supposeve permittedcomposition®f probabilisticbranchingfor examplethrough
sequencesr nestingof sprob-statementghisis illustratedby Figure5.1(b). Thenwe
would needto generatea sensingprogramandsenseconditionsto obsene the overall
outcome However, theuseronly speci ed how the alternatvesat onebranchingpoint
(in onesprob-statementanbe distinguished A naive attemptwould be to sequence

12In fact, the Prolog code generatecby the preprocessois as fast as hand coded effects in DT-
GoL oG would be. SeeSection5.3for aquantitatve comparison.
13¢f, Sectiond.2.2
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RN

(@) (b)

Figure5.1: (a) a nondeterministi@actionwith only onesprob-statementindicatedby
thecircle; (b) anondeterministi@actionwith nestedsprob-statements

thesensingorogramsandconjointhesenseonditionsof sequentiabranchingsUnfor-
tunately this doesnot work in generalkincean early senseconditionmight be voided
by alatereffect. Technically thisis true,becaus@nondeterministi@actionof any kind
(treatedasprimitive or comple) is like a blackbox to the userandwe needa sensing
programand a senseconditionthat canbe usedafterwardsto decidewhich outcome
hashappenedbasedonly on theinput. In particular we cannotobsene intermediate
stateswithin the box. In the gure this meanghatwe have no possibilityto sensehe
outcomeof thesprob-statemenA. Thiskind of uncertaintywe do notpermit. We only
allow uncertaintylike the oneof Figure5.1 (a), with at mostone sprob-statementt
theendof asequencén aproceduranodel4

Anotherapproacho this problemwhich couldbeinvesticatedin futurework could
be the following: Insteadof focusingon the momentof branching,one could create
conditionsdirectly for the outcomes.This couldfor examplebe doneby specifyinga
setof uents andto determinethe valuesfor these uents for eachpossibleoutcome
accordingto the appliedactionswithin the model (all describedin one way or the
otherin the situationcalculus). After executingthe nondeterministiqgorogrampart—
actionor procedure- the valuesfor these uents would have to be sensecand used
to decideon the actualoutcome. This approachis motivatedby the questionwhich
of the listed outcomesdescribeghe actual uent valuesbest. However, in realistic
domainswhere uents arecommonlyrealvalued,it is mostly unlikely thatthe values
of the speci ed uents in the modelmatchwith thosein therealworld. Thus,some
kind of classi cationis required.This certainlygoesbeyondthe scopeof thiswork. In
investicating this matter it could be interestingto combinethe researctwith on-line
learningtechniguedo improve thegivenmodels.

5.1.2 Specifyingthe Implicit MDP

Now thatwe have settledhow to modeluncertaintyandin particularnondeterministic
actions,we cannow in analogyto Section4.2.2specifytheimplicit MDP de nedin a
READYL OG programalbeitonly brie y, focusingon the differenceso DTGOLOG.

state space = situations : This pointstaysunchanged.

action space = stochastic procedures + primitive actions : In additionto the primi-
tive actionswe have to formally addstochastigprocedureso thesetof MDP ac-
tions. Thisis becaus¢he modelswe have of themonly applyto the procedures

14Note thatin the earlierexampleon page51, the two occuringspr ob-statementsippearedn disjoint
case®f aconditionalandin particularareneithernestedhorin sequence.
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assuch,althoughthe proceduregisually containprimitive actionsthemseles.
Herebythe later de ned optionsareincludedasthey arecompiledto stochastic
proceduredy the preprocessofseeSections.2,5.3).

transition function = SSAs, procedure models, explicit events : The transition
function is not as simpleasin DTGoOLOG, wherethe successostateaxioms
could directly be usedfor the transitionfunction. For primitive actionsit stays
similar to the extent that the successostateaxiomscan be used,but now all
possibleexplicit eventshave to befoldedinto thetransition.It worksasfollows:
after the effects of the primitive actionshave beenapplied,a new situationis
reachedThelist of all eventsis traversedandall eventsthatarepossiblein this
situationareappliedoneafteranotheywhich leadsto new situationsand nally
to the successosituations/state¥

This works similarly for stochastiqroceduresthough,for theseno immediate
successostateaxiomsexist. Insteadthe de ned outcomeprogramshave to be
completelyinterpretedto obtainthe possiblesuccessosituations. Due to the
transitionsemanticf ICPGOL OG, this is, however, very easyaswe canim-
mediatelyusethe transitive closureof the Trans predicate.Thatis, Trans is
appliedto eachoutcomeprogramrepeatedlystartingin the currentsituation,
until a nal con gurationis reachedAfterwardsthe possibleexplicit eventsare
processedustlike for primitive actions.

This ratherintuitive descriptionis formalizedby the predicatebestDoM in the
next section.

reward function = reward - costs : In additionto uents, IcCPGOLOG offersto de-
ne functionsthattake a certainvalue dependingon somecondition. Formally
afunctionis de ned by f unction (f ; v;' ), with the semanticghatthe function
f hasthevaluev if the condition' holdsin the actualsituation. In READY-
Log, the userde nes a specialfunction Reward which is understoodo as-
sign a valueto eachsituation. For examplef unction (Reward;v;v = 10
distance(B all; Opponent.goal)) couldbeareasonableewardfunctionfor the
RoBoCuP Mid-Size League basedon the distanceof the ball to the opponent
goal.

Costsasbefore,additionallydepencdnanactionandcanbede ned for stochas-
tic procedureslf nocostsarede nedfor aprocedureit doesnotcauseary costs.

5.1.3 Solvingthe Implicit MDP

The core extensionwe madeto 1ICPGOL OG is preciselyto solve MDPs implicitely
de ned in the programasdescribedabore andto executethe resultingpolicy. In this
sectionwe describethe developedandimplementedalgorithmfor solvingthe MDP, in
thenext we shav how to represenandexecutetheresultingpolicy.

Unlike the approactof Soutchanskj37], we do not usea semanticof continuous
optimization.Recall,thathis interpreterkeptprojectingthe proximatefutureto create
a policy for it, but thenonly performedthe rst stepof it beforerestartingthe policy
construction. Our ideais closerto the constructionof the incrementalGOLOG in-
terpreterin [12]. Generalprogramexecutionis de ned by the transitionsemanticof
ICPGOL OG. After eachstepof programinterpretation,i.e., onecall to Trans, the

I5Notethatby this semanticsthe orderof eventsmatters.
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actionis executedin the real world. To interruptthe on-line executionin orderto
deliberatecreatinga plan, the usercanusethe new programmingconstructsolve: a
transitionstepof solve( ; h) changego off-line modeandstartsthe projectionprocess
for program upto adepthof h. Afterwards,the rst stepof the policy is executed,
leaving the restof its executionto the remainingprogramreturnedby Trans. Not
all programmingconstructsf ICPGOL OG are supportedwithin a solve-evaluation.
We call a programthatis allowed with solve-statements plan-slkeleton We allow
the following constructsn plan-skeletons: sequencesprimitive actions,procedures
(in particularstochastigorocedures)if-then-else tests,while-loops, waitFor, nonde-
terministicactionchoice,andnondeterministichoiceof algument(with andwithout
optimization,seebelow pickB est andpi respectiely). In particular we do not allow
constructsexpressingconcurreny, but allow someconcurreng by de ning explicit
events.Below we discusghe mostrelevantconstructandexplicit eventsin detail.

The projection process,optimizing over the proximatefuture, works asin DT-
GoL oG by applyingdecisiontreesearch.This is implementedy the recursve pred-
icatebestDoM . This predicatetakes seven arguments four of which we understand
asinputargumentstheremainingthreewe call outputarguments Thesearethe argu-
mentsandtheir intuition:

1. Theplan-sleleton to beoptimized.It only makessensdo have plan-sleletons
thatmentionnondeterministichoices sinceit is exactly thesewe areaimingto
optimize. Thatis, we wantto decidewhich of thealternatvesto take in orderto
achieve thegreatespossibleoverall reward.

2. Thesituations wherethe deliberationis started.At the root of the bestDoM -
evaluationthis is the situationwherethe executionof the global programwas
interrupted.Seenfrom the perspectie of MDPs, thisis the state.

. Theremaininghorizonh until theoptimizationprocesstopsto reporttheresults.
. Theoptimalpolicy returnedby the process.
. Theexpectedvaluev for following theabore policy.

. Theprobability p of successfullyerminatingthe plan-sleleton.

N o o~ W

. Anotherinput argument indicatingwhetherfor this projectionstepthe list of
eventshasyetbeenprocessedar still hasto be.

In thefollowing, we will describehede nition of bestDoM for the allowed pro-
grammingconstructsn plan-sleletonsandfor explicit events.

Explicit Events

The lastargumentof bestDoM is a boolean:If it is TRUE, the interpreterinitiates
theprocessin@f possibleavents.It startsby gettingthecompletdist of de ned events
, whichis createdattime of preprocessing:

bestDoM ( ;s;h; ;v;p; )
= TRUE~h 0”9() eventslist() *
( 6 []” bestDoM _event( ; ;s;h; ;v;p)
= []” bestDoM( ;s;h; ;v;p;FALSE))
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If thislist is empty it simply proceedsvith program . Otherwisejt callsanauxiliary
predicateao processll entriesof thelist. Basicallyatreeasthe onedepictedn Figure
5.2is spannedo createall of its leaves, wherethe normal projectioncontinues.For

eventn
program

program
event 2

event 1
O Stuations

program

program

Figure5.2: Thetreecreatedyy theexplicit events.At theleavesthe ordinaryoptimiza-
tion is continued.

spanninghetreewe needtwo auxiliary predicatespnefor iteratingthroughthelist of
all events,theotherfor iteratingthroughall possibleoutcomesf oneparticularevent.
Theformeris implementedasfollows:

bestDoM _event( ;[];s;h; ;v;p)
bestDoM ( ;s;h; ;v;p;FALSE):

bestDoM _event( ;['j] ;s;h; ;v;p)

(prolog event_posq"; s) » 9( ; )event_outcomey";s; ; )"

9( 1ist; Viist)bestDOM _event Aux (5 ;SiN; ise; Viise; ) °

9(r; ¢)prolog f unction (Reward;r;s) »

(prolog event_costy("; c;s) _ : prologevent costs("; c;s) * ¢c= 0:0)*

v=r ct+ v = [perform( )j is) _

(: prolog.event_posq"; s) ® bestDoM _event( ; ;s;h; ;v;p))
The rst casefor anemptylist of remainingevents,constitutesa leaf of thetree. For
eachleaf, the program is further projected.In the secondcase,it is rst checledif
theeventis possiblein theactualsituation.If so,the otherauxiliary predicates called
to createall outcomesandgo on with projectionfor eachof it. Further rewardsand
possiblecostsare computedandtogetherwith the subsequentalue (vi;;) combined
to thereturnedvalue. To laterrecognizewvhich eventoutcomehashappenedsimilarly
asfor stochastigroceduresa sensegrogramhasto be executedat run time, which is

indicatedby the perf orm( ) addedto the policy.*®
Thesecondauxiliary predicates de ned asfollows’:

bestDoM _event Aux( ; ;[(e:pe; )il :sih; ;vip)

165eeSection5.1.4for detailson the notionof a policy in READYL OG.
17For brevity we leave outthe specialcasefor thelastoutcomein thelist. For the completede nition see
AppendixA.3.
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6 [1” 9(; s)Htrans*(e;s; ; s )"

9( trees Vtrees ptree) beStDOM -event_Aux ( o S, h, trees Viree, ptree) A
9( rests Vrests prest)beStDOM *event( ) , S/; h) resty Vresty prest) N
V= pe Vrest + Vtree A = [lf ( 1 rest; tree)] A p = pe prest + ptree

Thetuple(e;p.; ) describesanoutcomewheree is a programdescribinghe effects,
p. is the probability of occurrenceand is a sensecondition. Theseoutcomesare
generateddy the preprocessofrom the users speci cations. The transitive closure
tr ans* is usedto computethe resultingsituations’ from applyingthat outcomepro-
gramin the currentsituation. Thereafterthe remainingoutcomesare processedn a
recursve call and, startingin s’, further projectionis initiated. The lastline contains
theusualcalculationgor thereturnedexpectedvalue,policy andterminationprobabil-
ity. Expectedvalueandterminationprobabilityaresimply thevaluesof the subsequent
projection(V,..s¢; Prest) Weightedwith the probability for this outcome(p.), plusthe
similarly calculatedvaluesfor the otheroutcomegVy.cc; Prree). The policy includes
a conditionalover the senseconditionfor this outcometo decidewhich sub-poliy to
take dependingn theactualoutcomeat run-time.

Here the sameconcernsaboutfull-obsenability apply as discussedcabore. We
circumentcon icting senseconditionsof outcomesof differentevents,by requiring
independengvents.This is undertheresponsibilityof the user

Nondeterministic Choice

By usingthe constructnondet() , where is alist of plan-sleletons,the usercan
leave adecisionto theagentwhois forcedto decidedependingpntheexpectedreward
for eachchoice.

bestDoM ([nondet([ 1)j ‘I;s;h; ;v;p; )
= FALSENh 0% 9( 1es)beSDOM ([ j 'I; ;15 rest; Vi p;FALS E) A
= [match(nondet(0))j e

bestDoM ([nondet([ j1) j 'I;s;h; ;v;p; )
= FALSE~h 0~ 6[]"
9( 1;v1;pr)bestDoM ([ j 'I;s;h; 1;vi;p1; FALSE) A
9( 2;Vz2; p2)bestDoM ([nondet() j 'I;s;h; 2;v2;p2; FALSE) ~
(greatereq(vy; p1;Ve2; p2) & = [match(nondet(0))j 1] p=pr*Vv=Vvy_
. greatereq(va; p1;Vz; p2) * 9(n; 2., ;N’) 2 = [match(nondet(n))j 2., 1"
n"=n+ 1~ = [match(nondet(n’)j 2. 1" P=pP2" V= Vy)

The rst case for thelastentryin thelist, is rathertrivial. The only thing to noteis
thatin furtherprojectioneventskeepbeingignored. We understanaventsto happen,
if actually possible,only onceat the beginning of eachsituation. Thus, we change
thevaluefor theargumentindicatingwhethereventsshouldbe preocessedr not only
whenreachinga new situation,aftera primitive actionor a stochastigrocedure.

The secondde nition takes care of the branching: for the given alternatve the
further projectionis startedand the predicateis recursvely called for all remaining
choicesBaseddnthereturnedvaluesit is thendecidedvhich of thealternatvestorec-
ommend that is, to write to the policy.  This is done by the predicate
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greatereq(vy; p1; Vo, P2), Which expresseghat the rst expectedvalue/termination
probability-combinatioris preferredto the second. Basically the two expectedval-
uesare comparedaslong asthe correspondingerminationprobabilitiesare greater
zero.In the policy theindex of the selectedthoicein thelist is annotated?®

Nondeterministic Parameter Choice

Imaginea robotis to performa certainaction,but at leastfor oneof the agumentst
is unclearwhich would be the bestvalueto take from a certainsetof possiblevalues.
This couldbemodeledby usinganondet() -statementvherethelist containghe
actionfor eachof the possiblearguments.However, especiallyfor large setsof possi-
ble valuesandfor morecomplex sub-plan-skletonsthanjust singleactions,it seems
convenientto offer a more compactway for describingthis problem. The construct
pickBest(f ;r; ) decideswhichreplacementor all occurrencesf f in plan-sleleton

is the bestif the replacements taken from the setr. In our implementationy is
de ned by a list of arbitrary elementsand for two integer numbersa andb the ex-
pressiora..b canbe usedto denotethe rangeof integer numbersfrom a tob. The
bestDoM for pickB est(f ; r; ) worksby simply substitutingall possiblevaluesfor all
occurrence®sf f in , performingprojectionfor all of these andafterwardsselecting
the bestone. Sincethis is very similar to the de nition for thenondet() -statement,
we omit the detailsfor this expressionseeAppendixA.3 for details).

Stochastic Procedures

Stochastigproceduresretreatedby bestDoM very similarto events.In fact,theonly
differences thatstochastigproceduresrecalledfrom the plan-skeleton,while events
justhapperoccasionallywhenthey arepossible Whenthey arenot, it just meanghat
nothinghappensHowever, if a calledstochastiqrocedurés not possible the policy
hasa deadendandprojectionterminates- for this branch.

bestDoM ([ I;s;h; ;v;p; )
h > 0~ stoch_proga) »
(stoch_proc posqa[s];s) * 9( ; )stoch_procoutcomeqals];s; ; )*
o(h)h’=h 1~
9( rest: Vrest)DESIDOM _stoch_ Aux ( ; ;S;h'; rest; Veest; P) ©
9(r; c)prolog_f unction (Reward;r;s) »
(stoch_proc costg(a[s]; ¢;s) _ : stoch_proc. costs(a[s]; c;s) * c= 0:0)*

V=T C+ Ve ™ = [match(stoch_prodals])); perf orm( )j rest]
. stoch_proc_posga[s];s)  prolog.f unction (Reward;v;s)* =[]"
p= 0:0)

Wherea[s] is the procedurecall with all algumentsevaluatedin situations according
to the situationcalculus. The secondpart of the disjunctionshows the casewhenthe
stochastigroceduras not possible:Therewardfor thecurrentsituationstill is earned,
but the policy from hereis emptyandthe probability of successfuterminationis zero.

18Readergamiliar with the policy representationf DTGoL oG, whichis simply alegal DTGOLOG pro-
gram, might be wonderingaboutthe policy notationused. They arereferredto the next section,wherewe
arguefor anew kind of policy representatioandpolicy execution.
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In theothercase againanauxiliary predicatds used which, oncemore,we only shov
partially:

bestDoM _stoch_ Aux ([(! ;p.; )il ; :s;h; ;v;p)
h o~ 6[]"
(9(; shHtrans*(! ;s;; SN
9( rests Vrests prest)beStDOM ( ;S/; h; rests Vrest, Prests TRUE) n
9( trees Viree, ptree) bestDoM *StOChAUX( v 1S, h, trees Viree, ptree) "

= [If ( B rests tree)] " V = Viree + pw Vrest " p = ptree + pw prest —
®(; strans*(! ;s; ; ') bestDoM _stoch Aux( ; ;s;h; ;v;p))

WhatbestDoM doeshere afterall, is to startthe projectionfor eachpossibleoutcome
and computethe expectedvalue and expectedterminationprobability over themac-
cordingto their probabilitiesof occurrence Furthermorepusingthe senseconditions,
thepolicy is extendedby aconditionalbranchingo thecorrespondingub-poliey based
onthesensingesult.

Figure5.3 shavs anexampleof the kind of treecreatedby interleaving nondetermin-
istic (user)choicesand natures choices. A policy could be depictedsimilarly, but
reducingthe outgoingedgesfrom the boxes (userchoices)to exactly one. The opti-
mizationalgorithmcomputeghemaximumover all sub-treesn theboxes,while in the
circlesit calculateghe expectedvaluesover the sub-treesThetreeis traverseddepth-
rst, leaving abranchwheneitherthehorizonis reachedr a stateis enteredvhereno
moreactionsarepossible.Otherwaysof traversalcould beimaginedandinvesticated
in futurework, for exampleto createanarytime algorithm.We comebackto this point
in Section?.

/

=2

horizon O nature'schoice (averaging)

D user’'schoice  (maximizing)
[]
Figure5.3: An exampletreecreatedy nondeterministichoices(boxes)andstochas-

tic proceduregcircles). Roughly in the circlesthe expectedvalue of all childrenis
computedandin the boxesthe maximumis chosen.
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Other Supported Constructs

Theyetpresenteadonstructcharacterizéhe planningingredientto ourlanguage The
programmingngredientis characterizethy theremainingsupportectonstructsyhich
arethefollowing:

SequenceAs in ICPGOL OG notatedasalist [a,b,..]

?( ) If thecondition' holds,the projectionproceeds.Otherwisethe branchis cut,
returninganemptypolicy, zeroterminationprobabilityandonly thelocalreward.

if (; 1; 2) If condition' holds,the projectionproceedswith sub-plan-skleton 1,
elsewith . In thepolicy, thetruth valueof the conditionis annotatedogether
with the remainingpolicy. SeeSection5.1.4for the reasondor that. As in
ICPGOLOG weuseif ('; ) asanabbreiationforif ('; ;[]).

whil e('; ) While condition' holds,the plan-sleleton is projectedover andover
again. In thepolicy, eachtime theloop restartss annotatedAs in ICPGOL OG,
we useloop ) asashorthandor whil (TRUE; ).

waitF or(" ) This advancesthetime,i.e. thevalueof uent start, to the leasttime
point wherethe temporalcondition' holds. If no suchtime point exists, the
branchis cut. Asin IcCPGOL OG, weusewhenever('; ) asanabbreiationfor
whil (TRUE; [waitF or(' ); ]) whichperforms wheneer' holds.

pi(x; ) Technically this setsall occurrence®f x in  to afreshvariable. Fromthe
logical point of view this statemenequals9(x) .

Primitive actions If the primitive actionis possible,the projectioncontinuesfor the
successosituationdo(a; s), wherea is the primitive actionands is the current
situation,andaddsthe reward for the currentsituation. If it is not possible the
branchis cut. Primitive actionsandstochastiqgproceduresre, further, the only
constructavhich decreas¢heremaininghorizon.

Procedues aresupportedasusualin GOL OG by macroexpansionthatis, the proce-
durenameis syntacticallyreplaceddy its body. Onechangehowever, takenover
from 1IcPGOL OG is thatthe actualparameter®f a procedurecall are already
evaluatedat the momentof replacement?®

Remembetthat theseare only the constructsallowed in a plan-skeleton, usedin a
solve-statementlIn particular we do not reducethe setof allowed constructsn gen-
eral,thatis, everylegal IcPGOL OG programis alsoalegal programin READY L OG.

Concurrency

Differentfrom 1IcPGOL OG programsjn projectionwe do not allow constructsusing
concurrenyg, whicharepcond 1; ) andthemacrodgr yAll andwithP ol. Thisis due
to similar reasonsvhy Grosskreut#18] removed nondeterminisnin conjunctionwith
concurreng and continuouschange. The problemis to nd a reasonablesemantics
for nondeterminismin concurreng. Concurreng in the model aboutthe world is,
however, supportedby meansof explicit events.

19In other GOL OG versionslike in the original, actualparametersvere only substitutedfor the occur
rencef theformal parameteri the procedurebody.
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Optimize

In addition to the solve( ;h)-statement, READYLOG offers the statement
optimiz ¢( ; h; h....) which equivalently startsthe projectionalgorithmandperforms
the rst stepof theresultingpolicy. Thedifferencecomeswith the semantic®f policy
execution: After anumberof h.,.. stepshave beenperformedrom the policy, there-
mainingpartis droppedandinsteadthe remainingprogramis newly optimized.Then,
for example,optimiz e( ; h; 1) would nd apolicy for plan-skeleton for h stepsinto
thefuture,but thenonly executethe rst of thesestepsandthenrestartnding apolicy
for whatremainsagain up to thegivenhorizon. This specialcasewhereh..,... equals
one,is exactly the modeof operationSoutchanski37] appliesasthe generalcasein
his approach.

5.1.4 Policy

A policy describeghe “best” way of behaing in orderto achieve a high reward. A
policy can be consideredhe solution of an MDP and needsto be representednd
broughtto execution,whichwe will turnto now.

In DTGOLOG, apolicy is simply a GOLOG program. The intentionis, thatthis
programis computedas describedandthenexecutedin the realworld insteadof the
original programwhich mayhave containechondeterminismUnfortunatelythe mod-
elsof theworld thatareusedfor planningtendto beimperfect.Thatis, sometimeshe
world simply evolvesdifferentfrom whatwasconsideregossible.As discusseavith
thequali cation problem.,it is generallyimpossibleto guarante¢hata policy achiees
its aim. However, since DTGOLOG is an off-line interpreter the possibility of re-
planningin casesomethinggoeswrong, simply doesnot exist.

In our case though,we arefree to interleave plan generatiorand plan execution,
andit is thuspossibleto reactuponunexpectedevolution. To do so, we cannot,how-
ever, represent policy simply by a programarnymore. Moreover it is necessaryo
somehwv annotatahe assumptionshathave leadto this policy.

Example 5.1.3 Considerthe problemof runningto the ball in the RoBoCuP Simu-
lation League Thefollowing programwould usually be a promisingappmoad
to this problem:

while (not (atBall ), if (angleToBall > 20, turnToBall , dash))

With this deterministicprogram, the agentrepeatedlydashedowardsthe ball if
the angleto the ball is not greater 20 degrees. Otherwiseit turnsto the ball.
Imagine this programis usedwithin a plan-sleleton. Thenthe policy returned
wouldbebasedsolelyon the appliedmodelof theworld. In fact, the policy that
would bereturnedby DTGoLOG for sudh a program would be somesequence
of turnToBall s and dash es. However, this particular sequencevould in
the simulationleaguealmostnever get the agentto the ball, as the uncertainty
in this domainis too comple to be modeledentirely in DTGoOLOG. Thus,the
policy would performunnecessarilypad compaedto theoriginal program. The
reasoris mainlybecausehepolicy commitsto themodelandis unstableagainst
changes. In particular, the involvedconditions(atBall andangleToBall

> 20) are evaluatedbasedon the modeland the resultingrecommendatiors
not conditionedon theresult.
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We proposea completelydifferentrepresentatioffior policies. The aim in devel-
opingthis, wasto increasestability and e xibility uponchangesinsteadof creatinga
policy thatitself is executablewe understandh policy only asanadvisorfor a partic-
ular program. The conceptis bestdescribedby a metaphor:Considera rally driving
team,thatis, a pilot anda his co-pilot. The pilot will bethe programexecutorandthe
co-pilotwill betheplannerandprovide the policy. Theco-pilothasamapwhich sym-
bolizesthe modelof theworld. Basedon themaphewill continuouslysearcttheway
aheado determinehow to steerat crossroadsindotheralternatve ways. Yet, he will
not steerfor himself, but insteadonly tell the pilot how to decidewhenchoicesarise.
Now, if somethinggoeswrong,for examplearoadshavn in themapis notusabledue
to weatherconditions theteamhasto reconsideits plan. While in thisvery exampleit
is obviousthatthe original planhasto bediscardedbecaus@neof its elementss not
possiblejn generait might notalwaysbethatclear Imaginethe planis to repeatedly
go far left when choicesarise,but differentfrom the mapa new junction to the left
existssomeavhere.Thenapplyingthe planis still possible put therally teamwould go
thewrongway without noticing. Thus,thetaskis to decidewhethera planis still valid
or shouldbereconsidered.

We suggesthefollowing: we keepexecutingthe original programandonly query
the policy for advice when nondeterministicchoicesarise. To do that, we needto
syndironizethe policy with the program,in orderto nd outinto which branchof the
policy we have to go after somestochasticaevent, andto noticewhenthe policy gets
illegal. It is, thus, not enoughto write a policy simply asthe sequencef decisions
to be madeat the nondeterministichoices.Insteadall otherelementshouldalsobe
annotated.For someof the constructswe alreadymentionedtheir annotationin the
policy. In thefollowing we give acompletdist. Threedifferenttypesof entriesin the
policy exist: match( ) is usedto synchronizgrogramandpolicy andfor giving advice,
perf orm( ) is usedto indicatethatthe policy needso performa sensingprogramin
orderto know whichwayto go, andif (') is usedto branchin thepolicy dependingpn
thesensingoutcome.

nondet() ! match(nondet(i)) : wherei is theindex of the bestalternatve
from thelist

pickBest(f;r; ) ! match(pickBest(v)) : wherev is the bestvalueto pick
for f fromthesetr.

stochastigrocedurea !

match(stoch_proda)); perf orm( );if ( 1; 1;if ( 2; 2;:)) : whereaisthe

nameof the stochastigrocedure, is the correspondingensingprogram, ;

is the senseconditionfor the i-th possibleoutcome,and ; the corresponding
sub-polig. If in reality the procedurés not possiblethe policy is recognizedo

beillegal.

explicit event! perf orm( );if ( 1; 1;if ( 2; 2;:2)) : Asfor stochastigro-
cedureswe needto branchin the policy dependingpn the actualoutcomeof an
eventthathappened.

?( ) ! match(?) : The policy is invalid if the condition' doesnot hold in
reality.

if (; 1; 2)! match(if Cond(' ; )): where' isthetruthvalueof condition
" in themodel,and is the correspondingub-polig. If in reality the truth of
the conditionchangesthepolicy is voided.
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while('; ) ! match(whil e( )) : If theconditionholds,this entryis madeto
the policy. Otherwisethereis no entryfor this construct.Thatis, the policy for
this constructends(is nal) andcango on for a possiblefollow-up constructif
usedin asequence.

waitF or(" ) ! match(waitF or(' )) : If aleasttime point for the condition
exists, this entryis added.Otherwise no entryis made.

primitive actiona! match(prim _action(a)) : If theactionin therealworld is
not possiblethe policy is discarded.

Wheneerthe policy getsillegal, re-plannings initiated for whatremains.

This comple treatmentis especiallynecessaryasin READYLOG like in 1CP-
GOL OG we allow for exogenousactions.As saidbefore thesecanupdatethe agents
view of theworld without beingtriggeredby the agenthimself. Thatmakesthemdif-
ferentfrom sensingactions.In Soutchansks approach37], this matteris nottreated,
simply becausde doesnotallow for exogenousactions.The only way theknowledge
changesn his interpretey is by performingsensingactions,which are called by the
agent. Soutchansksuggestgo startplanningonly right after sensinghasbeendone
andup to the next sensingaction. However, this is unrealisticfor dynamicdomains:
to performwell, frequentupdatesof the world modelare necessaryln ROBOCUP it
is commonlyaboutonceevery 100 milliseconds. Yet, the describedapproachwould
restrainplanningto only 100msinto the future, which doesnot make sense.In fact,
thatwould only resultin almostpurely reactve behaior. After all, we areaiming at
the contrary namelydeliberation. This clari es why the approachdescribedn [37]
doesnotapplyfor our requirements.

Policy Execution

Theexecutionof apolicy amountdo executingthe program synchronoushadwancing
the policy, andqueryingthe policy for adviceuponnondeterministichoices.The exe-

cution is dened in the transition semantics using the new construct
applyPolicy( ; ;hezec; Nrepran; Nreezec):

is theprogramto execute.Thisis exactly theplan-sleletonthatwaseitherused
with solve or optimiz e.

is thepolicy in thedescribedotation.
he.ec is theremaininghorizonof execution.

If theexecutionhorizonis reached= 0), re-plannings initiatedfor theremain-
ing programwith h,..,14, asplanninghorizon.

Thenewly generategbolicy is thenagain executedwith the new horizonof exe-
cutionh,.cepec-

The differencebetweensolve( ) andoptimiz e( ) comesfrom the valuesinitially set
for theseparameterssolve( ) setshe,e. andh,...... to 1. Therebythe policy is
executeduntil it terminategaturally eithersuccessfullyor unexpectedlyin which case
re-planningis done. After a call to optimiz e( ), thesevaluesget setaccordingto the
parametersf thecall.
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Theexecutionworksasfollows. In thegenerataseaTr ans stepof theprogramis
madeandmatchedagninsttheentryin thepolicy. If policy andprogramdo not match,
thepolicy is cutandre-plannings started However, therearesomespecialcasego be
treated:

Whenexecutinga stodasticprocedue, the real procedurebody is used,while

in projectiononly the modelfor this procedurevasconsidered.Thus,thereis

only one entry in the policy for matchingthe procedurecall (stoch_proqa))

followed by the sensingand branchingto be doneafter the procedure.Hence,
the stepstaken in the body of the procedurecannotbe matched. To indicate
that, whenexpandingthe procedurebody; it is encapsulatethto anignore( )-

statementvhich is written to the program. ThenapplyP olicy simply performs
the programinsidewithout trying to match.

After astochastigprocedurénasbeenexecutedcompletelythe sensingorogram
within aperf orm( )-statements executed.

Following the sensing,the branchingupon the outcomeis donein the policy
by interpretinganif ( ;; ;; ’)-statementlf the sensecondition ; holds,the
remainingpolicy is setto ;, otherwiseit is setto ' (which again canbe an
if -statement).

Whentheprogramhitsanondet() decisionthepolicy, if nothingwentwrong,
is atamatch(nondet(i)) entry Simply, then,theelementof list  with index i
is chosen.

Similarly apickBest(f ;r; ) is resohedthrougha match(pickB est(v)) entry,
wherev is thevalueto chosefromr .

5.2 Options

In Section3.2 we introducedthe conceptof optionsand shaved their potential for
speeding-upMDP solutions. The ideawasto abstractfrom the level of primitive ac-
tions, understoodas actionsthat the agentis able to performimmediately to more
comple actions.Thesecomplex actionswerecalledoptionsor macro-actions.

We now wantto presenhow we enablehede nition anduseof optionsin READY-
LoG. Theaim, asin theliterature,is to speedup the solutionof the (implicitely) de-
ned MDP. Wewill shawv, how optionsnicely extendthesetof nondeterministiactions
presentecbarlierin this chapter

The crucial point for using optionsin planning,wasthe needof having models
for themdescribingtheirimpacton the world. In fact, whatwe de ned asstochastic
procedurests thisnotion: stochastigproceduresrecomplex proceduresle ned over
primitive actions,and a model for themis provided by the user However, we do
not understandtochastiqroceduressoptions. Instead we wantto resere theterm
optionsfor macrosfor which the correspondingnodelhasbeencreatecautomatically
basednthecontainedconstructandactions.Theseactionscanthemselesbeoptions
or stochastigroceduresallowing hierarchicabptionconstruction.

Thehierarcly is de nedin levelsof actions:

Definition 5.2.1 A basicactionis eithera primitive actionor a stodasticprocedue.

With thisin place,we cande ne optionsin our context:
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Definition 5.2.2 Anoptionof leveln isatupleh; i whee' isaconditiondescrib-
ing the situationswhele the option is possible called the initiation situations
and is an1cPGOLOG programthatis executablen all initiation situations
andonly containsbasicactionsand optionsof levels n.

This de nition requiresthatthe policy-program for every situationwherethe option
is possiblenamesanactionof lowerlevel whichto take in thatsituation.This couldfor
examplebe adecisiontreeof theformif ( 1;ay;if ( 2;a2;::)) wherethe ; describe
situationsandwherefor eachinitiation situationat leastoneof theseconditionsholds.

READY L OG supportsheautomaticcreationof optionsvia the solutionof local MDPs.
We take over this ideafrom Hauskrechet al. [21] aspresentedn Section3.2.2: The
ideawasto de ne local MDPs that describesub-problemf the global task. Their
solutionsde ne options.

5.2.1 De ning local MDPs

The automaticcreationof optionsin READYLOG is restrictedto local MDPs with
nite statespace. This is in contrastto the global optimizationmechanismwhich
canwork onin nite statespacessit exploits the knowledgeaboutthe startingpoint.
However, optionsare not meantto startalways from the samepoint. Thereforewe
cannotexploit suchinformation. Furthermoregxplicitly enumeratinghe statespace
avoids the problemof visiting apparentlyequal statesseveral times, as discussedn
Section4.2.2. The de nitions to be madeby the user which we will presentin the
following, carrythepre x option_. Still, theseonly de ne thelocal MDP from which
anoptionlatercanbecreated.They do notde ne theoptionitself.

Themostcentralideain de ning local MDPswithin our context, is to createa state
spacewhich is linked to the global task by explicit mappings Threemappingsare
required®

1. situations! states

For eachsituationwherethe option shall be applicable the correspondingtate
of thelocal MDP hasto beknown. Therepresentatiofor statescanbearbitrary
but it is suggestie to usea factoredrepresentatiofasedon variables. In the
exampleof Figure4.1 on page43, which we usedto illustratethe differencebe-
tweenintuitive statesandsituations a reasonablstatedescriptionwould be the
positionof therobotandthedirtinessof therooms.Thatcouldbewritten simply
asalist of tuples[(P os;p); (Dir tLef t;I); (Dir tRight; r)] wherep;| andr are
the valuesof thesestatevariables.Thenthe mappingwould be straightforvard,
by only evaluatingthe statevariablesin the actualsituation,and notatingthe
valuesin this representation.

2. stated situations
Sincethereareusuallyin nitely mary situationsthat would be mappedto the
samestate,we naturally cannothave a surjectve mappingfrom statesto situ-
ations. Fortunatelythis is not necessaryif the statesdependon somecrucial
statevariablesas suggestedibore. Thenfrom the valuesof thesevariable,a

2OWwe below alleviate this complicatedmatterfor the userby offering help in de ning thesemappings
whencertainconditionsaremet. However, rst, thegenerakaseis discussed.
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situationcanbe createdwhich simply hasthesevaluessetfor the correspond-
ing uents. For the exampleabore, we could, for instance,createthe situa-

tion do(setPos(p); do(setDir tLef t(l); do(setDir tRight(r); Sp))) , wherethe

primitive actionssimply set the correspondingunctional uent to the given

value.

3. states conditions
Further a mappingfrom statego conditionsis required,which formsthe basis
for full-obsenability in thelocal MDP. It is neededor option constructionand
is essentiallytheinversedirectionfrom the rst mapping.As it is moreintuitive
to explain this matterwhenneededyve skip the detailsfor now.

Theuserde nesall threemappingshy onestatement:
option_mapping(o; ; ;')

Eachsituationin which' holdscorresponds$o state . is alist of primitive actions
that, whenappliedin an arbitrary situation(e.g. Sp), leadsto a situationwherethe
conditionholds andthus correspondso the given state. One examplewould be the
following, which recognizesa uent for the two-dimensionalposition (pos) asthe
only discriminatve statevariable?!

option_mapping ( optionl , [(pos , [X, Y]],
[set (pos, [X,Y])], pos = [X,Y ]).

The primitive actionset(FluentName, Value) simply setsthevalueof the u-
entto the givenvalue. This action,which requiressomespecialtreatmenin theinter
preter canbeusedwith ary uent.

In theexampleabore, the uent posis theonly onethatmatters.In casedike this,
whereoneor more uents canbe usedfor a factored representatiori6] of statespace,
themappingis very straighforvard. To alleviatethetaskof designingt in thosecases,
we offer theuserto, insteadof de ning theabove mappingby hand,de ne apredicate
option_variables(o; ) , whereo is the nameof the optionand is alist of uents.
These uents areunderstoodo be statevariables suchthattwo statesareequalif and
only if thevaluesof thesevariablescoincide.Fromthatpredicatethe preprocessoran
createtherequiredmappingsfollowing the patternof the above example.

This seemssuggestie in discretedomains. However, if uents take continuous
values,this way of creatinga staterepresentatiomvould not leadto nite regionsof
statespaceaswe requireit.?> Then,themoregeneralway for de ning thesemappings
canbe usedby the userto realizesomekind of abstractiorhe might have in mind.
This issuerelatesto future work, wherethe applicability of optionsshallbe extended
to continuousdomaing(seeSection?).

Theremainingstepsin de ning alocal MDP areratherintuitive. As Hauskrechetal.
[21] we de ne regionsof statespacevhereanoptionis applicable:

option_init (0;" )

wherethecondition' holdsin only thosesituationswhereoptiono is applicable This
condition,however, hasto be carefullydesignedlt musthold if andonly if the option

21Thisis presentedn the (Prolog)notationof ourimplementation.
22Athough discretedomainsmay alsobe in nite, we only requirethat regionsof statespaceare nite.
Intervalsof discretedomainsare nite, butintervalsof continuougrealvalued)domainsarenot.
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is applicable. We requirethis to be ableto constructa setof situationsthat, when
mappedo statescoversthe entireregion of statesvherethe optionis applicable.Let
usexplainthatby anexample:

option_init ( optionl
and([ pos = [X, Y], domain (X, [0..5]),
domain (Y, [0..10]), inRoom(1) 1) ).

Hereoptionl is only applicableif the position uent equalsthelist [X, Y] and
X is aninteger numberfrom the intenal [0, 5], Y is aninteger numberfrom the
interval [0,10] andthepositionis insideroom 1. Whatmakesthis conditionspecial
arethedomain( ) terms.They arespecialto ourimplementatiorandbind avariable
to a nite domainusingthe nite domainlibrary of ECLiPSe.It is importantto note
that without, the condition would not meetthe requirementfrom above, sincealso
in nitely mary othervaluesfor X, Y would thenmale the conditiontrue (e.g. X =
2.71828, Y = 3.14159 ). Thedomain(V, R) statementereprovesuseful,
asit may bind a variableV to ary valuein the rangeR, wherethis rangecanbe an
arbitrarymixture of integerintenals(a..b ) andary otherterms??

We call the setof statesde ned by option _init () initiation statesandall corre-
spondingsituationdnitiation situations

To assurdull-obsenability in thelocal MDP, theagentmayrequiresensingo nd
out which stateit is in when executingthe resultingpolicy/option in the real world.
Thecorrespondingensingorogramfor anoptionis de ned by

option_sensgo; )

An option is only executablein the initiation states,which implies that outside
of this setan optionimmediatelyterminates. This de nes the exit peripherylike in
Section3.2.2[21]: A non-initiationstatethat canbe reachedrom aninitiation state
we call exit state To the exit statesghe usercanassignvalues,which we wantto call
pseudo-ewards They areusedonly for solving the local MDP andareintendedfor
creatinggoal-directecehaior.

option_beta0;"; V)

statesthatif condition' holdsin anexit stateit getsv assignedhsa pseudo-revard.
Otherwise, it gets a pseudo-revard of zero. In our implementationseveral such
option_beta( ) de nitions mayexist for differentstatesor setsof states.

The setof actionsfrom which the agentmay chooseat eachstageof alocal MDP
of level n arede ned via anoption-sleleton: An option-sileletonof level n is either

anactionof level lessthann,

a nondeterministiacchoicenondet() wherethe elementsof list  are again
option-sleletonsof level n, or

aconditionalif ('; 1; 2)where' isaconditionand 1; , areoption-sleletons
of level n.

In particular no sequencesare allowed. This restrictionis requiredto maintainthe
Markov property With sequencesthe available actionsin a stagewould not only
dependon the currentstate,but alsoon the history of actions. Comparedo ordinary

23¢f. pick Best(f ;r; ) in Section5.1.3.
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MDPs, an option-sleletonagain providesmeansof incorporatingdomainknowledge
to reducecomputationabompleity by offering conditionals. The speci cationof an
option-sleletonfor alocal MDP is doneby the predicate

option(o; ; )

where0:0 < < 1:0is adiscounting-&ctorwhich is usedin the solutionalgorithm
describedn the next Section.

We arenow readyto formalizelocal MDPsof level n:

Definition 5.2.3 A local MDP O of level n is a tuplehS; A; T; Ri with the compo-
nentsde nedby

S = initiation stateq exitstateq f g;
A: theactionsmentionedn the option-skeleton,all of levellessthann;

Tr: the outcomedor the usedstodastic procedues and the successostate
axiomsof usedprimitive actions,both foldedwith possibleexplicit events
(cf. Sectionsb.1.2,3.1.2); further, state is absorbingand any action
takenin an exit stateleadsto ;

R: local pseudo-ewards+ globalrewards—global costs;for state thisvalue
is zeo.

Againthereis no explicit representatiofor thetransitionfunctionandin particularthe
folding of eventsis not performedexplicitly, but implicitly in thealgorithm.

We usevalueiterationto solve suchanMDP. However, we wantto usethe solution
for solving a global task. Thus, it doesnot sufce to solve the MDP. We requirea
modelof the possibleeffectswhenfollowing the acquiredsolution. Valueiterationfor
thein nite horizonproblemalreadyprovidesthe expectedvaluefor takingthe option
in ary of theinitiation states Still missingaretheprobabilitiesof endingupin acertain
exit statedependingon the statewherethe optionis taken. Sincewe arenot limiting
theinitiation of anoptionto somekind of entrancestatesasin [21], we cannotreduce
the computatiorof effectsto these.In this way, our approachs a mixture of theideas
of Suttonetal. [38] andthoseof Hauskrechtindhis colleagues.

5.2.2 Local MDPs: Solution and Model

We have implementeda slightly modi ed value iteration algorithm plus an iterative
algorithmto computethe probabilitiesof endingup in a certainexit stateof a local
MDP dependingon wherethe (optimal) policy is taken.

The modi cation of valueiterationis in orderto take both, pseudo-rerardsand
globally de ned rewardsinto account.Also theimplicit folding of eventsinto actions
wasaddedfollowing the algorithmdescribedn Section3.1.2[6]. Thealgorithmruns
iteratively. For eachterationh, astates possessestuplehr ,(s); vi(S); r(S); r(S) 1,
where

r,(s) is the expectedrewardwhentakingthe optionin this state,
vy, (S) is similarly the expectedposeudo-re/ard,

r(s) thepolicy, thatis, theactionto take in states,
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»(S) the probability list, listing all possiblesuccessostatesof s togethewith
their probabilities.

Initially for all initiation statesr;,(s) is setto the globalreward de ned for this state,
v, (s) is zero, the policy is nil , andthe probability list is empty For exit statess’
rn(s") is setto zero,v,(s') is setto the pseudo-revard asde ned by option_beta( ),
thepolicy is nil , andthe probabilitylist empty

Theiterationoperate®nthe setof initiation situationsconstructedrom the condi-
tion given by the predicateoption_init ( ). For eachsuchsituationthe corresponding
(initiation) statecanbe createdby usingthe de ned mappingfrom situationsto states.
The iterationsteph for situations is de ned througha new predicatebestDoM Opt
with tenarguments:

1. thenameof theoption,o,

. anoption-sleleton ,

. aboolean indicatingwhethereventshave yetbeenprocesseadr not,
. asituations from which the stateis determined,

. theiterationnumberh,

. theexpectedglobalrewardr for this state,

. theprobabilitylist ~ for this state,

0 N O O A~ W DN

. the depthd, which is the numberof stepstaken into the option-sleleton (with
regardto nestings),

9. apolicy ,whichisanactionof level < n, and
10. theexpectedpseudo-revardyv for this state.

Thenew predicateworks similarly to bestDoM , is alsorecursvely implementedput
memorizeg/et computedvalues. It alsobegins eachiterationstepwith checkingpos-
sibleeventsandprocessinghem. This cantake the agentto othersituations/stateand
even outsidethe region into an exit state. We omit detailson this stepasit is similar
to the previously presentedalgorithm. Afterwards,the option-sleletonis processed.
Althoughno sequenceareallowed in these this processingantake placein various
stagesdueto possiblenestingthroughthe useof if andnondet. The stageis repre-
sentecby the depthd (agument8) andis initially zero. Only the valuesat depthzero
matter

Primitive Actions

For a primitive actiona, it is veri ed thattheactionis possiblein the currentsituation,
andthe policy is setto this action. The situationresultingfrom performingthe action
in the currentsituation,do(a; s), is determinedandthe reward and pseudo-revard of
thelastiteration(h 1) for thatsuccessosituationarelooked up in the knowledge
base. To the obtainedreward and pseudo-revard, the reward for the actualsituation
is added.The probability list for the currentiterationis setto [(do(a; s); 1:0)]. Then,
if the depthis zero,the new reward, newv pseudo-reard, the probability list, andthe
policy aresaved for this stateanditerationnumber Usually a primitive actionwould
notappeamatdepthzero.It would meanthelocal MDP allowedonly thisoneprimitive
action,deterministicallyandin all states.
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Stochastic Procedures

For stochastigroceduresheimplementatioris asfollows:

bestDoM Opt(o; ; ;s;h;r; ;d; ;Vv)
= FALSE * h> 0~ stoch_proq )~

(stoch_procposy ;s)”™ 9( ; )stoch_procoutcomey ;s; ; )"
9(h)h'=h 1~
9(r 1ist; Viist)bestDoM Opt_stoch Aux (0; ;$;h’; Fiise; 3 Viist)
9(r,; c)prolog._f unction (Reward;rg;s) »
(stoch_proc.costy( ;c;s) _ : stoch_proccosty ;c;s) ™ c= 0:.0)*
9(b; )option(o;b; ) r=r, c+ Mist " V="ry C+ Vg

: stoch_proc_posq ;s)” prologf unction (Reward;r;s) "
=[];v= 00, =[] " optupdate Optionbase(d;o;s;h; ;r;v; )

This works very similar to the yet seenimplementatiorof bestDoM , exceptfor two

details: Therewardsarediscountedy the discountingfactor de ned for the option,

and, at the end, the iterationvalues( ;r;v; ) for this situation/states anditeration
numberh areaddedto the knowledgebase. Therebythe depthis takeninto account,
suchthat no sarving takes placein cased is unequalzero. More interesting,is the
de nition of theauxiliary predicatewhich we shav again only for the casewherethe
list of outcomeshasnot reachedts end. The other caseis very similar and canbe
foundin AppendixA.4.

bestDoM Opt_stoch_ Aux (0;[(! ;pw; )il ;s;hir; ;v)
& []"
(9(; SHtrans*(! ;s; ; §')_@(; s)trans*(! ;s; ;s )N s’ =s)"
(I trees  trees Viree)DEStDOM Opt_StOCh AUX (05 ;Si N Miree;  trees Viree)
9(b; )option(0;0; ) ™ O(Irest; rests rests Vrest)
bestDoM Opt(0;b; TRUE; 8", ;T rcats  rests 05 rests Viest)
= "Tireet Po Frest™ V= Viree ¥ Po Vrest ©
9( )optstate tmp(o; ’;s')* opt PL add( tree;[( ;PL)]5 )

Herethe outcomedescribingorogram! getsinterpretedoy tr ans*( ) obtaininganew

situations’. If thatis not successfulye take the effect to be impossibleandproceed
the projectionin the currentsituation. The h hereis alreadythe decreasedteration
number Thus,the call to bestDoM Opt( ) returnsthe valuesfrom the lastiteration.
This call in generalreturnsimmediatelyasthe valueswere saved during the previous
iteration. Following, the expectedrewardsare calculatedasusual. Thelastline, how-

ever, is specialffor thisalgorithm: For thesituationreachedasaneffect of this outcome
(s), thecorrespondingtate( ') is determinedandtheprobabilitylist [( /; p.)] is cre-
ated,solely containingan entry for this statetogethermwith the probability p,, for this
outcome.opt.PL _add( 1; 2; 3) “adds”two probabilitylists: For thosestateshat
appeaiin bothlists, the probabilitiesareadded.All othersaresimply taken over into

thenew list. Hence the overall returnedist describeghe probabilitiesof gettingto a
certainstateafter performingthis stochastigproceduran the currentstate.
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Conditionals (If-then-else)

Thede nition for conditionalds straightforvard:

bestDoM Opt(o;if (', 1; 2); ;sihir; ;d; ;v)
= FALSE~h 0"
(" [s] ™ bestDoM Opt(o; 1;FALSE;s;h;r; ;d; ;v)_
: ' [s] bestDoM Opt(o; »;FALSE;s;h;r; ;d; ;v))

Where' [s] denoteghetruth valueof condition' in situations accordingto the situa-
tion calculus.

Nondeterministic Choice

For nondeterministichoicesthe expectationdor all alternatveshave to be compared
to determinewhichis the bestchoice.Againtheimplementatioris straightforvardand
similarto thealreadyseengxcept,herewe have to increaseéhedepthagument.Thisis
becausall the alternatvesareevaluatedin the currentsituation/stateandcurrentiter-
ationnumber All of themwould save theirideaaboutthe bestpolicy andtheexpected
valuesandprobabilitylist. However, we areonly interestedn the bestalternatve and,
therefore have to keeptheindividual branchegrom writing to the knowledgebase.

bestDoM Opt(o;nondet() ; ;s;h;r; ;d; ;v)

= FALSE~h 079(d)d =d+ 1"
bestDoM Opt_nondet_ Aux (o; ;s;h;r; ;d’; ;v)*

opt_update Optionbase(d; 0;s;h; ;r;v; )

bestDoM Opt_nondet Aux (o;[ j1 ;s;h;r; ;d; ;Vv)
= []1” bestDoM Opt(o; ;FALSE;s;h;r; ;d; ;v) _
6 [179(r1; 17 1;va)bestDoMOpt(o; ;FALSE;s;hiry; a;d; 15vi)?
9(rz; 2; 2;Vvz2)bestDoM Opt_nondet Aux(o; ;s;h;rz; 2;d; 2;v2) "
(vi v = 17hr=ri™ = 1Mv=vp_
Vi<Vt o= hr=rpNt = M vE V)

Theiterationis repeatedintil the expectedpseudo-reard at all stateshascornverged.
Cornvergenceis testedby comparingthe currentvalue with the value beforethe last
iteration. We saythevaluecorvergedif the differenceis smallerthana certainthresh-
old value . Thisthresholdcanbe de ned by the predicateoptions _epsilon( ). If no
thresholds set, = 0:01istakenasdefaultin ourimplementation.

Creating the Model

Sofar, we have only computedhe expectedvalueandoptimalpolicy for eachiniti-

ation stateof the local MDP. However, the key to usingthis solutionfor global MDP
planningis to possesa model of the behaior of this solution. The behaior of the
solutionis describedy thepolicy. We alreadyknow the one-stegransitionsnsidethe
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local MDP from the probability lists. Now, we have to computethe -steptransitions
from theinnerstatedo the exit stateswhere is arandomvariabledenotingthe steps
until reachinganexit state.Thatis, we wantto know the probability of eventuallyend-
ing in a certainexit state,whenthe policy is startedin a certaininner state.Formally;
for aninitiation states andanexit statet, theseexit probabilitiesarede ned asfollows:

X
Ti(s;t) = Ta(s;t) + T(s;8") Ti(s';t) (5.1)
s'el

whereT, (s;t) describesheone-stegransitionmodelfor thelocal MDP whenthepol-
icy isapplied.We have implementedaniterative algorithmto solve theresultingset
of equationsTheimplementatioris straightforvardandcanbefoundin theappendix,
sowe omit the detailshere. It is possiblethatthe computedorobabilitiesfor reaching
ary exit statesumto lessthanoneor even zero. In the latter case the policy is de-
scribinga closedoop andindicateghe presencef positive globalrewardsor negative
globalcostswithin thelocal MDP. Thenit is likely thatthebestthing to dois simply to
repeatedlyearntheserewardsandto never leave theregion. This, actuallydoesnot t
the purposeof optionsandit is in theresponsibilityof theuserto avoid or handlesuch
behaiors.

Besidesthe exit probabilitieswhich describethe outcomesof performingthe op-
tion, we alsoassigncoststo the options. Theseagain dependon the statewherethe
optionis taken andare simply the expectedaccumulatedyjlobal reward within the re-
gionwhenperformingtheoption.

Creating the Option

We represenbptionsas stochasticprocedures. With the resultsof the above algo-
rithms, we yet have everythingwe needto createa nev stochastigrocedure.Recall
thatstochastigproceduresreproceduresvhosebodyis usedin on-lineexecution,but
which additionallyhave a modelusedin projectiondescribingtheir effects. Further
they possess preconditionand may alsohave costsassignedo their execution. All
this information can be computedfrom the solution of a local MDP creatinga new
option. The taskis carriedout by the preprocessorThe condition usedto describe
theinitiation situationsmmediatelyforms a precondition.Fromthe exit probabilities
Tx(s; ), for eachstates thelist of possibleoutcomesanbe generatedThe expected
rewardsaretakenover asnegative costs?*

Also the procedurebody for on-line executionneedsto be constructed. This is
guidedby thefollowing pattern:

prodlo;[ swhile(" o;[if (15 25if ( 25 2;:000F (o Wi [D222)) DD

Here is the sensing program dened for the option by
option_sensg0; ). It is executedto establishthe truth valuesfor the discriminatve
conditionsusedto determinethe currentstate. The condition' , holdsif andonly if
theoptionis applicablein the currentsituation. This is basicallythe conditionde ned
by option_init (0;' ,). The ; arethe conditionsusedin option_mapping(o; ; ; )
thathold if andonly if the systemis in a situationthat correspondso the given state
. Thisshawvsthe needfor thestates conditionsmappingwe initially required.The
; arethe associatedctionsof lower level for thesestates.Thus,whatthe procedure

24Remembethatnegative costsarebene cial andnot punitive.
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doesafterall, is to repeatediysensall informationneededo determinehestateof the
underlyinglocal MDP, testthe discriminative conditionsof the statesandexecutethe
correspondingpolicy.

5.2.3 Using Options

Sinceoptionsarerepresentedsstochastiqroceduresthey canbe usedthe sameway
andall consideration®f earlier sectionsaboutusing stochastigorocedurespply In
particular an option of level n canalsobe usedasan actionfor creatingoptionsat
levelsgreatem. Thisway, onecanbuild a hierarcly of abstraction.As shavn in the
relatedwork of Suttonet al. [38] andespeciallyHauskrechet al. [21], this kind of
abstractiorcanreducecomputationatompleity tremendouslyHowever, in their ap-
proachespoth x theway how optionsare used. While Suttonet al. considertheir
potentialto speedup the corvergenceof valueiterationwhenusedin additionto prim-
itive actions,Hauskrechet al. investicatedifferentpossibilitiesof combiningoptions
and primitive actionsand nally focuson statespaceabstractionbasedon options.
Their claim is thatonly with statespaceabstractionpptionscandeploy their full im-
pactascomputationaleverage. This is dueto the appliediterative algorithmswhich
arebasednenumeratingll states Thus,in orderto achieve the desiredspeed-upthe
statespacehasto be explicitly reducedbeforeapplyingthesealgorithms.However, in
our context we alwayswork onin nite statespacesisinganalgorithmthat“explores”
that part of statespacethatis relevantfor the computationexploiting the knowledge
aboutthe startingpoint of the problem(cf. Section5.1.3). It turnsout, that this al-
gorithmworks very nicely togetherwith options. The statespaceabstractiorpossible
throughoptions,canbeseerto bedone“on-the- y” whenusinganoptionin theglobal
problem. Thatin particularmeanghatwe do not have to (andeven cannot)explicitly
committo somestatespaceabstractionn adwance but still gainfrom theimplicit state
spaceabstractiorprovidedthroughoptions.

1 s| O 2
o

3 4
o o

5
& o

6 G2 7

Figure5.4: The Maze66exampleervironment. For the optionsof roomsoneand ve
the initiation regionsandthe exit statesare marked. Note thatan agentthataims at
leaving aroomthrougha certaindoor may accidentally‘drop-out” of the wrong door
dueto the nondeterminisnof the performedactions.

Example 5.2.1 Hauskedt et al. [21] considerdifferent ways of combiningop-
tions with primitive actionscreating different kinds of MDPs. By examplein
the Maze66ervironment,we wantto brie y showhow easilytheseMDPs can
alsobemodeledby READY L OG proceduesusingoptions.
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For every room-doorcombinationan option hasbeencreated. Thatis, for ex-
ample for roomonethere are two options: onefor leavingtheroomto the east,
onefor leavingto the south. Theseoptionshavebeencreatedfromsolvinglocal
MDPswhele the pseudo-ewards for theseexit stateshavebeensetaccodingly
(high positivefor thedesieddoor, high negativefor theother). Figure 5.4shows
theinitiation regionsand exit statesfor optionsof roomsoneand ve. Thetask
facedby the agent, is to navigatefromS to a goal, which is eitherat G1 or G2.
Thedynamicsare asbefore: in ead compasslirectiontheagentis ableto move,
but with probability 0.09the movegoesinto a wrongdirection. Everymove costs
1 andatthegoaltheris a high positivereward.

1. augmentedDP

N

A WN P

TheaugmentedDP is the MDP resultingfrom addingall optionsto the
list of possibleactionsat eadh state Thisresembleshe approac of Sutton
and his colleagues. TheaugmentedIDP can berepresentedn READY-

L oG astheprocedue:

proc (augmentedMDP,
nondet ([go_right , go_left , go_down, go_up,
rooml_2, rooml_3, room2_1, .., room7_5]))

wheee go _right, go left.. are primitive actionsand room1 2,
rooml _3.. areoptionsfor leavingroomonetowardsroomtwo andthree
respectively TheaugmentedDP can nd solutionsfor both tasks(trav-
eling to G1 or G2 respectively).Thisis trivially true, sinceall primitive
actionsare available

. abstractviDP

ThisMDP solelyplansover options,therebyignoring primitive actions:

proc (abstractMDP
nondet (rooml1_2 , rooml_3, room2_1, .., room7_5]))

Theadvantae is, that the granularity of planningis highly reducedsince
the optionsinducea smallerstatespace However, thisMDP cannot nd a
solutionto the problemof travelingto G2, sinceG2 is notwithin the setof
statesusedby the abstact MDP. Only exit statesof optionsare reacdable

. hybrid MDP

Thehybrid MDP combineghe previousappoades. It geneally usesop-
tions only, but in the goal region usesprimitive actions. It relieson the
knowledg in which region the goal is located. For the casethe goalis in
roomseven,the procedue in READY L OG couldbe:

proc ( hybridMDP ,
if ( inRoom (7),
nondet [go_right , go_left , go_down, go_up],
nondet (froom1_2 , rooml_3, ., room7_5]) ) )

Note that this procedue alsoformsa legal option-sleletonof level 2 (as-
sumingtheroom.. optionsare of level 1). Thus,we couldalsocreatea
new option usingthe hybrid MDP aslocal MDP. If the region the goal is
in is known,this kind of MDP also nds a solutionfor any goal position.
However, for each goal region, a specialhybrid MDP hasto be designed.
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5.2.4 Problemsand Restrictions

Many openguestionsand problemsfor usingoptionsin realisticapplicationsremain.
The decompositiorof thetaskinto sub-problemsvhosesolutionsform the setof op-
tions, is crucialfor thebene t of theapproachHowever, to the bestof our knowledge,
all researcton the useof optionsbaseon handcraftedlecompositionsAlthough au-
tomaticdecompositionareimaginable|t is not clearhow to measurehe quality of a
decompositionRecentwork by Amir andEngelhard{3] presenideasfor automatic
decompositiornin classicalplanning.In their approachhey reducethetaskto treede-
compositionin graphs. They apply an approximatve algorithmto solve the problem
of nding anoptimaltree decompositiorwhich is NP-hard. Their ideascould be of
interestfor futurework.

Another problemis that of nding relatedMDPs. As said, the main intention
for optionsis to reusethemto solve several relatedMDPs, which would justify the
overheadf creatingsolutionsfor thelocal MDPs. However, thetaskof nding related
MDPs remainsa currentresearchtopic. While Hauskrechtand his colleagueg21]
approachthis issueby their suggestiorof an hybrid MDP, which only accountsfor
changingplacesof the goalin a certainregion, they requirethat the remainingparts
stayunchanged.However, in realisticdomainsoften certainpropertiesof the world
changehatin theorydo not affectthe applicability of anoption. Neverthelessif these
changesverenotanticipatedduringoptionconstructiontheoptionwouldin generabe
decidedo not be possible.Thusthetaskis to nd ameasuref relatednessin recent
work, Barto et al. [32] investicgate homomorphismbetweensemi-MDPsand shav
applicationof thatresearclin theoptionsframewnork. Therethey usehomomorphisms
betweertwo or morepartsof adecompositionin their exampleseveral similarrooms,
andsolvethecorrespondingpcal MDPsonly oncefor somesortof abstractocal MDP.
By exploiting thehomomorphisnthey canthenapplythesolutionto all relatedrooms.
This way or similar, onecanallow reusingan option at differentplacesin statespace.
Sofarin ourandothersystemspptionsareonly applicablein the exactsubsebf state
spacewherethey have beende ned.

Anotherproblemof optionsde ned by a local MDP of thatkind is thatthe local
MDPsareboundto nite stateandactionspacesHowever, mostrealisticdomainsand
also,for example,RoBoCuP SimulationLeaguehave continuousstatespacesnd,due
to actionargumentswith continuousdomains alsocontinuousactionspacesTo make
optionsstill applicable stateandactionabstractiorwould berequired.Thatis, ontop
of thebasicactions higherlevel actionshadto be handcraftear providedthroughthe
userby othermeans suchthat the inducedstatespacewould get at leastcountable.
While this alreadycontradictgto the intentionof optionsof automatedabstractionit
evencanmale optionssuper uousfor thetask,namelyif by the handcraftedabstrac-
tion the problemis yet so muchsimpli ed thatthe remainingproblemcan easilybe
solved without applying options. Yet, thereare approaches$o automaticabstraction,
suchasdescribedy Boutilier etal. [7].

5.3 Preprocessor and Implementation

Theimplementatiorof a preprocessowas motivatedby experimentalresultswith an
early approachto integrating decision-theoretiplanninginto 1IcPGOL OG. The in-
terpreterwasin the order of a magnitudeslover than DTGOLOG in solving simple
planningtasksin the grid world exampledomains.Also in the RosoCup Simulation
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Leaguethe time consumptiorfor projectionof simple exampletaskslike a goalkick
wereunsatisctory®®

Theseearly approachesvere inspired by the projectionfashionof 1cPGOLOG
(which is that of PGOL OG). Investigationsbroughtto light that the main slowing-
down factorwasthe evaluationof conditionsandthethereinrequiredevaluationof ex-
pressionsAs a specialcase the effect axioms(causes _val(Action, Fluent,
NewValue, Condition) ) (cf. Section4.1.2)thatwereusedin ICPGOLOG in
placeof successostateaxiomsmade uent evaluationratherslowv comparedo suc-
cessostateaxiomsof, e.g.,DTGoLOG. Roughly theincreasedpeedf DTGOLOG is
because¢he userimplementssuccessostateaxiomsandmary otherthingsdirectlyin
Prolog.Theconditionsin IcPGOL OG, like theonesincludedin theeffectaxioms,are
formulatedin a meta-languagécf. [22]) andin particulararecompletelyindependent
from Prolog. While this is supposedo be more corvenientfor the user it requires
moretimeto interpret.Herethe preprocessoctomesnto play.

The preprocessorakesa list of READYLOG les asinputandprocessethemse-
guentiallycreatinga Prologsourcele asoutput.In doingso,it alreadyusegheresults
for one le whenprocessinghe next. Thisis neededo allow hierarchiesof options.
The generalphilosoply for the preprocessois to anticipateasmuchinterpretatioras
possible. The core ability is to compile conditions(2 formulasof the situationcal-
culus)togetherwith ary includedexpressiong? termsof the situationcalculus)to
Prologcodewhich is fasterin execution. With thatability, mary elementsf thelan-
guagecanbe preprocessed-urthermorethe preprocessois usedto createstochastic
proceduresrom procedurenodelsandcomputeptionsfrom the de nitions of local
MDPs.

Funge[17] useda compilerwritten in Java to preprocesssOL OG procedureto
Prolog.Althoughthemotivationfor thatpreprocessomvasequalandit doessomething
similar, it is not relatedto what we presenthereandin particularwould not t our
needs.

5.3.1 Compiling Conditions

In theicPGOL OG interprete22], conditionsaretestedusingtheholds(..) pred-
icate. Thecall holds(C, S) succeed# andonly if conditionC holdsin situation
S. Thepredicatss recursvely de ned over the structureof legal conditions.Hereare
someexamples.

holds ( false , ) :- I fall

holds ( true , _) :- L

holds ( and([]), ) - L

holds ( and([ PIR]), S) :- !, holds (P, S), holds (and(R), S).
holds ( or ([ P)]), S) :- !, holds (P,S).

holds ( or ([ PIR]), S) :- !, (holds (P, S) ; holds (or (R), S)).

Formally, compilinga conditionCin icPGOL OG notationto Prologamountgo cre-
atingaPrologpredicateP(..)  suchthatfor all situationsS thecall P(S) succeed#
andonly if holds(C,S)  succeedsThepreprocessas thusimplementedn analogy

25projectinga goalkick for two alternatve teammateincluding expectationsaboutthe opponentgoalie,
took about0.4 secondswhich is four timeslongerthanonesimulationcycle of the soccersener. Theaim
shouldbeto nish simpleprojectiontaskslik e this within onecycle.
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tothecaseof holds(..) . Infact,for eachsuchcaseaninstanceof anew predicate
process _condition(C, S, B) isde ned thatreturnsthe Prologgoal B equiv-

alentto evaluatingcondition C in situationS. For the above casesfor example,the

process _condition  clausesre:

process_condition ( false , _S, fail ).
process_condition ( true , _S, true ).
process_condition (- and([]), _S, true ).

process_condition ( and([ C|C_rest ]), S, Body ) :-
process_condition ( C, S, CNew,
process_condition ( and(C_rest ), S, C_rest_new ),
conjunct ( CNew C_rest new , Body).

process_condition (or(C], S, CNew) :-
process_condition ( C, S, CNew.

process_condition (or([ C|C_rest 1), S, Body ) :-
process_condition ( C, S, CNew,
process_condition ( or(C_rest ), S, C_rest new ),
disjunct (CNew C_rest_ new , Body).

The predicatesonjunct(A,B,2) anddisjunct(A,B,2) are auxiliary predi-
catesthat conjoin, respectiely disjoin two Prologgoalssimplifying wherepossible.
For exampleconjunct(true, B, B) andconjunct(false, _, false)

A centralrole in conditionsplay comparisong=, <, >, =<, >=). To estab-
lish their truth values,the expressionof both sides rst have to be evaluated. This
is realizedby the predicatesubf(E, V, S), which evaluatesexpressionE to ex-
pressionV in situationS. Also it is possiblethat conditionsconsistof only a single
relational uent. This alsowould be evaluatedby subf(..)

Evaluating Expressions

Roughly subf(..) hasthreemajortasks:evaluating uents at the actualsituation,
evaluatingfunctions,and evaluatingarithmeticexpressions.Specialcasesxist such
thatsubfy(..) leavesvariablesnumbersandconstantainchanged.

Againwe wantedto createpreprocessatulesto compilesubf -evaluationgo Pro-
log.28 In fact,majorpartsof suchexpressionsanalreadybe evaluatedoff-line. Then,
in on-line modethe actual uent valuescanjust be pluggedin leaving only minimal
remainingcomputationsn Prolog.

The counterpart to subf(..) in the preprocessoris the predicate
process _subf(E, V, Body, Type, S),where

E is theexpressiorto evaluate,
V is therepresentatioof the evaluatedexpression,

Body is the remainingProlog codethat hasto be run on-line to evaluatethe
expressiorto V,

Type statesanonly internally usedtype of V whichis usedto detectsyntaxer
rorsandto detectsub-epressionshatcanatcompiletime alreadybecompletely
evaluatedand

26The alternatie would be to alwaysevaluateexpressionsompletelyon-line by simply addinga call to
subf(..) whereneededn thecompiledProloggoal.
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S is the formal situationargument,which at run-time getssubstitutedfor the
actualsituation.

Let usnow brie y describehow the threementionedmajor tasksare carriedout by
process _subf(..)

Fluentscan only be evaluatedat run-time, when the actual situationis known.
Thus, the preprocessocan do nothing more than addthe necessaryvaluationcalls
(has _val(Fluent, NewVar, S)) with a new variable(NewVar) to the Prolog
goal (Body) andsetthis variableasthe representatiorfior the evaluatedexpression
(V=NewVar). In adwvance ary possibleagumentsf the uent areevaluated possibly
addingfurthergoalsto Body . Onedistinctionhasto be madefor continuousuents?’:
for thesethe uent start , holding the currenttime, hasto be evaluatedin on-line
modeaswell, andthe uents value hasto be determinedbasedon that. Thusthe
Prologbody for thesewill containsomethindike: has _val(Fluent, ConVval,
S), has _val(start, Time, S), t function(ConVal, V, Time) .

Functionscanbe recursve. This simplefact preventsa direct evaluationof func-
tionswherethey areused. Instead eachfunction hasto be compiledto anindividual

Prologpredicate(prolog _function(..) ), which we describdn the next section.
After thisis donetheevaluationof a functionreducego evaluatingall agumentsand
addinga call for the correspondingpredicate(prolog _function(.., S)) tothe
Body.

Compiling arithmeticexpressiondgs moreinteresting.Here,on-line computations
canbe saved by anticipatingthe evaluationof partsof the arithmetics. For the four
supportecbperatorg“+”, “*”, “-”, “["), theprocess _subf(..) ruleslook almost
thesame(hereis the examplefor multiplication):

process_subf (A* B, C, Body, Type, S) :-
local_var ([ValA ,valB ]),
process_subf (A, ValA, BodyA, TypeA, S),
process_subf (B, ValB, BodyB, TypeB, S),
process_subf aux ( *, ValA, BodyA, TypeA, ValB, BodyB,
TypeB, C, Body, Type).

Here,local _var(L) createsa freshvariablefor eachentry of the list L.28 After-
wards, the two operandsA, B are processedeturningtheir newv representationany
remainingProloggoalsthatneedto be evaluatedon-line,andtheir internaltype. The
main task of combiningtheseresultsis carriedout by the auxiliary predicate which
forms a key elementto the utility of the preprocessorTherefore we will explain its
functioningallittle bit moredetailed.

process_subf aux ( Op, ValA, BodyA, TypeA, ValB, BodyB, TypeB,
ValC, BodyC, TypeC) :-

Expression =.. [Op, ValA, ValB],

(
/* best case: can be evaluated at compile time *
TypeA = eval , TypeB = eval ->
ValC is Expression
BodyC = true ,
TypeC eval

/* if cannot be evaluated right now: leave ValC

27Recallthatcontinuousuents changetheir valuecontinuouslyover time.
28This s realizedby the ECLiPSelibrary var _name.
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uninstantiated and put evaluation into Body */

(
metaType ( TypeA, meta_number ), TypeB = eval ->
concat_string Te, vaB M1, StringB ),
Expression2 =.. [Op, ValA, StringB ],
conjunct ( BodyA, (ValC is Expression2 ), BodyC)

TypeA = eval , metaType (TypeB , meta_number) ->
concat_string Te, o valA ™M, StringA ),
Expression2 =.. [Op, StringA , ValB],

conjunct ( BodyB, (ValC is Expression2 ), BodyC)

metaType ( TypeA, meta_number ),

metaType ( TypeB, meta_number ) ->

conjunct ( BodyA, BodyB, Tmpl),

conjunct ( Tmpl, (ValC is Expression ), BodyC)

)
TypeC = number

[* error case *
printf  ("™* error in process_subf aux : TypeA %w
\tTypeB  %w\n", [TypeA , TypeB])
).

Overall, thereare four caseshat we distinguishheredependingon the typesof the
operands:

1. Both operandsare fully evaluated. This could for example happenwhen the
operandsare constanthumbers. Thenalsothe resultfor this operationcanbe
evaluatedyet (ValC is Expression ), thereturnedtypeis eval , andthe
Prologbodyof goalsleft for on-lineinterpretatioris empty(Body=true ). This
is theideal casewhereeverythingcanyet be evaluatedoff-line.

2.+3. Casdwo andthreearesymmetric.lt is whenoneof theoperandss yetevaluated,
but the otheris not. Thenonly for the unevaluatedoperandhereremainsProlog
codefor on-line evaluation.

4. The remainingandworst caseis whenneitheroperandcan be evaluatedcom-
pletelyatcompiletime. Thenthe Prologbodieshave to be conjoined.

In ary case,thetype of eachoperandhasto eitherbe eval , markingyet evaluated
numbers.Or it hasto be somethingthat still cangeta numbey thatis, a variable,a
uent, or anarithmeticsub-epressionThis sortsoutill formedarithmeticexpressions
likeV = 34 + noflu wherenoflu isnota uent.?®

All legal combination®f types(casesl-4) canbefoundin thefollowing example:

function( example, V,
VvV = F—{Z—? distance(ball, oppgoal) + PE)&-_%)
| 1: {Z } 2:
I > {z }

4:

29Note that READYL 0G, as1cPGOL OG, hasno sophisticatedype conceptfor uents. Thus, it is in
generalnot possibleto be surethata uent represents& number Adding a type concept,could be donein
futurework.
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wheredistance(A,B) is afunctionandall othernamesare uents.

5.3.2 Processingelementsof the Language

Beingableto compileconditionsandexpressionsmary elementof thelanguagecan
be preprocessed without much additional effort. Functions
(function(Name, Value, Cond) ) andactionpreconditiongposs(Action,
Cond) ) arestraightforvardto processin bothcasegheinvolved conditiongetscom-
piled. Additionally for functions, the Value has to be processedby
process _subf(.) .20

Above all, the preprocessorarriesout someotherkey taskswhich we aregoingto
describenext.

Generating Successor State Axioms from Effect Axioms

ICPGOL OG useseffect axiomsto describehow actionschangethe value of uents.
Theseareformulatedby theuserthroughclause®f theform causes _val(Action,
Fluent, NewValue, Cond) . For regression(cf. Section4.1.2)this meanshat
the includedconditionshave to be interpretedevery time the axiomis applied. The
reasorwhy 1CPGOL OG, distinctfrom otherGOL OG interpretersuseseffectaxioms
insteadof successostateaxioms,is becauseof the progressioralgorithm. For that
algorithm suchan action orienteddescriptionof effectsis preferableover the uent
orientedsuccessostateaxioms.

Thepreprocessdransformsheseeffectaxiomsto successostateaxiomsapplying
thealgorithmwhich wasusedby Ray Reiterin his solutionto the frameproblem[33],
andwhich we describedn Section4.1.1. Therebythe conditions(Cond) andvalue
expressiongNewValue ) arecompiled.

Although, preprocessindiere comeswith no disadwantages.exceptfor a small
amountof time neededor compilation,it considerablyspeedsup the regression.To
comparethe speedof regressionwith non-compiledeffect axioms(causes val s)
andcompiledsuccessostateaxioms,we have implementedhis tiny exampleproce-
dure:

proc ( act(X ), [ while (fu < X, inc), saytime ] ).

The proceduresimply countsfrom zeroup to the agumentX by increasing(inc ) the
uent (flu ) andthenprints the usedCPU time sincethe beginning of the task. We
have run this procedure20 timesin arow with increasingvaluesfor the agumentX.
Startingwith 100, we increasedat stepsof 100. Soin the nal iteration, a situation
termcontaining2000timestheprimitive actioninc is operatedy regressionHereis
theeffectaxiomfor actioninc and uent flu plustheresultingsuccessostateaxiom

produceddy the preprocessor

causes val ( inc, flu , L, L = flu +1 ).

ssa( flu , Prevar0 , [inc |Srest ] ) :-
I, (has_val (flu, Prevar4 , Srest ),
Prevar3 is PreVar4d + (1)),
PreVar0 = PreVar3 .

30This is becauseValue itself canbe an expression(insteadof just a variable)like, for example,in
function(f, V+3, V = flu*2)
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ssa( flu , NewValue, [ _UnknownAction |Srest ] ) :-
1, has_val (flu, NewValue, Srest ).

Figure5.5 shawvs the chartcomparingthe time consumptiorwhenthe taskis run with
effect axiomsandwhenrun with successostateaxioms. Pleasenotethat the y-axis
hasa logarithmic scale. Using compiledsuccessostateaxiomsin this examplewas

T T T T T
effect axioms (uncompiled) ———

1024

state axioms

seconds

200 400 600 800 1000 1200 1400 1600 1800 2000
length of situation term

Figure5.5: Comparingthe speedof regressiorwhenusingeffect axiomslike in 1cp-
GOL OG andwhenusingthe (compiled)successostateaxiomsproducedoy the pre-
processarTheprogressiomechanisnmadto bedisabledor thistest,in orderto create
situationsof the desiredength.

about20timesfasterthanusingnon-compiledeffect axioms. Thetime for preprocess-
ing was0.01 seconds.The resultis representagie in the sensethat only one simple
condition (L = flu+1 ) wasusedcontainingonly one arithmeticexpression. The
savings even increasewhen more conditionsare to be evaluatedand more complex
arithmeticsare used. Overall, this comparisonsupportsour obserationsfrom early
versionsof READY L OG, which appearedo betentimessloverthanDTGoLOG. This
wasbecauseheseearlyversionsdid not yet usethe preprocessott

Processing Stochastic Procedures and Explicit Events

As describedin Section5.1.1, the userin READYLOG cande ne stochasticproce-
duresby providing a proceduranodelanda procedurereconditiorfor ary procedure.
Theseandoptionalprocedurecostsde nitions arealsotransformedy the preproces-
sorto reducetherequiredon-lineinterpretation Amongotherthings,thetaskinvolves
transformingoccurringcontrol constructdo Prolog. For tests(?(Condition) ) this
simply amountgo compiling the conditionandconjoiningit with the remainingPro-
logbody Forif(C, A, B)-constructshepattern( CC -> CA ; CB) isused.
Here CCwill be replacedby the compiledcondition,CAandCB arethe compiledal-
ternatvesA, B. Theremainingelementof the taskarerelatively straightforvard to
conductsothatwe skip detailson thesesyntactictransformationsExplicit eventscan
be processedby the sametransformatiorrules.

31DTGoLoG doesnot needa preprocessosincethe userhasto implementthe successostateaxioms
alreadyin Prolog.
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Options

We describedhealgorithmsfor automaticallycreatingoptionsfrom local MDPsalong
with their modelsin Section5.2. Theseare implementedin the preprocessor As
said, the preprocessotakesal list of les asinput. Theseare processedequentially
wheretheresultsfor one le canalreadybeusedby thenext. Thisis neededo enable
hierarchiesof options. The organizationof these les is intendedasfollows: In the
rst le thebasicdynamicsof the world arede ned, suchas uents, effect axioms,
functions, and primitive actions. In particular only actionsof level 0 (cf. Section
5.2)arede ned here.In thenext le, stochastiqproceduresandoptionsof level 1 are
de ned, thatis, proceduresvith proceduranodelsthatonly useactionsof level 0 and
optionswhich only useactionsof level 0 in their option-sleletons.Similarly, later les

de ne actionsof higherlevels.

5.3.3 Conclusion

As a conclusionaboutthe preprocessowe cansaythatit is very useful. Onthe one
hand,it hasthe potentialof speedinghingsup by a factorbetweertenand20 without
ary disadantages$? Onthe otherhand,the preprocessonelpsusin gettingindepen-
dentof Prolog. It would bevery easyto modify thepreprocessao createcodeof some
otherkind. Then,a READY L OG interpretercould beimplementedn other potentially
faster programminganguages.The crucial rst stepwould have to beto implement
thesituationcalculusin thatlanguage.

32We ignoretime for preprocessinginceit canbedoneoff-line andeventhentakesnegligibly little time.
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Experimental Results

In this chaptemwe will presensomeexperimentakesultsmadewith the nev READY-
LoG interpreter First, we presentesultson optionsin a grid world domain.Then,we
considerthe RoBoCuP SoccerSimulationand mobile robotics,wherethe resultsfor
mobile roboticsaretaken from our participationat RosoCup 2003Mid-Size League
World Cupat Padua,ltaly.

6.1 Grid Worlds

We have taken over the Maze66ervironmentusedby Hauskrechetal. [21]. In rst
place,we usethis domainto illustratethe potentialof optionsandshow their seamless
integrationinto READYLOG. In [16], we extendedthe original DTGoL0OG with op-
tionsandreportedresultsmadein this ervironment. We have run the sametestswith
thenew interpreteyin orderto comparets performanceéo DTGOLOG.

1 S G3 2
G4

3 4

5

6 ey |7

Figure 6.1: The Maze66ervironment. In this domain, eight different testswere
conducted:the agentalways startedin S and then aimedat reachinga certaingoal
G3..G11 , which hada high positive reward. The numberof the goal (3..11)is the
manhattardistancerom the start.

Differentnavigation problemswereformulated:As depictedn Figure6.1thetask
wasto reacha certaingoal (G3..G11 ) locatedat differentManhattandistancegrom
thestart(S).

We comparedhreeapproacheto theseproblemswhich aredepictedn Figure6.2:

85
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1. full MDP planning
The agentrepeatedlychoosedrom its basicactionsgo _right, go left,
go_down, go_up. ThecorrespondindREADY L OG programis thefollowing:

proc ( planning ,
[ nondet ([go_right , go_left , go_down, go_up]), planning 1])

As usualall basicactionsareuncertainwith probability0.91anactionsucceeds.
With theremainingprobabilitytheagentwill insteadnovein ary othercompass
direction(if possible).

2. heuristics
For eachroomthe agenthasheuristicproceduredor leaving theroomby a cer
tain door. For roomonethe procedurdor leaving towardsroomtwo is

1 proc ( dt_rooml 2 ,

2 [ ?(pos = [X)Y]),

3 if (Y <1 go_down,

4 if ('Y>1, go_up, go_right ) ) .
Theseproceduresre provided by the userandare an exampleof how domain
knowledgecanbeincorporatedaswasintendedwith the DTGoLOG approach.
In the overall taskthe agentthenchoosed$rom theseproceduresslong asit is
notin thegoalroom,whereonly basicactionsareconsidered.

3. options
For eachroom-doorcombination,optionshave beencreatedvia the de nition
andsolutionof local MDPs. For roomoneandthe doortowardsroomthreethe
de nition was,for example,thefollowing:

1 option ( rooml_3,

2 nondet ([go_right , go_down, go_left , go_up]), 0.9).

3 option_init ( rooml_3,

4 and([ domain (X, [0..5]), domain (Y, [0..10]),

5 pos = [X,Y ], inRoom(1)]) ).

6 option_sense ( rooml_3, exogf Update ).

7 option_beta ( rooml_3, inRoom(3), 100 ).

8 option_beta ( rooml_3,

9 and( not (inRoom (1)), not (inRoom (3))), -100 ).

10 option_variables ( rooml_3, [pos ]).

Theoption-skeletonis simplythechoicebetweerall basicactions.Theinitiation
setis thesetof all situationswherethe x-coordinateof the positionis aninteger
numberin the interval [0::5], the y-coordinateis an integer numberin [0::10],
thatis, the positionis legal in our domain,andthe positionis within roomone.
All relevant uents canbesensedy theactionexogf _Update . Dependingn
theroomwheretheregionis left, the pseudo-revard differs: If afterleaving the
room, the agentis in roomthree,a pseudo-rezard of 100is given. Otherwiseit
is -100. Themappingbetweersituationsandstategeliessolely on the position.

Using theseoptionsan hybrid MDP like the one of Section5.2.3 (also confer
Section3.2.2and[21]) canbe usedto solve the task. Thatis, while notin the
goal room, the agentonly choosesamongthe optionsde ned for the current
room. In thegoalroomthebasicactionsareused.
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(a) full MDP planning(A) (b) heuristics(B) (c) options(C)

Figure6.2: Thethreemainapproachesgepictedby arrons: (a) in eachstatethe agent
canchoosdrom all possibleactions;(b) theagentonly choosedrom actionsthatlead
to adoor, bluearrows leadto the doorto theright, red onesto the doorat the bottom,
blackonesarecommonfor both; (c) theagentchoose®neof two optionscommitting
to anentirebehaior leadingto oneof thedoors.

While all approachesnd a policy to getto the goal, the time for computationdiffers
immensely Figure 6.3 (a) shavs the resultswe obtainedwith our extensionof DT-
GoLoG. Theproblemimplementationsn bothlanguagesresemanticallyequivalent
suchthat the resultsare comparablé. Figure 6.3 (b) shavs the resultsobtainedwith
READYLOG. Here,additionallywe have runthe rst case(full planning)for compar
ison with precompiledsuccessostateaxioms(A’) andwithout (A), usingthe effect
axioms. The resultscompareto the obsenationsreportedat the end of the previous
chapter

Comparingthe two charts,especiallycurve A, shows thatthe new interpreteris
comparablén speedo DTGoLOG. This meanghatalthoughwe have increasedx-
pressienessand— aswe believe — userfriendliness,we have not compromisedcher
formance.This would not have beenpossiblewithout the preprocessoasonecansee
clearlyfrom curvesA andA'. Still thefull planningapproacthereremainsintractable
for largerhorizons.

Obviously, usingheuristicsprovidessomespeed-up.This speed-ups foundedin
the reductionof nondeterminism:insteadof choosingfrom all available actions, it
only considersactionsleaving the room by one of the doors(caseB). Additionally
to the above statedheuristicproceduresye have run the testsin READYLOG with a
slightmodi cation: insteadof alwayschoosingirom theseheuristicsthisis only done
oncefor eachroom (B'). ThisresemblesheoptionsapproachStill the computational
performancds worsethanfor options. To understandhe reasonfor that, we have
to returnto the earlierproblemthatin nitely mary situationsintuitively describethe
samestate. Figure 6.4 shavs threedifferentexampleshow roomonecould be left to
theright. All threecouldhappenwith the heuristicproceduredueto the uncertaintyof
the basicactions.Althoughsometrajectoriesarevery unlikely, e.g. the dashednein
the gure, they areall consideredy the projectionmechanismAs a matterof future
work it could be worthwhileto nd a soundlower boundfor probabilitiesto sort out
thosetrajectorieghatcannotin uence theoverall resultanyhow (cf. Chapter7). After

1Thesyntaxof DTGoL0G andREADY L oG differ.
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Figure6.3: TheresultingtimesusingtheextendedD TGOL OG interpreterasin [16] and
usingREADYLOG: (A) full planning,(B) applyingheuristics(C) usingoptions. The
cune (B") could not be drawn further dueto stackover ows in the ECLiPSeProlog
systemfor ary largerhorizonthanten.
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Figure6.4: Threewaysfor leaving a room. Eachconstitutesa differentsituationfor
thesameexit state.

eventuallyendingin the exit statein the roomto the right, all thesetrajectoriesrefer
to differentsituations. As describedwhenformally specifyingthe implicit MDP in

DTGoLoG andREADY L OG, thesesituationsalsoreferto differentstatesalthoughthis
seemsounterintuitve. For all thesestateshefurtherprojectionis performedcausing
morecomputationaéffort thanneeded.

This is exactly whereoptionscomeinto play. Due to the explicit mappingfrom
situationsto statesand back, we can aggregate intuitively equalsituations. In the
exampleat hand,all possiblewayswould leadinto the sameexit state,suchthatfrom
thereon only one projectionis pursued. This nicely shavs that the mappingis very
centralto the bene t of optionsin the extendedDTGoL0OG and READYLOG. By the
mappingtheuserde neshisintuition aboutwhatcharacterizea stateor, seenfrom the
otherperspectie, whentwo situationsareconsideredqual.

Optionsand heuristicproceduredave in commonthat they heuristicallyreduce
the complity for the costof optimality: If the heuristicsor local MDPs are badly
chosentheresultingsolutionquality candecreasethatis, for example,the lengthof
thefound pathcanincreaseln generaljt is at theresponsibilityof the userto provide
goodheuristicsandonly the full planningapproachcanalwaysguaranteg¢o nd the
optimal solution. Neverthelessjn on-line scenariosthe requiredtime for nding a
policy hasusuallyto beincludedin thequality criterion. Then,solutionsusingoptions
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andheuristicscaneven be consideredetterthanthe “optimal” but slow full planning
solution.In theexample thisbecome®hviouswhentakingthetime theagentineedsn

gettingto the goal asthe performanceneasurendassumehateachactiontakesone
secondo perform. Then,the agentwould rathertake a sub-optimaltrajectoryto the
goal provided by the optionsapproachinsteadof waiting a long time for the optimal
policy.

With regardto thesolutionquality, thecomparisoris complicatedin the presented
examples the solutionof the optionsapproachwaseven betterthanthatof all others
including the full MDP planningapproactf. This is becauseve are not using value
iterationat the global scopeto solve the problem,but usedecision-treesearchwith a
x edhorizon. In thetests,we alwayschosethe minimal horizonneededo nd some
pathto the goal. Thatinpliesthatif this pathwasaccidentallyleft, the agentwould
getlost. To obtainresultsequalor betterin quality to that of the optionsapproach,
we would have to run the other approachesvith larger horizons,taking even more
time. However, we do not intendto starta discussioron solutionquality whenusing
optionsand refer to the literature[21] wherethis issueis well investicated. These
considerationsquallyapplyto oursetting.After all, it seemsapparenthatfor dynamic
on-line settingswheretime is a criterion, it is obviousthatusingoptionsis the bestof
all describedhpproaches.

It remaingo pointoutthatalthoughthe presentedpeed-upgrovidedby optionsseem
tremendougthisis alsobecaus¢his exampledomainis somevhatdesignedor theuse
of options,i.e., the regional decompositioris suggestie (rooms)andthe regionsare
only linkedby relatively few connectiongdoors).Also the statespaceas small. In the
next sectionwe will seewhich kinds of dif culties remainto be overcomefor using
optionsin morecomple problems.

6.2 RoBOCuUP Soccer Simulation

Basedon the overall architecturedescribedn [14], a systemfor specifyingthe behar-
ior of soccerplayersin READYLOG was usedto evaluatethe new interpreterin the
RoBoCuUP SoccerSimulationenvironment. This systemin turn is build on top of the
UVA Trilearnbasesystem(cf. Section2.2.2).In a nutshell the architecturecomprises
areactive-anda deliberative componentwhich enablesjuick respondg¢o changesn
the ernvironment,but alsoallows to executeplansof several actionsthatwerecreated
by deliberating. Therebythe deliberatve componentanbespeci edin READYL OG.
Roughly theprimitive actionsaretheskills of theUvA Trilearnsystem Recallthatthis
systemdistinguisheghreeskill levels, forming threelevels of abstraction Depending
onthelevel, theplanningproblemin thedeliberatve componennaturallyhasdifferent
granularities Thesegranularitiesnanifestn thelengthof aplanfor achieving acertain
goal. For a discussioron the differentmodelsof granularitysee[22]. Here,we will
reduceour consideratiorto the highestlevel of abstractionwhereactionsare taken
only from the high-level skills of the basesystem All testswererunonastandardPC
with an1.7GHzPentium4 processoand1GB memory

2Solutionquality wasmeasuredy the overall expectedreward for thereturnedpolicy. Thisis areason-
ablemeasurdor quality, asdiscussedn Section3.1.
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6.2.1 Comparing to ICPGOLOG

We aimedat comparingthe new READY L OG interpreter especiallythe performance
of theincludedprojectionmechanisnusedin planning,to theicPGOL OG interpreter
To do so, we implementeda goal shotscenaricanda direct passscenariosimilar the
onesusedin [22].

Goal Shot

Basically the taskwasto de ne a proceduremodelfor the goal shotprocedure.As
in [22] we take the opponentgoalie and closestplayerto the pathway into account:
For bothit is projectedwhetherthey areableto interceptthe goal shot. This model
canbeusedfor a stochastiprocedurefterit hasbeenpreprocesse(tf. Section5.3).
Planninga goal shotwith thatmodelin READYL OG takes0.01 seconds Projecting
thesametaskin IcCPGOL OG took 0.35secondsn the bestof all describeccasena
comparablanachingasreportedn [22]).

Direct Passes

Similar resultswe obtainedfor the direct passscenario: For the task of decidingto
which of thetwo closesteammates$o pasdo, the READY L OG interpretemeedsagain
only 0.01second® This comparego 0.25secondsn ICPGOL OG. Evenfor a com-
pleteteamof eleven players,the decisionon which of all teammateso passto takes
only 0.07secondsn READYLOG.

Thesetwo examplesshaow clearly the increaseof speedin READYLOG comparedo
its predecessorcPGOL OG. The speed-ups explainedby two reasons:the applied
projectionmechanismand the use of the preprocessor The way projectionis done
in 1IcPGOL OG is more e xible andpossesses richer expressieness.However, it is
neitherdesignecdhor suitedfor the creationof plansby solving nondeterminisnt. A
probablygreatercontritution to the speed-upcomesfrom the preprocessor This is
especiallysuggestedy the resultsat the end of the last chapter(Section5.3). The
preprocessoin this specialcaseprovidesuswith two adwantagesthe obvious speed-
up andtheindependencef Prolog. In fact,for creatingthe resultswith IcPGOL OG,
mostof the computationsvereimplementediirectly in Prolog(cf. [22]). By that,the
authordid manuallywhatthepreprocessanow doesautomatically If thecomputations
had purely beenimplementedn 1cPGOL OG functions,they would have taken even
longer

Concludingwe remarkthatthe presentedpeed-umvercomeshe barriertowards
realisticapplicabilityin the RoBoCuP SoccelSimulationwithin theinitially described
architecture The soccersener acceptplayercommandsvery 0.1 secondslf during
onesuchcycle no commands sent,no actionis executedby the player It turnedout
thatteamsareonly competitiveif they areableto useevery cyclefor settingcommands.
While thedescribedybrid architecturdnelpsin thisregard,it seemstill necessarthat
simpledecisions)ike whomto passto, aremadewithin onecycle. We cannow meet
thisrequirement.

3Thisis thethelowestamountof time measurabléy the ECLiPSePrologsystem.
4In fact,it cannoteven handlenondeterminisnasthis wasnot anissuein the design.
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6.3 Mobile Robotics: RoBoCupP Mid-Size League

We have usedREADY L OG for specifyingthehigh-level behaior of oursoccesplaying,
physicalrobotsatthe RoBoCup 2003Mid-Size LeagueWorld Cupat Padua,ltaly.

6.3.1 ProblemImplementation

In the realizationwe usedthe skills provided by the skill moduleasthe basicactions
(cf. Section2.3.2). Themostrelevantof thesewere:

goto global/gotarelative
Drive to a givenglobal positionor to a positiongivenrelative to therobot.

turn_global/turnrelative

Turn to a given global angleor to an anglegiven relative to the currentrobot
angle. If the ball is closein front, it will be pushedto the sideto a distance
dependingon theturn speedvhich again dependontheturnangle.

dribble_to
Having theball, go to a certainposition. If the ball is lost— it is notanymorein
front of therobot—theactionfails.

guard_pos
Maintaina guardingpositionon theline betweerthe own goalandtheball.

interceptball
Interceptthe ball. Thisusuallyonly succeed# theball is standingstill.

kick
Triggerthekicking mechanismlf theball is closeenoughijt will beaccelerated
to thefront.

movekick

Move towardsa givenposition,andassoonasthe angleto thatpositionis belov
a certainthresholdkick. This enableghe robotto kick into directionsit is not
currentlyheading.

Theseactionswere implementedas stochastioprocedures. The procedurebody
sendsthe appropriatecommandto the skill module and waits until that reportsthe
completion(succes®r failure) of the action. The proceduremodeldescribesour in-
tuition aboutthe effectsof the action. Hereis the examplefor the globalturn action,
whichis assumedo be alwayspossible:

proc ( turn_global (Own, Theta, Mode),
[ send (nextSkill (Own), do_skill_turn_global (Theta , Mode)),
?(nextSkill (©wn) = nil )
D.

proc_poss (turn_global (_Own, _Theta, _Mode), true ).
proc_model (turn_global (Own, Theta, _Mode),
[ if (isKickable  (Own),
/* turn  will affect the ball */
[ ?(and([ AgentPos = agentPos (Own),
AgentAngle = agentAngle (Own),
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AgentPos = [X,Y],
TurnAngle = Theta - AgentAngle |,
YDiff = TurnAngle *abs (TurnAngle ) / 3.4,
geom_PosRel ([ X,Y, AgentAngle 1,[1, YDiff ], NBPos)])),
set_ecf_local_ballPos (NBPos,[0,0])],
/* else : turn will NOT affect the ball *
I

)
set_ecf_agentAngle (Own, Theta, 0)

D

The model describes the intuition that if the ball is close to the front
(isKickable(Own) ) of the actingrobot (Owr), the ball will be pushedin the di-
rectionof theturn. Thedistancg(YDiff ) depend$ntheturnangle.This distances
themostheuristicelemenin thismodelandis simply basednrealworld obsenations.
We will describehemodelsfor the otheractionswhenneeded.

Furthermoreall relevantandaccessiblevorld informationis availableto theagent:
the own estimate®f therobot's own position,positionof the ball, andthe positionsof
the opponentsto namethe mostimportantones. Additionally, datafrom the control
computerlike the fused position of all ball estimatesand the currentplay-modeis
available.

We have describedhe actions.Thetransitionmodelis de ned by theactionmod-
els,andthe statespaceasalways,is the setof all situations.Whatstill is missingfor
anMDP aretherewards.We de ne therewardfor asituationbasednthe positionand
velocity of theball. Positionsinsideor in front of the opponengoal gethigh positive
rewards,while onthe otherhandball positionsinsideor closeto our goalareassigned
highly negative rewards. If the ball is moving, the positionto be evaluatedis takenas
theintersectiorof the ball trajectorywith the boundariesOtherwise the ball position
itself is usedto evaluatethe situation.

6.3.2 Agent Behavior

While the goaliewascontrolledwithout READY L OG in orderto maintainthe highest
possiblelevel of reactvenessall otherplayersof ourteamhadanindividual READY-
L oG procedurdor playing. We assignedx edrolestothethree eld players:defender
supporterandattacler. In generalthedefendekeepsaguardingpositionbetweerthe
own goal andthe ball (guard _pos), the supportemaintainsa position at medium
distanceto the ball to standavailable for taking over the ball from the attacler, and
theattacler caresabouttakingthe ball into the opponentgoal. However, oftenduring
play, alsodefenderand supportemight be in a good positionfor carrying forth the
ball. Thereforewe have realizedsomesortof dynamicrole switching. The function
bestinterceptor _All returnsthe numberof the playerwhich is consideredhe
bestfor goingfor theball. Thisis usedby all playersto decidewhetherto follow their
usualrole or to carry out someform of attackingbehaior. If the attacler believesit is
notthebestinterceptorit switchesto a supportingoehaior.

Deliberationis at ary time only performedby anagentthatbelievesto be the best
interceptor This hastheadwantagehatthebehaior of all otherplayerss deterministic
andthuseasierto predictfor the planningagent. We herepresentthe planningtask
the attacler solvesbeingthe bestinterceptor Thetaskis describedby the following
solve -statemenfcf. Fig. 6.5):
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solve (nondet (
[kick (ownNumber, 40),

dt_dribble_or_move_kick (ownNumber),
dt_dribble_to_points (ownNumber ),
if (isKickable (ownNumber),
pickBest (var_turnAngle , [-3.1, -2.3, 23, 3.1],
[turn_relative (ownNumber, var_turnAngle , 2),
nondet ([
[intercept_ball (ownNumber, 1),
dt_dribble_or_move_kick (ownNumber)],
[intercept_ball (numberByRole (supporter ), 1),
dt_dribble_or_move_kick (numberByRole (supporter ))]
)
D,
nondet ([
[intercept_ball (ownNumber, 1),
dt_dribble_or_move_kick (ownNumber )],
intercept_ball (ownNumber, 0.0, 1)])
).
intercept_ball (ownNumber, 0.0, 1)
D. 4
proc (dt_dribble_or_move_kick (Own),
nondet ([
[dribble_to (Own, oppGoalBestCorner_Tracking , D),
[move_kick (Own, oppGoalBestCorner_Tracking . D).
proc (dt_dribble_to_points (Own),
nondet ([

[dribble_to (Own, [2.5, -1.25], 1)],

[dribble_to (Own, [2.5, -2.5], 1)],

[dribble_to (Own, [2.5, 0.0], 1)]

[dribble_to (Own, [2.5, 25], 1),

[dribble_to (Own, [2.5, 1.25], 1)
).

Thesetof alternatvesmadeup from this plan-skeletonis bestdescribedy Figure6.5.
Having the ball, the agent can always think of a straight kick
(kick(ownNumber, 40) ) or to dribble  or move-kick towards the goal
(dt _dribble _or _move kick(Own) ). The function oppGoalBest-
Corner _Tracking determineghe positionof the opponentgyoaliein the goaland
therebydecideswhich s the bettercornerto shootat (in the pictureit is theright cor-
ner). Also therobotmay dribble to oneof ve prede nedpositionson aline in front
of the opponentgyoal (dt _dribble _to _points(Own) ).> Additional alternatves
exist dependingon the positionof the ball: if the ball is in kickablerange,the robot
considerghe possibility to turn to one of four angles,pushingthe ball to the left or
right. Theball cantheneitherbeinterceptedagain by the attacler himselfandcarried
to the goal or the supportercando that. Here, the staticbehaior of the supporteiis
takenadwantageof. Theattacler assumeshe supportemtits side,sothathe canpass
the ball to him. This behaior wasthoughtof for gettingpastopponentslocking a

5This function is an ideal examplewhere using pickBest ~ would be more convenientfor the user
However, for performancet doesnot make a differenceto thenondet -expressiorusedhereinstead.
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———~  move/dribble/intercept

,,,,, = move_kick/dribble

EEN— ball behavior when turning with k

Figure6.5: Thesetof alternatvesfor theattaclerwhenheis attheball. Theredboxes
denoteopponentsthe blackonesareteammateskverythingelseare eld markings.

straightway to thegoal.

Dribbling andinterceptingthe ball are modeledasuncertain.Both have a success
anda failure case.Especiallyinterceptingthe ball is consideredo be dif cult, sothat
the probabilityfor afailureis assumedo be0.8.

In the casewherethe robot hasthe ball, the decisiontree createdfrom the users
choicesandnatureshoiceshas62leaves. Thisis aconsiderableumberof alternatves
for RoBoCuP, but shouldnotbecomparedvith planningtasksin simpli ed grid world
examples.In thoseexamplestreeswith alot moreleavesareused,andstill solutions
are found more rapidly (time consumptiondor the presentRoBoCupP exampleare
investicatedin the next section). This is, becausehe appliedmodelsconnectingthe
nodesof thetreethere,aremuchsimplerandthusrequirelesscomputationatime.

6.3.3 Experiencesat RoBoCup 2003

Let usconsideran examplesituationthatoccurredduring a matchagainstthe teamof

ISePrto in front of theirgoal. Figure6.6 shovstheview of theworld asloggedduring
the game. This means,the positionsof the ball (in the upperright), our robots(in

white), andthe opponentgred) areestimatedasedon the fusedinformationfrom all

of ourrobots® In this situationmostof thedribbling actionsareconsideredmpossible:
Therobothasonly limited controlovertheball. In particular it is not possibleto drive
in circleswith low radiuswithout loosingthe ball. Thus,we setthe preconditionfor

dribbling asdependingon the angleto the tarmget point. In this situationthe attacler
(Cicero)consideredamongothers,the following alternatves,which areillustratedin

Figure6.7":

a straightkick
(Figure6.7 (a)) Kicking in this situationwould shoottheball out of bounds.The

5We remarkthat thesepositionsin generalare quite erraticdueto time lagsin the remoteconnections
anddueto sensotinaccuraciesThis is anothersourceof dif culties for decisionmaking.
7All presentediatais takenfrom log- les thatwererecordedduringthe game.
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Figure6.6: A situationthatoccurredduringamatchagainsiSeprto: Oneof ourrobots
(Cicero)hastheball andthe supporte{Caesar)s atits place.
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Figure6.7: (a) astraightkick (b) amove-kicktowardstheemptyopponentgoalcorner
(c) team-play

associatedewardis basedntheintersectiorwith thegoalline andis computed
as92508

a move-kik to thegoal

(Figure6.7 (b)) Thebestcornerto shootatis obviously theright one. However,
the model describesa move-kick by driving one meterto the front and then
acceleratinghe ball towardsthetarget® Again the ball would go out of bounds,

8We only useintegernumbershere to improve readability
90f coursethis modelagain is very heuristicandis basedsolely on obsenationsduringtesting.
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achieving a similar rewardasthekick (9403).

team-play
(Figure6.7 (c)) The actioneventuallytakenwasto turn with the ball, pushingit
in front of the supporter

Let usseewhatleadto this decision.For readabilitywe only useintegervalues.The
initial situationhasarewardof 4557andturningwith theballwill certainly(probability
= 1.0) leadto a situationwith reward 4169 (seeFigure 6.8 (a)). Next, the supporter
(Caesarjs assumedo interceptthe ball. Thisis only successfulith probability 0.2.
The reward for the new situationis unchangedsincethe ball is not moved — in this
model(seeFigure6.8 (b)). However, theintercepthasnegative costs,astheball is not
far for the supporterandit is in front of the opponentgoal,whereaninterceptalways
seems goodidea. Alternatively, interceptionby the attacler is consideredBut since
that playeris fareraway from the ball, the costsfor that are higher (seeFigure 6.9).
Finally, the supportemow having the ball is assumedo scorea goal by performing
the move-kick skill (seeFigure6.8 (c)). The resultingsituation,with the ball in the
opponentgyoal, getsa reward of 10000. The move-kick also hasnegative costsof
70. Thisis to encourageherobotto generallyshootmoreoften. Overall anexpected
reward of 14922is computedfor this policy. Figure6.9 shavs the resultingdecision

., lmcemw

@ (b) ©

Figure6.8: Team-play

treefor thethreedescribedalternatves. The optimal policy is marked by a thick line.
Therealdecisiontreewasmuchlarger (aboutfactor4). We left outthe otherpossible
turn angles(appearingat line 6 of the sourcecodeon page93) which createdmore
branchesf the kind considered.Overall decisionmakingin this situationtook 0.61
seconds.

In generalthetimetheattacler spenton projectiondependedhighly onthenumber
of alternatvesthatwerepossible.The mostsigni cant differenceit madewhetherthe
ball waskickableor not (all timesin seconds):

examples| min avg max
without ball 698 0.0 0.094 0.450
with ball 117 0.170 0.536 2.110
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A776 O natures choices
D agent choices

move_kick
costs: -70

Kick ™\ 623
costs: -70.__/

turn

move_kick™ ™\ 1000%
costs: -70 \\/

intercept(me)
costs: -7

intercept(TM
costs: -12

move_kick™ \
costs: -70 1000%

Figure6.9: Thedecisiontreetraversedoy theoptimizationmechanisnin this situation.

Thesetimesareworsethanthe earlierseennumbersrom the SoccerSimulation. The
speeddifferenceis mainly explainedby threefacts: Firstly, the processopnf the com-
putersin the robotsrunsat abouthalf the speedof the oneswherethe simulationre-
sultswhereproduced(Pentium3, 933MHz vs. Pentium4, 1.7GHz). Secondly the
robotwasrunningseveral otherprogramsconsumingcomputatiorpower. Thirdly, the
appliedmodelsandthe reward function were more complex. Especiallythe latter is
crucialasit getscomputedat eachsituationvisitedin projection.Fromexperiencene
cansaythat nearlyall the time is spentfor determiningsuccessosituations thatis,
doingprojection,andreward calculation.Neverthelessthe presente@mountf time
arestill smallenoughfor the Mid-Size Leagueasthis leagueis not yet asdynamicas
the simulation.

A key insightof the soccerexperiencewith theinterpreteiis thattheactionmodels
andtherewardfunctionarevery crucial. The useris recommendedb take greatcare
designingthem. Figure 6.8 (a), for instancerevealsa “mistake” in the usedreward
function: Hereit appearsnuchbetterto have the ball on the penaltyarealine in front
of the opponentgyoal than at the touchline. Unluckily, this opinion had not been
modeledinto the reward function, suchthatthetouchline positionis evaluatedhigher
for beingfarerinto the opponenthalf. Theagentwhich is almostexclusively guided
by the reward function, is very sensitve to suchmistales. They caneasilyleadto
unintendedehaior. All themore,soundapproacheto creatingrewardfunctions,for
exampleby learning,couldbebene cial andinvestigatedasfuturework.

Results at RoBoCup 2003

Thisapproachenabledisto setup acompetitve team.In the rst roundrobinwewon
all gamesexceptoneversusthe formerworld championwhich we lost. Unluckily, in
the secondround robin we missedreachingthe quarter nals by onegoal. Further
more, we endedsecondin the technicalchallengeswith only abouthalf an hour of
preparationsWe believe thatthis speakdor the e xibility of ourapproach.

The problemspreventing more successfuplaying did not seemto stemfrom the
interpreteiitself. Someproblemsvereinducedby low-level taskdik e localization ball
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detectionandcollision avoidanceandby hardwareissues But alsoin high-level con-
trol therestill seemgo bemuchroomfor improvementsasmentionedherewardfunc-
tion andmodelsarecrucial. Theseshouldbegeneratedh amoresophisticatedashion,
for examplewith the help of learningtechniquesAlso it gotapparentn play thatthe
interactionbetweenthe robotsneedssomereview, to saythe least. It frequentlyhap-
pened,for example,thatthe discriminatve function (bestinterceptor ) seemed
to be ipping. In suchsituationstwo robotscould not decideon who shouldtake the
ball. Crucialfunctionslik e this mustbe mademorestable.Also for team-playbeha-
iors like the oneplannedby the attacler in the exampleoftenfail in practice,asother
playersinvolvedin sucha plando not actaswereexpected.Althoughtheseproblems
arenot directly linkedto the interpreteritself, in future work oneshouldstill keepan
openmindonhow extensionf theinterpreteicouldpossiblysupportnding solutions
here.



Chapter 7

Conclusion and Future Work

We have integratedthe idea of DTGOLOG to combineexplicit agentprogramming
with MDP planninginto IcPGOL OG creatingthe nen languageREADYLOG. This

includedthe developmentof a new approachto on-line decision-theoretiplanning
which we comparedo an existing approachby Soutchansk[37]. Our approachn-

cludesthe possibilitiesof the otherapproachbut addsto it substantially It allows for

exogenousactionsandoffers morefreedomin de ning uncertainty We have revealed
ashortcomingn the otherapproactwhenoperatingn highly dynamicdomainsvhere
frequentsensings a must. Also we have tackledthe problemof whento breakpolicy

execution,thatis, whento considera generateglanto beinvalid. This problemhad
notbeentreatedn the otherapproach.

Moreover, we have extendedour approachby the conceptof optionsto enablean
exponentialspeed-umf planningwhereapplicable We supportthe automaticcreation
of optionsfrom the solutionof local MDPsandintegratedthemseamlesslypy compil-
ing themto stochastiproceduresln particulay we offer to de ne optionsoveroptions,
allowing theuserto abstrachierarchicallywith automatedupport.

BasedntheicPGOL OG interpretemve have developedaninterpretefor READY-
LocG implementedn ECLiPSeProlog[10]. To improve userfriendlinessand espe-
cially to improve on-line performanceof the projectionmechanismwe have further
implementeda preprocessothat compilescertainpartsof READYLOG programsto
Prolog. Testsshaved that this preprocessoaddsconsiderablyto the performance,
increasinghe speeddy aboutfactortenin averagecomparedo IcCPGOL OG.

We have testedthe interpreterin threevery differentexampledomainsto evaluate
its useunderdifferentrequirementslt shavedthatespeciallyoptionswereof highuse
in discreteand nite domains.Therewe alsosaw thatthenew interpretelis competitve
to DTGOLOG if the preprocessois used. In a simulationdomainwe testedREADY-
LoG aginsticPGOL OG andnoteda considerablg@erformancencrease.Finally, in
arealworld ervironmentwe extensvely usedthe interpreterto control mobile robots
in playingsoccerataworld cuptournament.

The performancewvas overall betterthan expected,which is mainly the merit of
the preprocessorHowever, it would be desirableto further reducethe time spentfor
planning. Unfortunately we did not nd a way to bene cially apply optionsin the
RoBoCup domain.While in the Mid-Size Leaguethatwasalsodueto limited testing
opportunitiesin thesimulationit wasmainly causedy thecontinuousharacteof the
domain.

For futureinvestications,it might be interestingto extendoptionssothatthey are
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ableto handlein nite andespeciallycontinuousstateandactionspacesAlso it should
be possibleto have nondeterministiactionswith anin nite numberof possibleout-
comes! Thiswould opengreatnew opportunitiesor their applicability It would then
be imaginableto run automatedabstractionin areaswhere before abstractionwere
laboriously conductedby hand. For example,the skill abstractioncreatedoy UvA
Trilearn(cf. Section2.2.2)couldperhapsegeneratedemi-automaticallyTheuncer
tainty of the movementof objects,asdescribedn Section2.2.1,couldthenbe easily
modeled.To do so, eitherthe appliedmethodgor solvinglocal MDPswould have to
be extendedaccordinglyor othermethodscapableof operatingon in nite/continuous
spacesvould have to befoundandused.

Anotherideafor speedingup the presentedptimizationalgorithm could be the
following: Imaginethis situationat a users choice-nodeOnebranchwasalreadypro-
jectedandreturnedan expectedreward of E;. Furtherassumehatwe candetermine
anupperboundR,, ... onthepossiblerewardfor ary state.Then,if in oneof theother
branchesfterS stepsa probability of lessthana certainP is accumulate@ndanup
to then expectedreward of E, is obtained,the branchcan be prunedif andonly if
E;+ P (Runae (H S)) < Ei, whereH is the planninghorizon. This is true,
becausdhenthis branchcannotarymore reachan expectedreward greaterthanthe
onealreadyfoundfor theearlierbranch.This, likein - -pruning[39], pruneghetree
andcansave computationakffort in a soundway.

In real-timedecisionmaking, it is often crucial to have a decisionmadewithin
a certaintime. For that purposeour optimizationprocedurecould be changedo an
ary-time algorithmthat insteadof an horizontakesa time asargumentup to which
the algorithmis run. This would requireto move away from the currentdepth- rst
traversalto a breadth- rsttraversalprocedureor someotherstratayy.

Also someof the ideasappearingn relatedwork which we brie y mentionedn
Section5.2.4could beworth integrating. Theseconcernednethodsor automaticde-
compositionof problemsinto sub-problemdor which optionscould be generated3]
andhomomorphismbetweersemi-MDPH32] to tacklethe problemof relatednessf
sub-problemgor which the sameoptionscouldbe applied.

limagine for example,a gaussiardistribution usedto describethe actualpositionchangeof arobotafter
moving acertaindistance.



Appendix A

ReadyL og I nterpreter

Seele

Al

Seele

A2

Seele

A3

Seele

A4

Seele

A5

Seele

“readylog.pl’ontheCD.

definitions.pl

“de nitions.pl” ontheCD.

Transition Semantics

“nal _trans.pl’ontheCD.

Decision-theoretic Planning

“decisionTheoretic.pl'onthe CD.

Options

“options.pl” ontheCD.

Preprocessor

“preprocessopl” onthe CD.
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