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Chapter 1

Introduction

1.1 Autonomous Agents

The designof autonomousagents,like mobile robots,hasbecomea key issuein ar-
ti�cial intelligence. Autonomousmobile robotsarecommonlyable to ful�ll certain
so-calledlow-level tasks,suchascollision avoidanceor localization. Basicactions,
asfor exampledriving to a speci�ed location,arethuspossiblefor it to perform. In
general,thedesigner'smotivationis to usetherobotto ful�ll morecomplex tasks,e.g.
to deliver mail or to play soccer. If the robot is technicallycapableof performingall
necessaryactionsto carryout thetask,theremainingquestionis howto tell therobot
what it shoulddo andhow. Thesamequestionarisesfor non-physical robots,so that
in ourconsiderationswewill talk moregenerallyaboutanagent, denotingtheconcept
of physical robotsandnon-physical agentsthat act in simulatedworlds or any other
kind of non-physicalenvironment.An exampleof non-physicalagentscouldbetrad-
ing agentsactingat on-line marketsor stockexchangesor computerplayersin some
kinds of games. The specialterm autonomousagentsis usedto point out that these
agentsarenot controlledfrom theoutside,but insteadful�ll taskson their own. Then
adesignerhasto think of how to make theseagentsactintelligently.

Mainly, two paradigmsfor specifying the behavior of autonomousagentsexist
whicharemostlytreatedindependently:programmingandplanning.

The programmingapproachaimsat specifyingan agentthroughan explicit pro-
gram.Thatis, thedesignerstrictly de�nesthebehavior of theagent.Imaginablewould
bea simplesequenceof actionstheagentperformsor someuseof conditionalsto de-
cideondifferentpossiblecoursesof actiondependingonsomecondition.Othercontrol
constructsincludeloopsandprocedures.After all, however, thebehavior of theagent
is completelydecidedby thedesigner. In particular, whateversituationtheagentmight
getinto, it just sticksto its program.

Hereis themain limitation of this approach:asthecomplexity of theagent's task
increases,the designingtaskfor the agentprogrammergetsmoreandmoredif�cult,
meaningthat therearemoreandmoresituationsthe programmerhasto provide an
appropriateactionfor. Still, duringexecutionsituationsmight beencounteredthatthe
programmerhavenotbornein mind. Thentheagentwouldprobablybehavedifferently
from whatwould bedesired.Furthermore,evensmallchangesin theagent's taskmay
requirea lot of modi�cations in theprogram.On theupsidethis approachis typically
fast,astheagentusuallydoesnothave to “think” a lot.
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CHAPTER 1. INTRODUCTION 6

Specifyingan agentaccordingto the planningparadigmis completelydifferent.
Insteadof explicitly specifyinghow to behave, the agentis left with the decisionon
anappropriatecourseof action. In general,thedesignerde�nes only theactionsand
their effects,describesan initial stateanda goal state. From that the 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 theoutcomesconsideredpossible.
Othersformulategoalsnotexplicitly assomesortof desirablestateto reach,but instead
assignutilities to statessuchthat the agentaimsat maximizingthe utilities alongits
path.Puttogether, thoseapproachesconstitutedecision-theoreticplanning,whichwill
bethekind of planningconsideredin thiswork.

The planning approachovercomesthe problem with programmingmentioned
above. As longasthemodelsdescribingtheeffectsof theactionsareadequate1 andthe
descriptionof thegoalandtheinitial stateor theassignmentof rewardsto situationsin
the caseof decision-theoreticplanningcorrectlydescribethedesiresof the program-
mer, the agentwill alwaysbe able to behave as intended. However, this advantage
comesalongwith a hugecomputationalcomplexity. Insteadof simply following the
strict instructionsgivenby theprogrammer, theagenthasto project theeffectsof all
possiblecoursesof actionup to a certainhorizon. Only after theseprojectionshave
beengenerated,the agentcandeterminethe expectedrewardsfor eachof themand
selectthe mostpromisingfor execution. Projection,however, takestime. The com-
plexity dependsdirectly on thenumberof possibleactionsdeterminingthebranching
factorof thetherebyde�ned search treethat is traversedin planning.Additionally, in
domainswith uncertainty, whichmobileroboticscertainlyranksamong,thebranching
factoris furtherincreasedby thenumberof possibleoutcomesanactioncanhave. This
fact immediatelyrestrainstheapplicationof planningin real-timesystemswhentime
to decideon thenext actionis limited.

Yet,thereareapproachestocombinethetwoparadigms.Boutilieretal. [5] recently
proposedDTGOLOG. DTGOLOG combinesprogrammingandplanningby integrat-
ing Markov DecisionProcesses[31] (MDPs) into the logic programminglanguage
GOLOG [25]. MDPsarecommonlyusedin decision-theoreticplanningfor modeling
theproblem.GOLOG is basedonthesituationcalculus[26], secondorderlogic which
canbeusedto modelworldswherechangesin theworld areonly dueto actions.Be-
sidestheseprimitive actions, GOLOG offers commonprogrammingconstructssuch
asconditionals,loopsandprocedures.Using the underlyingsituationcalculus,pro-
jecting sequencesof actionscanbe donevery naturallywhich is the main bene�t of
GOLOG.

The ideaby which DTGOLOG integratesplanninginto programmingis that the
usercan leave certaindecisionsin his programup to the agent. At any point in the
programthe usermay decidethat insteadof determiningwhat to do, to enumeratea
coupleof alternativesandlet the agentpick the bestone. This canbe very useful in
caseswhenthedesignerhasa goodideaof thestructureof theproblembut not of an
explicit solution. The structureof the problemis de�ned via modelsof the agent's
actionsplus somesort of reward to assesssituations. The agentis thenencouraged
to �nd ways to reachsituationswith high reward. Seenfrom the point of view of
programming,DTGOLOG introducesnon-determinismwith an implicit optimization
semantics.Fromtheperspectiveof planning,on theotherhand,it enablesthedesigner

1Problemsin designingmodelsarisefor examplefrom thequali�cation- andthe frameproblemwhich
wewill discussin Section3 andSection4.1,respectively.
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to restrainthe setof possibleplansandtherebydecreasethe time neededto �nd out
which is thebest.

However, DTGOLOG hassomeshortcomingswhichseverelylimit its usefor realis-
tic applications.Theonly implementedexamplereportedin [5] wasverysimplein the
way thattheuseof non-determinismwaskeptto a minimum. In largerplanningprob-
lemsthe performanceof DTGOLOG in solving the modeledMDP is poor compared
to state-of-the-artalgorithmsof MDP literature,whichthemselvesarecomputationally
expensive. Anotherdisadvantageis thatDTGOLOG is anoff-line interpreter. Programs
have to beinterpretedto theendbeforeany actioncanbeperformedin therealworld.
Also sensingactions,actionsqueryingsensorhardwareandreportingthe results,are
not supported.

Fortunately, someof thesedisadvantageshave alreadybeendiscussedin the liter-
ature. One ideaof speedingup planningin MDPs is to introduceso calledoptions
asdiscussesfor examplein [38, 21]. The ideais to increasetheplanninggranularity
by performingtheplanningnot over primitive actionsbut over morecomplex actions.
Thesecomplex actions,denotedoptions,arecreatedusingprimitiveactionsandhaving
themodelsof theseprimitive actions,modelsaboutthenew optionscanbegenerated.
Reducingthe planninggranularityby planningover optionsdecreasesthe necessary
horizonandmay, dependingon the problemand the implementedoption, alsohelp
reducethe branchingfactorof the searchtree. This way even exponentialspeed-ups
arepossible.

On the otherhand,variouson-line extensionsof GOLOG have beendeveloped
andsuccessfullytested[12, 18, 22]. Thesebaseon an incrementalinterpretationof
programs,performingbasicactionsimmediatelywhen interpreted. Also sensingis
supported.In particular, we will baseour considerationsandalsotheimplementations
on ICPGOLOG [22], whichalsoincludessomeotherusefulextensionsof GOLOG.

1.2 Goals and Contribution

The goal of this work it to tackle the disadvantagesof DTGOLOG so that it canbe
appliedto realisticandhighly dynamicdomains.Therefore,a new languageis devel-
opedandaninterpreteris implementedin ECLiPSeProlog[10] andevaluatedin three
exampledomains.

1.2.1 Extending DTGolog with Options

As a�rst step,theideaof optionsis introducedinto DTGOLOG [16]. Theuseris ableto
de�ne so-calledlocalMDPsto describesub-problems.TheseMDPsarein turnsolved
producinga policy for the sub-problem. Suchpolicies are called options. Further,
for eachsuchoption a modelis createdwhich describesthe effectsof following this
policy dependingon the currentsituation. This enablesthe userto useoptionsjust
like primitive actions.In particular, it is possibleto, in turn, useoptionsin describing
othersub-problemsvia anotherlocal MDP. Thus,it is possibleto createhierarchiesof
options,abstractingfrom theoriginal �ne-grainedproblemfurtherandfurther.

In theMDP literaturetherearedifferentsuggestionshow optionscanalleviatethe
globaltask.All thesehavein commonthatanew MDP is de�nedanddiffer only onthe
thereinusedsetof statesandactions.But by �xing theMDP in which theoptionsare
used,a certainamountof �e xibility is lost. Yet, in our system,dueto the�e xibility in
combiningprogrammingandplanning,theusercandecidefreely how to useoptions.
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Thisway, knowledgeaboutthestructureof theproblemcanbeappliedto furtherprune
thesearchtree.

1.2.2 Merging extendedDTGolog and icpGolog to ReadyLog

As we pointedout, we are interestedin an on-line interpreter. Oneway of accom-
plishing this, is to extendDTGOLOG to an on-line interpreterlike Soutchanski[37].
However, we insteadaim at extendinganexisting on-lineinterpreterwith thekey fea-
turesof DTGOLOG. We chooseICPGOLOG [22] for this. The reasonis simple:
ICPGOLOG alreadycomprisesmany usefulfeaturesthathave beendevelopedto en-
hanceGOLOG. Thesearemainly thefollowing: concurrency [13], continuouschange
[19], probabilisticprojectionof plans[20], andtheprogressionof theknowledgebase
[15, 22].

DeGiacomoandLevesque[12] discusstheproblemsof largeagentprogramscon-
tainingbothnondeterminismandsensing.They arguewhy anon-lineexecutionstyle
seemstheonly reasonableway of dealingwith suchprograms.In this executionstyle
actionsget executedin the real world beforeadvancingin the interpretationof the
program. Thenit is possibleto reactto the resultsof sensingactions. To still allow
nondeterminism,which requiressomekind of projectionto make a reasonabledeci-
sionbetweenthealternatives,they introducedanoff-line searchoperator� which can
do just that. If appliedto a programtheoperatorsearchesfor anexecutiontraceto a
successfulterminationof it. Althoughwe arenot simply interestedin �nding any way
of terminatingthe programbut �nding the bestone,the context staysthe same:po-
tentially largeprogramscontainingbothnondeterminismandsensing.Thus,we want
to go the sameway of supportingnondeterminismin our programs,though,with a
differentsemanticsof �nding thebestchoice.Hence,we will introducenew operators
similar to � .

As a sidecondition,we want our interpreterto be fastenoughto even in highly
dynamicdomainsallow theuseof nondeterminismin morethanjusta trivial amount.

1.2.3 Evaluation of the interpreter

In the following exampledomainsthe interpreteris evaluated.Theselectionof these
exampledomainsaimsat settingup a broadrangeof differentconditionsandrequire-
mentssetat theinterpreter.

1. Grid worlds
Commonlyconsideredin MDP literaturearethe so calledgrid worlds. These
arediscretenavigationproblems,whereanagentliving in agrid of cellsis prin-
cipally able to move to adjacentgrid cells. Walls betweencells or obstacles
occupying themmay exist to prevent movesbetweenthesecells. A common
taskfor theagentwould thenbeto �nd a shortestway from a certaininitial cell
to somekind of goalcell. Sometimespropertiesareassignedto someof thecells
to makethembehavedifferentlyfrom normalor additionalrewardsandcostsare
assignedto cellsandactions.

Grid worlds have the advantageof beingsimpleenoughso that new ideascan
easilybetested.For instance,theideaof optionswas,to thebestof our knowl-
edge,yetonly appliedto grid world examples.
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2. RoboCupSoccerSimulation
TheROBOCUP soccerserver [27] is asimulationsoftwareto simulatetwo teams
of eleven softwareagentsplaying a soccermatchagainsteachother. A more
detailedintroductionto thesimulatorwill begivenin Chapter2. Thereasonfor
usto choosethisdomainto bein oursetof examplesis becauseof its extremely
high dynamics,it is a continuousworld and most sensorinformationand ac-
tuatoreffectsareuncertain. The taskan agentfacesin this domainis further
complicatedby theadversarialandcooperative componentof having opponents
andteammates.

We want to usethis domainto test the applicability in highly dynamicenvi-
ronments,wheredecisionshave to be taken quickly andthe stateof the world
changesrapidly andoften in anunexpectedway. Real-timedecisionmakingis
needed.

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

This is anexampleof thekind of domainsweareinterestedin afterall: ahighly
dynamicdomainwherephysicalagentsactautonomously.

1.3 Outline of this Thesis

Theoutlineof this thesisis asfollows. In thenext chapterwe will introduceour ex-
ampledomainsin moredetail. In Chapter3 we will give an introductionto Markov
DecisionProcessesandtheconceptof optionsin theliterature.Chapter4 describesthe
situationcalculusand GOLOG. The most relevant GOLOG extensionsarealso in-
troduced.Chapter5 introducesREADYLOG andits componentsin detail. Also, some
implementationalissuesof theinterpreterarediscussed.Chapter6 presentsexperimen-
tal resultswith thenew interpreterin theexampledomains.Wewill show how options
canbeusedto saveexponentiallyin time,andhow thenew interpretercanevenin very
complex domainslike ROBOCUP Simulationandmobile roboticsbe usedto control
agentssuccessfully. Weconcludein Chapter7 andpointoutpossiblefuturework.



Chapter 2

Example Domains

In this chapterwe introduceour exampledomains.They areusedto evaluatethe in-
terpreterunderdifferent conditionsand were choosenas to maximizethe scopeof
possiblerequirementsat theinterpreter. Throughoutthis thesiswewill show examples
in thesedomainsfor illustration.

2.1 Grid Worlds

Grid worldsarevirtual environmentsde�ned by a grid of cellsrepresentinglocations.
In thesedomainsagentsare able to move to adjacentcells as long as theseare not
separatedby a wall andarenot occupied.Figure2.1 shows two examplegrid world.
They arecomposedby different“rooms” whichareconnectedby “doors”.
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(a) (b)

Figure2.1: (a) TheMaze66exampletaken from Hauskrechtet al. [21] togetherwith
thecoordinatesystemweuse.(b)ThemazefrequentlyusedbySuttonetal. [29, 30, 38]

Thesekindsof worldsarecommonlyusedfor examplesin MDP literature.In gen-
eral,thetaskanagentfacesin suchaenvironmentis anavigationproblem,i.e. �nding
thebestway from onespeci�ed initial cell to anotherspeci�ed cell, oftendenotedas

10



CHAPTER 2. EXAMPLE DOMAINS 11

thegoalcell.1 Themaincharacteristicof thisdomainis thatit is discrete.Theenviron-
mentitself usuallydoesnot change,thusdifferentsituationsaredistinguishedby the
positionof theagentin thegrid.

2.2 ROBOCUP Soccer Simulation

TheROBOCUP is aninternationalinitiativeto fostereducationandresearchin theareas
of arti�cial intelligenceandmobilerobotics.By providing astandardizedenvironment
it is possibleto comparedifferentapproachesto the problemsarising. The problem
givenin theROBOCUP domainis thatof playingsoccerin a teamof agentscompeting
againstanotherteam.2 Therearedifferent leaguesfor differentkinds of agents:For
example,in theSony LeggedRobotLeaguethe teamsconsistof four Sony Aibo dog
robotsplaying on a �eld of approximatelytwo times four meters. For our research
we considertheSimulationandtheMid-SizeLeague,which we will describein more
detailin thefollowing. In all leaguestherobotsarecompletelyautonomous,i.e. thereis
in particularnohumaninteractionduringthegamesexceptfor casesof malfunctioning
of robots. Annually thereis a world cup andseveral regional tournamentswherethe
researchgroupsmeetto testandevaluatetheir approachesagainsteachother.

In the simulationleaguethe teamsconsistof eleven softwareagentsplaying in a
simulatedenvironment,calledthesoccerserver[27]. A matchlaststwo times� vemin-
utes.Therulesaremainly thesameasin humansoccer, taken from theof�cial FIFA
rules,with off-sides,throw-ins, cornerkicks andso on. Additional rulesregulateall
otheraspectsof thesimulationnotpresentin humansoccer. In particular, althoughsev-
eralsoftwareagentsmayrun on thesamemachine,it is forbiddento useinter-process
communication.Via thesoccerserver theagentscanbroadcast(shout)shortmessages
which canbe heardby surroundingplayers. But this way of communicatingis very
limited: In particular, it is not possibleto let oneagentcreateanentireteamstrategy
andcommandall otherplayersaccordingly. As aconsequenceeachplayerhasto make
hisown decisionwithoutusuallyknowing abouttheintentionsof his teammates.

2.2.1 SoccerServer

Thesoccerserver simulatesa pitch of 105times68 meters.Theplayerspositionsare
representedastriples(x; y; � ) with x andy beingthepositionson the�eld with a pre-
cisionof 0.1meters,i.e. the�eld is discretizedatstepsof 10cm,and� theagentsangle
with precision0.1 degree. Similarly the ball positioncomprisesx andy. Assigned
with eachobject is further a velocity vectordenotingthe speedin x andy direction.
The server doesnot broadcastany position informationsto the agentprograms. In-
stead,only thevisual informationeachagentis ableto perceive (see)from its current
positionis provided. Thus,theagentknows of therelative positionsof otherplayers,
goalpostsandsomeadditionalmarkerswhich areplacedaroundthe �eld. Usingthis,
the agentcanapproximateits own position. The agentcanonly seeobjectswithin a
certainconein front andup to acertaindistance.To look into anotherdirectionhecan
turnhisentirebodyand/orhisneckup to 90degreesleft or right from hiscurrentbody

1In Chapter3, whenintroducingMDPsmorein detail,we will seethatthebestway not necessarilyhas
to betheshortestway.

2In fact,theROBOCUP initiativenow alsoincludesthesocalledROBOCUP RESCUE wherethetaskis to
conductrescuemissionsin somekind of catastrophescenario.Sincesofar we areonly concernedwith the
soccerleagueswewill not furtherdescribetheotherleagues.
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angle.Figure2.2 shows anexamplescreenshotof thesoccermonitor, which is used
to constantlyview thecurrentsituationof thesoccerserver, i.e. watchthegame.

Figure2.2: Screenshotof thesoccermonitor. In theexampleour team(AllemaniACs)
playsagainanolderversionof the2003world championUvA-Trilearn

Ignoringtheneckanglesandvelocitiesthereare(680�1050�3600)22 � 680�1050�
7:5 � 10212 different situations. This is the numberof possible(x; y; � )-positionsa
playercanbeat (680� 1050� 3600), to thepower of thenumberof players(22), times
thenumberof possiblepositionsfor theball (680� 1050). Sincethis is way to big to
take asa statespacefor methodsrequiringa �nite searchspace,like many planning
algorithmsdo. But, becauseof thehigh precisionof thepositions,thedomaincanbe
treatedascontinuous.

During play an agentcanperformthe following baseactions3, which amountsto
sendingthesoccerserveramessagestatinghiswish to performsuchanaction:

� (dash Power) – acceleratein forward(Power > 0) or backward(Power <
0) directionwith acertainpower

� (turn Moment) – turnby acertainmoment

� (kick Power Direction) – kick the ball into a certaindirectionwith a
certainpower (thisactiononly affectstheball if it is in reach)

� (turn neck Angle) – look into adirectionrelative to thebody

� (say Message) – shouta message;notethat the messagesize is currently
restrictedto 10bytes

The effectsof the �rst threeactionsarenondeterministic.In all casesnoiseis added
to the parametersin form of a randomnumberuniformly distributed over a certain
range,whichcanbecon�guredin thesoccerserverparameters�les. Thesoccerserver
simulatesthemovementof objectsaccordingto theirvelocitiesat timesteps(cycles) of

3weareleaving outsomelessimportantcommandssincethey areirrelevantto ourconsiderations
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currently100ms.Also thismovementunderliesuncertainty:for instance,in asituation
at time t wherethe ball is at position(xt; yt) andmoveswith velocity (vxt ; vyt ), the
positionat thenext timestept ′ will be(xt′ ; yt′ ) = (xt; yt) + (vxt ; vyt ) + ( r; r ) with r
beingarandomnumberwhosedistributionis uniformoverarangearound0 depending
onthecurrentvelocity. Thisnoiseconstitutestheuncertainy of thesystemin theeffects
of actionsandthefuturepositionsof moving objects.

Sinceimmediatelyusingthe commandsetof the soccerserver to control the players
is tedious,it is commonto createandusea basesystemwhich,basedon theprimitive
server actions,offersmorecomplex actions(oftencalledskills, abilitiesor behaviors).
Someof theresearchgroupsparticipatingin thesimulationleaguehavepublishedtheir
basesystemsto helpnew teamsin theleaguegettingstarted([9, 40]). For ourwork we
have chosento usethebasesystemreleased2002by UvA Trilearn[40, 11], who won
theWorld CupatPadua(Italy) in 2003.

2.2.2 UvA Trilear n

The UvA Trilearn basesystemoffers a world model,a setof hierarchicalskills and
implementsthecommunicationwith thesoccerserver. In addition,if a playerseesthe
ball, it immediatelycommunicatesits positionto all teammates.

World Model

Theworld modelcomprisesa largeamountof dataaboutthecurrentandpartiallyalso
on the last situation. In particular, the positionandvelocity of the agenthimself and
of all otherplayersandtheball areprovided. Usually theplayerwill not seeall other
playersand the ball. He then remembersthe last known positionsandvelocitiesto
estimatethepositionsof theseobjects.Thesocalledcon�dencevaluefor this object
is then decreasedto expressthe uncertaintywhetherthe object still remainsat this
position/trajectory.

Apart from suchworld information,theworld modelalsooffersanumberof func-
tionsto calculatedifferentkindsof informationbasedon theavailabledata.For exam-
ple, theclosestopponentto theown playercanbecalculatedor theexpectedposition
of theball afteracertainnumberof cyclesin thefuturecanbeestimated.

Skills

The skills in the basesystemare divided into threelevels of abstraction:low-level
skills, intermediatelevel skills andhigh-level skills. Theskills of eachlevel arebased
onskills of any lower lever andtheprimitive soccerserver actions.Also datafrom the
world modelis used.

Thelow-level skills work onprimitiveactions.Examplesare

� dashToPoint(pos) – performsa (dash Power) suchthattheagentgets
ascloseaspossibleto thepositionpos ,

� turnBodyToPoint(pos) – performsa (turn Moment) such that the
playerafterwardsfacespositionpos ,

� freezeBall – performsa (kick Power Direction) suchthat theball
(if reachable)stopsimmediately. This is basicallydoneby kicking in theinverse
directionof thecurrentball movement.
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Intermediateskills aremorecomplex asthey often involve differentkinds of ac-
tionsandlastmorethanonecycle. Thedurationof skills however is not implemented
explicitly, instead,sucha skill hasto be calledover variouscycles to reachits aim.
The taskof theskill, thus,is to recognizewhat to do next in orderto reachits global
aim andthento performthe correspondingaction. This is repeatedlydonebasedon
thecurrentworld modelonly, i.e. ignoringall previousactions.For exampletheinter-
mediateskill moveToPos(posTo, angWhenToTurn) performsthestepsto take
the playerto a positionposTo . To do so, in eachcycle it �rst determinesthe angle
betweenthebodyorientationandthedirectionto the target. Then,if theangleis ab-
solutelylessthenangWhenToTurn , it performsa dashToPoint(posTo) or else
callsturnBodyToPoint(posTo) .

Evenmorecomplex arethehigh-level skills. Herearesomeexamples:

� intercept – interceptthe(moving) ball,

� dribble(angle) – move with theball into acertaindirection,

� directPass(pos) – passtheball towardsacertainposition.

It is possibleto specifytheagentbehavior by only usingthehigh-level skills together
with informationfrom theworld model.

2.3 Mobile Robotics

In thedomainof mobileroboticsweconsidermobilecognitiveautonomousrobots,that
is robotsthatcanfreelychangeplacesin theirenvironment(mobile),usesensorsto per-
ceive informationfrom theworld (cognitive)andreactaccordinglywithout immediate
humaninteraction(autonomous).In thisdomainweagain focuson ROBOCUP.

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 currentrulesprescribecoloring onegoal yellow and the otherone
blue. Polesat the cornersof the �eld have similar color codingsto make themeasy
to distinguishfor vision systems.Somechangesfrom thecommonsensesoccerrules
shouldbementioned:throw-ins andcorner-kicks do not exist in their commonform,
instead,whenthe ball movesout of bounds,the refereesimply placesthe ball back
onto the touch line. In particular, the teamwho forced the ball out of boundsmay
immediatelytake possessionof the ball again. Charging, pushingopponentrobots
intentionally, is disallowed. This is especiallyreasonableasweightandpower of the
robotsdiffer immensely. Strongerrobotscouldotherwisesimplypushopponentsaway.
Manual interferenceon the �eld and directly controlling robotsremotely is strictly
forbidden. In caseof malfunctioning,robotsmaybe takenout for repairsandbeput
backinto playafterat least30secondshave passed.

Differentfrom the simulationleaguein the mid-sizeleaguethe robotsmay com-
municatefreely usingwirelessLAN or similar wirelesscommunications.Also theset
of allowedsensorsis not strictly speci�ed.Only satellitebasedlocalization(GPS)and
changingtheenvironment,for exampleby settingupactiveradiotransmittersatcertain
pointsaroundthe�eld, is disallowed.
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Figure2.3: Settingupfor kick-off: ourAllemaniACsmid-sizeteam(in front) vs. CoPS
Stuttgart

2.3.2 Ar chitecture

Both hardwareandsoftwareof therobotswith which we areparticipatingin themid-
sizeleaguehave beendevelopedatRWTH Aachen(Universityof Aachen).

Hardware

Thehardware([41]) hasbeendevelopedby theChairfor TechnicalComputerScience
([36]). The aim was to have robotsboth competitive in ROBOCUP and usablefor
serviceroboticsapplicationsin of�ce environments.Fiverobotswereproduced,oneas
substituteandoneespeciallydesignedasa goalkeeper. They areof size39cm� 39cm
with heightof approximately55cm.Two modularPentiumIII PCsat933MHz running
Linux areon-board,theneededpower is suppliedby two lead-gelaccumulators.These
PCsareaccessibleby WLAN communicationusingthe IEEE 802.11bstandardat a
maximalspeedof 11Mbit/s. At thefront sideof therobots,someadditionalplatesare
mountedto improve controllingtheball while travelingwith it.

The robotsusethe wheelsand motorsof an electronicwheel chair for moving
(high-speedis 3m/s). A shootingmechanismat the front side can acceleratea ball
which is not morethenapproximately5cm away to a speedof about2m/s. Also the
following sensorsareavailable:

� The odometryof the motorsgiving a goodapproximationof the distanceeach
wheelmoves,

� a360◦ laserrange�nder whichcanrunascanresolutionof 0.75◦ ata20Hzfre-
quency, providing thedistancesto any objectsat height28cmabove theground
(= mountingheightof thelaser),and

� acamera onapan-tilt unit.
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Software

Our softwareconsistsof variousmodules.On onecomputerthesecommunicatevia
a communicationsystemusingsharedmemorywhich we call blackboard. Via UDP
communication,individual modulescanremotelyaccessa blackboardon a different
computer. In thismannerit is alsopossibleto synchronizedifferentblackboards.

Thefollowing modulesarerunningoneachrobotduringplay:

Collisionavoidance:takes coordinatesrelative to the robot, calculatesthe shortest
collision-freetrajectoryto thattarget,andsendsadequatecommandsto themo-
tor to move alongthispath;

Localization: usesthe distancemeasuresof the laserscannerto estimatethe current
locationof therobotonagivenmapof theenvironment;

Objecttracking: from thedistancemeasuresanda maptherobot�nds objectsthatdo
not occurin themapandreportsthemasdynamicobjects– this way we sense
thepositionof opponentrobotson the�eld;

Computervision: from the imagesof thecamerait tries to extract theball anddeter-
mine its relative position– this modulerunsaloneon oneof the two on-board
computersconnectingremotelyto theotherwhereall othermodulesarerunning;

Skill module: offerscomplex skills which form thesetof actionsbeingperformedby
thehigh-level controllerlikegoingto acertainpositionor performingakick;

High-level control: this is where our interpreteris usedto specify what the robot
shoulddowith regardto theactionsavailablefrom theskill module.

On a control computeroutsideof the �eld certaindataof eachrobot is collected
andprocessed:Eachrobot reportsits belief aboutits own positionandwhetherand
whereit seestheball. Thedifferentbelievesabouttheball positionarethenfusedinto
oneglobalpositionestimate.This andthereportedpositionsarethenbroadcastto all
robots.Thus,evenif a robotcannotseetheball for itself, it knowswhereit is expected
aslong assometeammatehasspottedit. Furthermore,via the control computerwe
cancommunicatechangesof so-calledplay modes(e.g. goals,gamerestarts,kick-
offs..) to therobotswhich they arenot ableto noticethemselves. This computeralso
allows usto watchandrecordthetransmitteddata.Theherebygeneratedlog-�les can
bereplayedafter thematchto analyzethegameitself andhow therobotsbehaved in
certainsituations.Thiswill bediscussedin Chapter6 in greaterdetail.



Chapter 3

Markov Decision Processes and
Options

In realisticsettingsanagentalmostnever hascompleteknowledgeaboutits environ-
ment.Thus,it hasto actunderuncertainty. This uncertaintycan,for example,consist
of not knowing which statetheagentis in exactly or what theeffectsof performinga
certainactionwill be.Underthesecircumstancesit is notpossibleto guaranteethatan
agentwill reachits goalwith a certainplan. Sequentialplans– a sequenceof actions
to take – arelikely to fail. Insteadconditionalplansaremorepromising.This kind of
plansincludeconditionalsto reacton-lineto theactualstateof theworld: Duringplan
execution,certainpreviously unknown detailsaboutthe world aresensedandbased
on thesensingresulta certainsub-planis taken. For exampleconsidertheproblemof
goingby car to a far city X, but you do not know how muchgasyou have left. Then
a conditionalplanlike “�r st check your gas,then,if it is enough,just drive to X, else,
drive to a gasstation,thenrefuel,thendrive to X” would seemappropriate.However,
sucha planwill not guaranteesuccessin general,but only if certainassumptionsare
met,suchas:thegasstationhasnotrunoutof gas,my carhasnotbeenstolen,theroad
to city X hasnot beendestroyed by an earthquake... This is calledthe quali�cation
problemarisingfrom theimpossibilityof statingall thepreconditionsunderwhich an
actionwill have its expectedeffect in therealworld. However, suchdisquali�cations
shouldbe assumedaway as even trying to accountfor all of them would make the
problemintractable.Imaginefor thegiventasktheagentwould try to comeup with a
conditionalplanlike thefollowing:

1 if ( my car has been stolen )
2 then buy a new one, check the gas ,
3 if (enough gas )
4 then if (road to X has been destroyed )
5 then search new road to X, goto X,
6 else goto X,
7 else if (gas station has run out of gas )
8 then search gas station with gas ,
9 refuel , goto X,

10 else refuel , goto X,
11 ...

17
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Obviously, thiswouldbecomplicatingthingsmorethannecessary. However, theagent
shouldbeawareof this problemandbe readyto re-planin caseof surprisingevents.
Wewill discussthis issuein greaterdetail in Section5.1.

3.1 Markov Decision Processes

Many of theproblemsof planningunderuncertaintycanbemodeledasMarkov Deci-
sionProcesses(MDPs)[31] which alsohave becomethestandardmodelfor decision-
theoreticplanning.We formally de�ne anMDP asa tupleM = hA; S; Tr ; Ri , with:

A : asetof actions

S : asetof states(oftencalledstatespace)

Tr : S � A � S ! [0; 1] a transitionfunction

R : S � A ! IR a reward function

In the following we will describetheseelementsin more detail and explain certain
assumptionswemakeaboutthemtogetherwith their consequences.

3.1.1 Actions, Statesand Transitions

A statecanbede�nedasacompactdescriptionof theworld atacertaintime-point.We
assumethatstatescompriseall relevantinformationabouttheworld theagentneedsfor
decision-making.Theworld is assumedto evolve in stages, which canbeunderstood
astimepoints.Thetransitionfunctionde�nesconnectionsbetweenthestatesof subse-
quentstages:for a states1 thetransitionfunctionTr (s1; a; s2) de�nes theprobability
that thesystemchangesto states2 afterexecutinga givenactiona. Thus,for a stage
t from thesetof stagesT it de�nes theprobabilityPr (St+1 = s2jSt = s1; At = a)
whereSt is thestateat staget, St+1 thestateat staget + 1 andA t theactiontaken
at staget. This impliestheMarkov assumptionthatthenext stateonly dependson the
currentstateandtheperformedaction. In particular, thehistoryof statesandactions
areirrelevant for predictingthenext state.Note,however, that informationof earlier
statesmaybeincludedin thecurrentstate.

We take over the term stage usedby [6] to denotethe stepsin which the system
evolves. The transitionof a staget to a staget + 1 is markedby aneventsuchasan
actiontakenby theagent(seeSection3.1.2).As wewill notconsidereventsthatdonot
affect the state,we canequatestagetransitionswith statetransitions.Assumingthat
no suchevent terminatesinstantaneously, stagescanbe thoughtof asdifferent time
points.Wemaketheassumptionthatthestagedoesnot in�uence statetransitions.The
modelis thencalledstationary. SuchanMDP canbedepictedasadirectedgraphlike
in Figure3.1.

Likewise,it is possibleto representthetransitionfunctionTr asa setof transition
matricesTr ai , onefor eachactionai 2 A. The entriesof the matrix for actionak
would thenbepak

ij = Tr (si; ak; sj).
We assumethat not all actionsareexecutableat every state,but still we do not

distinguishover stages.Then,for eachstates 2 S we get thefeasiblesetAs � A of
actionsexecutablein thatstate.This is in analogyto actionpreconditionsin otherAI
planningapproaches.In ourexampleMDP of Figure3.1therearefour states(s1; ::; s4)
andtwo differentactions(a;b). In all statesbothactionsareexecutable,exceptstate
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Figure3.1: A simpleexampleof a (stationary)MDP depictedasa graph.Thearrows
arelabeledby actionsandtheprobabilityfor thetransitionto happenif performingthis
action.

s4 which got As4 = f ag asits feasibleset. Therow for s4 in thetransitionmatrix of
actionbthenonly contains0:0's in contrastto rowsof actionsin thefeasiblesetwhich
alwayssumup to 1:0.

States4 is alsospecialin thesensethatit is anabsorbingstatesayingthatonceyou
enteredthisstatethereis nowayof leaving. More technicallyspeakingTr (s4; x; s) =
0:08x 2 As4 ; s 6= s4. A subsetC � S which enjoys this property, that is, C hasno
transitionsleadingoutof it with probabilitygreater0:0, is calledclosedset. It is called
proper closedsetor recurrent classif thereis no propersubsetof C which again is
closed.Thus,in our examplethesetC = f s2; s3; s4g is a closedset,but not a proper
closedset,sinces4 asanabsorbingstateformsa specialcaseof closedset.Statesthat
donotbelongto any properclosedsetarecalledtransient.

We areonly interestedin so calledfully observableMDPs. In a fully observable
MDP theagentalwaysknows which stateit is in. In particular, thereis no uncertainty
abouthis initial situation.In partially observableMDPs(POMDPs)theagentdoesnot
know the exact systemstate,but at eachstagehasa probability distribution over the
statespace.AlthoughPOMDPsaremoregeneralandevenseemmoreappropriatefor
someof our domains,they are left out of considerationhereasthey would increase
complexity andthuscomputationalcostsevenmore.

In the literaturealmostexclusively �nite stateandactionsetsareconsideredand
themostpopularandwell investigatedmethodsfor solvingMDPs(valueiterationand
policy iteration)requirethis property. Neverthelesswe will alsoseeanalgorithmthat,
undercertaincircumstances,solves an MDP without this requirement(cf. Section
4.2.2).

3.1.2 Events

We think of an eventaseitheran action taken by the agentor any exogenousevent
changingthesystemstateandwhoseoccurrenceis not underthecontrolof theagent.
However, the probability of occurrencedependingon the statemight be known. An
examplecouldbeanactiontakenby anotheragentor a naturalprocess,suchasa vase
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which,afterfalling from acupboard,breaksasit hits the�oor . Althoughnotcontrolled
by theagent,eventsof thiskind have to betakeninto accountfor decisionmaking.

In realworld domainsand,above all, multi-agentsystemslike ROBOCUP, exoge-
nouseventsplay an importantrole. Understandinghow eventscanbemodeledin the
MDP context will help us in later sectionsto explain the reasonswhy uncertaintyis
modeledin a specialform (cf. Section5.1.1). We, therefore,discussthat topic rela-
tively detailedhere.

If a robotpusheda vasefrom thecupboardandthis vasebreakson the �oor , this
couldbeseenasaneffectof therobot'spushingaction.Thus,theeffect is composedof
theimmediateeffect of pushingthevasefrom thecupboardandthesubsequentevents
of falling andbreaking.Suchanactionmodelis calledanimplicit eventmodel, asthe
subsequenteventsareimplicitly modeledin therobot'spushaction.A possibledecom-
positionof this processcould for exampleresult in a robot pushaction,an event of
falling takingplacein thesituationafterpushing,andaneventdescribingtheeventual
breakingat themomentthefalling vasehits theground.If theeffectsof anactionare
seenin this fashion,wespeakof anexplicit eventmodel.

Although the explicit modelseemsto be morenaturalandis in generalmorein-
tuitive to generate,for decisionmakingthe implicit model is needed.The reasonis
obvious: if a chosenactionbesidesits intendedeffect also triggersanotherevent or
makesit morelikely, the impactthis eventhason thesuccesscriteriahasto be taken
into accountin thedecision.Yet it is not generallyeasyto determinethetransitionfor
anactionandanumberof events,sincetheir interactioncanberathercomplex. Theor-
derof temporaloccurrenceof actionandeventscanin�uence theoutcome:Imaginea
mail delivery robothaving anumberof deterministicactions,oneof which is checking
theinbox for new mail. New mail mayarriveateverystagewith probability0.1.Then
theexplicit eventof mail arrival canbecombinedwith theeffectsof theotheractionsto
obtainanimplicit eventmodel.Thus,eachactionnow hastwo possibleoutcomes:the
original effect with probability0.9 andtheconjunctionof theoriginal effect together
with new mail with probability0.1. For any actionnotaffectingthestatusof theinbox
this is no problem. But considerthe check-inboxaction,which checksthe inbox for
new mail andif thereis sometakesit out for delivery. Heretheway of combiningthe
new mail eventandtheactionis crucialfor theoutcome:if �rst theeventhappensand
thentheaction,therobotwouldhavemail andtheinboxwouldbeempty. Ontheother
hand,if theactiontakesplacebeforetheevent,themail would remainin theinbox.

Evenworseis thecasewhereeventscanhappensimultaneously. Thentheoutcome
maynotevenbeasequenceof theindividualeffects.1 Thisproblemis especiallylikely
to occurin multi-agentsystemswith continuoustimeandwhereactionshaveaduration
insteadof terminatinginstantaneously.

Onemethodto combineexplicit eventsandactionsis thefollowing: For eachevent
andactionwe specify transitionprobabilitiesfor whenthey occur in isolation. This
canberepresentedasa transitionmatrix asabove. We do allow thataneventdoesnot
changethe statewith someprobability. If that is 1:0, we canthink of it asthe event
not beingpossiblein that state.Similarly, if this probability is, e.g. 0:7, we saythat
theevent in this stateonly occurswith probability0:3. In additionto thesetransition
probabilitiesa combinationfunction is required. As pointedout, this can get very
complex or in the caseof real simultaneouseventseven unrelatedto the individual
effects. Herewe adoptan interleaving semanticsfor eventsandaction (compareto
[13]). Furtherwe assumethat eventsarecommutative, that is, for every two events

1For anexamplesee[6].
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ei; ej andeverystates applyingei to s andthenej hasthesameeffectas�rst applying
ej andthenei. The implicit transitionprobabilitiescanthensimply becalculatedby
the multiplication of the independenttransitionmatricesTr ei andTr ′a of the events
andtheactiona, i.e. Tr a = Tr e1 � : : : � Tr en � Tr ′a.

3.1.3 Costs,Reward and Value

The user's preferencesarede�ned by the reward function R : S � A ! IR which
de�nes the desirability of executinga certainaction in a certainstateimplying any
possiblereward for simply beingat this state.To betterunderstandthis functionand
to alleviate its de�nition we separateit into two functions,a new rewardfunctionR :
S ! IR anda costfunctionC : S � A ! IR. Thenew rewardfunctionis understood
to expressthedesirabilityof beingin acertainstate,whereasC assigns(punitive)costs
to actionsdependingon thestatewherethey areexecuted.2 Thentheoriginal reward
functionis simplyR(s;a) = R(s) � C(s;a).3

For decisionmakingtheagentis interestedin theoverall quality of a sequenceof
actions,therebypassingby certainstates.Wede�ne thesystemhistoryatstaget asthe
sequence:

hhS0; A0i ; : : : ; hSt−1; At−1i ; Sti 4

anddenotethesetof all systemhistoriesby HS . Thenwe cande�ne a valuefunction
V : HS ! IR to evaluatesystemhistories.Commonlyin MDP literaturevaluefunc-
tionsarede�ned asthesumof all rewardsandcostsalongtheway asde�ned by the
correspondingfunctions.Sucha valuefunction is calledtime-separableandadditive,
asit is a combinationof thevaluesaccruedat eachstage/time-point(time-separable)
andthis combinationis a simpleaddition(additive). Thenthevalueof a historyh of
lengthT is de�ned as([4]):

V (h) =
T−1X

t=0

[R(st) � C(st; at)] + R(sT ):

This is an evaluationfor a courseof actionover T stages.T is calledthe horizonof
theproblem.We distinguish�nite-horizon problems, whereT is a naturalnumberless
thenin�nity , andin�nite-horizon problems, with T = 1 . In in�nite-horizon problems
thevalueasde�ned above couldbeunbound,sayingthata policy, if executedfor long
enough,canbe in�nitely goodor bad. Sincesucha valuefunction doesnot seemto
beof muchuseandassumingthatwe preferearlierrewardsto later, it makessenseto
introducea discountfactor 0 � 
 < 1 which is multiplied to rewards(andcosts)of
later stages.Thenthe valuefor suchan expectedtotal discountedreward problemis
de�ned as([4, 1]):

V (h) =
∞X

t=0


 t[R(st) � C(st; at)]

ensuringaboundvalue.
In addition to �nite- and in�nite-horizon problemsthereareso called inde�nite-

horizonproblems. Theseareproblemsthatterminateaftera�nite numberof stages,but

2ThefunctionC is understoodto assignonly actionrelatedcosts.
3Note that both R andC canbe negative in which casetheir meaningis somewhat inverted(negative

rewardsarepunitive,negativecostsarebene�cial).
4Sincewearedealingwith fully observableMDPswecanleaveobservationsoutof consideration
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differentfrom �nite-horizon problemsthis numberis not known in advance. Instead
of simply breakingexecutionafter a certainnumberof stages,in inde�nite-horizon
problemscertainstatesare terminal (having an empty feasibleset), preventing any
furtheractionand,thus,any rewardgain or costaccumulation.It is requiredthatone
of theseabsorbingstatesis eventuallyreachedwith certaintyfrom any statein thestate
space.This impliesthattheremustnot beany properclosedset(recurrentclass)apart
from the absorbingstates. Inde�nite-horizon problemsare commonin classicalAI
planningwhereonly acertaingoalis to bereached.

3.1.4 Policiesand ExpectedValue

Thedecisionproblemtheagentis facingis thatof �nding anoptimalplan,that is one
that maximizesthe overall value. Sucha plan at eachstagecan be conditionedon
thesystemhistoryuntil then. To capturethe intentionbehindsucha planwe de�ne a
policy � to bea mappingfrom thesetof all systemhistoriesto actions,i.e. � : H S !
A. Intuitively, a policy � tells theagentfor eachpossiblesystemhistorywhat to do.
Following a policy makescertainsystemhistoriesmorelikely thanothers.Hence,it
inducesa probability distribution over systemhistories,Pr (hj� ). Thenthe expected
valueof a policy � is de�ned as:

E(� ) =
X

h∈HS

V(h)Pr (hj� ):

Theexpectedvalueof apolicy canbeusedasacriterionto basethedecisionon: choose
thepolicy thatmaximizestheexpectedvalue.

Thesetof systemhistoriesis in�nite (aslongaswedonotseta limit on thelength
of thehistories)which may leadto complex policies. Luckily, undertheassumptions
of full observability anda time-separablevaluefunction, the optimal actiondepends
only on the currentstateandthe stage.Consequently, policiescanbe representedin
themuchsimplerform � : S � T ! A, thatis, assigningeachstate-stagecombination
anactionto executein thatcase.Suchapolicy is alsocalledMarkov policy. Figure3.2
illustrateshow intuitive sucha policy canberepresented,whenadditionallystagesare
ignored.

G

Figure3.2: Thearrowsform apossiblerepresentationof apolicy for theMaze66where
eachaction(right, left, down, up)hascost1 andatG thereis ahighpositive reward.
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3.1.5 Solution Methods

SolvinganMDP is understoodto betheproblemof �nding a policy � thatmaximizes
theexpectedvalue. Let a fully-observableMDP with a time-separable,additive value
function be given, i.e. a statespaceS, an actionspaceA, a transitionfunction Tr ,
and a cost and a reward function C and R. Then, for a �nite-horizon T and t the
numberof stagesto go, we de�ne thevaluefunctionV π

t for policy � asfollows: set
Vπ

0 (s) = R(s) for all s 2 S andthen:

Vπ
t (s) = R(s) � C(s; � (s; t)) +

X

s′∈S
[Tr (s; � (s; t); s′)Vπ

t−1(s′)] (3.1)

Recall that � mapsstate-stagecombinationsto actionsand thus � (s; t) denotesan
action.We cannow de�ne anoptimalpolicy: A policy � is calledoptimalfor horizon
T if andonly if V π

T (s) � V π′
T (s) for all policies� ′ andall statess 2 S. The value

functionof suchanoptimalpolicy � is calledtheoptimalvaluefunction.

The mostcommonalgorithmsfor solving MDPs of that kind arevalue iteration
and policy iteration. Both are dynamicprogrammingapproaches[4] exploiting the
following propertyof theoptimalvaluefunction:

V ∗t (s) = R(s) + max
a∈A

f� C(s;a) +
X

s′∈S
[Tr (s;a; s′)V ∗t−1(s′)]g (3.2)

Value Iteration

SettingV ∗0 (s) = R(s); 8s 2 S the value iteration algorithm computesthe optimal
valuefunctionsfor any t > 0 by iteratively applyingEquation(3.2). From that, the
elements� (s; t) of an optimal policy � canbe generatedby taking any maximizing
actiona of theequationfor valueV ∗t (s).

For in�nite-horizon problemsintuitively thestagedoesnot matterfor thedecision
as thereare always in�nitely many stagesremaining. Indeed,Howard [1] showed
that in sucha casethereis always an optimal stationarypolicy, i.e. a policy only
dependingon the state(� : S ! A). Then,with the discountedexpectedvalueas
one's optimizationcriterion,theoptimalvaluefunctionsatis�estherecurrence:

V ∗(s) = R(s) + max
a∈A

f� C(s;a) + 

X

s′∈S
[Tr (s;a; s′)V ∗(s′)]g: (3.3)

To generateanoptimalpolicy in thatcase,onecanuseaslightmodi�cation of (3.2):

Vt+1 (s) = R(s) + max
a∈A

f� C(s;a) + 

X

s′∈S
[Tr (s;a; s′)Vt(s′)]:g (3.4)

For anarbitraryinitial assignmentV0 thefunctionsVt convergefor t ! 1 linearly to
theoptimalvaluefunctionV ∗ (see[31] for aproof).

For inde�nite-horizonproblemsthesameiterationprocedureasfor thein�nite case
canbeapplied.

Policy Iteration

Althoughwe arenot goingto usepolicy iteration,we heredescribeit brie�y for com-
pleteness.While valueiterationaimsatcalculatinganoptimalvaluefunctionandfrom
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thatextractstheoptimalpolicy, thepolicy iteration algorithmdirectly operateson the
policy. Beginningwith anarbitrarypolicy5 � 0 theiterationtakesplacein two steps:

1. Policy evaluation: computethevaluefunctionV πi (s) for all s 2 S

2. Policy improvement: ateachstates 2 S, �nd anactiona∗ asto maximize

Qi+1 (a; s) = R(s) � C(s;a) + 

X

s′∈S
[Tr (s;a; s′)Vπi (s′)]

andset� i+1 (s) = a∗.

Theiterationeventuallyendswhen8s 2 S :� i+1 (s) = � i(s). Thealgorithmconverges
at leastlinearly to anoptimalpolicy. For a furtherdiscussionof policy iterationanda
comparisonto valueiteration,we referto theliterature([31]).

3.2 Options

In arti�cial intelligencetheneedfor hierarchicalplanningandabstractionfrom prim-
itive actionshasbeenrecognized.In classicalAI planningsocalledmacro operators
(or simply macros) have beeninvestigatedto enablereuseof sub-plansandraisethe
level of abstractionfor planning. Macros,classically, are�x ed sequencesof actions
thatareconsideredfor frequentuse.Thatis, if sub-problemsoccurseveraltimesin re-
latedproblems,a macrosolvingthis sub-problemcanbereusedsaving computational
effort. Designingmacrosin a way that they canbeusedjust asprimitive actions,it is
possibleto hierarchicallybuild macrosover macros.

In stochasticsettings,like the one's we areconcernedwith, simplesequencesof
actions(like macros)arenot of muchuseassaidat thebeginningof this chapter. The
term option (sometimesalsomacro-action) is usedto denotea conceptsimilar to a
macrofor stochasticenvironmentsandgeneralizesfrom actionsequencesto policies.
In analogyto ourdiscussionof sequentialandconditionalplans,optionscanbethought
of as conditionalsub-plans,whereasmacrosform sequentialsub-plans.Hence,the
advantagesof conditionalplansoversequentialplansapplyto optionswhencompared
to (sequential)macros.

To getacrosstheintuition behindoptionsweconsidera �rst examplefor anoption
in theMaze66environment.

Example 3.2.1 Figure 3.3showstheMaze66environmentwith numbers assignedto
the rooms. Assumewe are generally interestedin navigationproblemsin this
domain. Thentheagent will frequentlybe locatedin a roomdifferent from the
roomthegoal is in andtheagent'sdecisioncanbeabstractedto decidingonthe
doorbywhich to leavethis room.After this decisionbeingmade, theagentonly
needsto �nd thebest(e.g. shortest)waythroughtheroomto that door. Such a
sub-planformsan option. Thus,wecouldcreatetwo optionsfor Room1: one
option taking theagentout to theright (Room2), oneoption taking it to Room
3. Sinceoptionsare entire policies insteadof only sequentialplans, they are
applicablefromeverypositionin Room1.

In MDPs,optionshave beenconsideredfrom differentperspectives. Suttonet al.
[29, 30, 2, 38] take a reinforcementlearningpoint of view, whereasHauskrechtet al.
[21] continueSutton's investigationfocusingonplanningwith options.

5Notethatpolicy iterationis applicableto in�nite-horizon problemsonly. Hence,apolicy canignorethe
stageand,thus,hasalwayssize|S|.
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Figure3.3: TheMaze66examplewith numbersassignedto therooms.

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

Suttonet al. [38] de�ne an option O over an MDP M = hA; S; Tr ; Ri asa tuple
hI ; � ; � i , with:

� I � S theinitiation set,

� � : S � A ! [0; 1] apolicy, and

� � : S ! [0; 1] a terminationcondition.

The initiation setdeterminesthe stateswherethe option is applicable.The policy �
de�nesfor eachstates adistribution� (s; �) overactions.Onexecution,thenext action
to takeatastaget is chosenaccordingto � (st; �). Themapping� assignsto eachstate
aprobabilitythattheoptionterminatesif this stateis reached.Onenaturalassumption
is thatfor all statess with � (s) < 1:0 thisstateis alsoincludedin I . Consequently, any
states′ outsideof theinitiation set(s′ 2 S� I ) wouldhaveaprobabilityof termination
equal1.0 (� (s′) = 1:0). Hence,it would suf�ce to de�ne thepolicy � over I instead
of overentireS.

Thekey insightof thework by Suttonandhiscolleaguesis thatwith anappropriate
transitionmodelandarewardfor anoption,onecantreattheoptionjust likeaprimitive
action.In particular, it canbeusedin planning.Suttonetal. call themodelsproviding
thisinformationmulti-timemodels. A multi-timemodelconsistsof areward prediction
vectorr anda statepredictionmatrix P. Thevectorr containsthetruncatedexpected
reward for eachstates 2 S, which is the discountedaccumulatedreward alongthe
way whenexecutingthe option. Matrix P canbe seenasa transitionmatrix, stating
for all statestheprobabilitiesof endingin it whentheoption is executedin a certain
state.Note that this predictionis not for onestep,but for a yet unspeci�edduration:
theexecutionof anoptionusuallylastsseveralstages,wheretheexactnumberis not
known in advance. Formally the elementsof thesepredictionsfor an option o are
de�ned as:

r os = E
�

r t+1 + 
 r t+2 + : : : + 
 k−1r t+ k j E(o;s; t)
	

poss′ =
∞X

j=1


 jPr f st+ k = s′; k = j jE(o;s; t)g

wheret + k denotesthe randomtime of terminationof the option,E(o;s; t) denotes
theeventof startingoptiono in states at time t.
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In [30] theoreticalresultsof dynamicprogrammingare extendedfor the useof
options: Let O be a setof options– hereoptionsmay alsobe primitive actions. Os

denotesthesetof optionsavailablein states. Thesetof possiblepoliciesoveroptions,
which aremappingsde�ning the probabilitiesof taking a certainoption in a certain
state,is denoted� O. Thentheauthorsde�ne theoptimalvaluefunction,giventheset
O, as:

V ∗O(s) = sup
π∈� O

Vπ(s); 8s 2 S:

Theauthorsshow the following: Thevaluefunction for any Markov policy � 2 � O
satis�estheBellmanevaluationequations:

Vπ(s) =
X

o∈Os

� (s;o) (r o(s) + P o(s) � V π) ; 8s 2 S;

wherethe policy � (s;o) statesthe probability with which option o is chosenin state
s, r o(s) is theentryfor states in therewardpredictionvectorandP o(s) similarly the
correspondingrow in thestatepredictionmatrix for optiono. V is thevectornotation
for thevaluefunctionV , de�ned by V [i ] = V (si), whereV [i ] denotesthe i-th entry
of the vector. The therebyde�ned systemof equationsthen hasthe vector V π as
its uniquesolution. Further, the valuefunction alsosatis�es the Bellmanoptimality
equations:

V ∗O(s) = max
o∈Os

f r o(s) + P o(s) � V ∗Og; 8s 2 S:

Hereagain V ∗O(s) is theuniquesolution.Also it is shown thatthereexistsat leastone
optimalpolicy � ∗, de�ned asa policy whosevaluefunctionis optimal,i.e. V π∗(s) =
V ∗O(s).

An essentialrole in theproofof theseresultsplaysatheoremabouttherelationship
betweenthemodelof acomposedoptionandthemodelsof its component:

Theorem 3.2.1 (Composition Theorem) Giventwo optionsa and b togetherwith
their modelsr a, Pa andr b, P b, thenfor all statess:

r ab(s) = r a + Pa(s) � r b

Pab(s) = Pa(s)P b

where ab denotesthe composedoption of �r st performingoption a and then
optionb.

Fromtheseresultsit follows thatknown algorithmslike valueiterationareapplicable
for computingvaluefunctionsalsofor agivensetof options.Thisis thekey to planning
with modelsof optionsandformsthetheoreticalbasisfor all our furtherconsiderations
of options.

Theexamplespresentedin [30] considertheuseof optionstogetherwith primitive
actions. They show how this speedsup convergenceof value iteration. Figure 3.4
comparesvalueiterationusingonly primitiveactions(top)andusingoptions(including
primitive actions)(bottom).Here,similar to our previousexample,optionshave been
de�nedfor leaving eachroomthroughacertaindoor. Suchanoptionsis de�nedasI =
“all statesin room X”, � an appropriatepolicy (e.g. like in Figure3.2), � (“hallway
states”) = 1:0 and� (s) = 0:0 for all otherstatess. As optionsin onestepcanprovide
valuesfor an entirerooms,alreadyafter the seconditerationtherehave beenvalues
assignedto all states.Usualvalueiterationover primitive actions,on theotherhand,
hasuntil thenonly reachedstatesatdistancetwo from thegoal.
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Figure3.4: Takenfrom [2]: comparingvalueiterationwith andwithout options.The
sizeof thedotsrepresentthevalueof thecorrespondingstate(if yetany is assigned).

3.2.2 Abstract MDPs (Hauskrechtet al.)

Inspiredby theworkof Suttonandhiscolleagues,Hauskrechtetal. [21] furtherinvesti-
gatedtheuseof options(whichthey call macro-actions)for planning.For solvinglarge
MDPsthey proposeanhierarchicalmodelusinganabstractMDP whichabstractsfrom
theoriginal statespacereducingits sizesigni�cantly. Sinceour own work is closely
relatedto theinvestigationsof thisgroupwewill presenttheirapproachmorein detail.

Hauskrechtet al. de�ne a macro-action simply as a policy for a certainregion
(subsetof the statespace).This policy canthen, intuitively, be executedwithin this
region andterminatesassoonasleaving it. With regardto themoregeneralde�nition
of optionsby Suttonet al., a macro-actioncanbede�ned asanoptionO = hI ; � ; � i ,
where:

� � (s) =
�

0:0; s 2 I
1:0; otherwise

� � : I � A ! f 0; 1g andcanthusberepresentedas� : I ! A.

Theapproachof [21] relieson a region-baseddecompositionof theMDP. This is
basicallya partitioning� = f S1; : : : ; Sng of statespaceS, wherethe Si arecalled
the regionsof the MDP. Furthermore,exit statesandentrancestatesfor a region are
de�ned. Thesetof thesestatesarecalledtheexit periphery(X Per(Si)) andtheen-
tranceperiphery(EPer(Si)), respectively. Intuitively, theexit peripheryof a region
is thesetof thosestatesoutsidetheregion which canbereachedfrom insideby some
actionwith probability greaterzero. Similarly, the entranceperipheryconsistsof all
statesinsidearegionreachablefrom theoutside.Figure3.5showsthesetof peripheral
statesmarkedby graydotsfor a decompositionof theMaze66exampleenvironment
whereeachroomde�nesa region.

Basedon that,therequiredmodelsfor planningcanbede�ned (takenfrom [21] to
ournotation):

Definition 3.2.1 A discountedtransitionmodel Tr i(�; � i; �) for a macro-action � i
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Figure3.5: Theperiphery(setof all peripheralstates)markedby graydotsfor a room-
orienteddecompositionof theMaze66environment– eachroomequalsoneregion.

(de�nedon regionSi) is a mappingTr i : Si � X Per(Si) ! [0; 1] such that

Tr i(s; � i; s′) = Eτ

�

 t−1Pr (sτ = s′js0 = s; � i)

�
;

=
∞X

t=1


 t−1Pr (� = t; st = s′js0 = s; � i)

where � denotesthe time of terminationof � i. A discountedreward model
Ri(�; � i) for � i is a mappingRi : Si ! IR such that

Ri(s; � i) = Eτ

(
τX

t=0


 tR(sτ ; � i(st)) s0 = s; � i

)

:

Thediscountedtransitionmodelde�nes for eachstatein theregion Si theprobability
of leaving the region througha certainexit stateif following the policy � i. These
probabilitiesarediscountedby theexpectedtimeuntil leaving theregion. By theproof
of theCompositionTheorem(3.2.1)(see[30] for theproof),Suttonet al. showedthat
this discountingmakes it possibleto usethesetransitionmodelsin placeof normal
transitionmatricesin algorithmslikevalueiteration.6 Similarly, thediscountedreward
modelspeci�estheexpecteddiscountedrewardobtainedwhenactingaccordingto the
policy startingin a certainstateuntil termination,i.e. leaving theroom. Thesemodels
arein analogyto thestatepredictionmatrixandtherewardpredictionvectorof Sutton
etal.,exceptthey arerestrictedin theirpredictionsto theexit states,in accordancewith
theassumptionsmadeabouttheterminationcondition� .

Generating Models

As mentioned,it is essentialfor planningto have appropriatemodelsof the options
we want to use. Thus,generatingthesemodelsis a crucial step: For all s 2 S, s′ 2
X Per(Si) thediscountedtransitionprobabilityfor macro� i satis�es:

Tr i(s; � i; s′) = Tr (s; � i(s); s′) + 

X

s′′∈Si

Tr (s; � i(s); s′′)Tr i(s′′; � i; s′):

6In fact,thediscountingis usedto guaranteeacontractionmappingin theupdateformulasusedin policy
andvalueiteration,suchthata uniquesolutioncanbe ensured(compare[31] andtheBanach-Fixed-Point
Theorem).
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By this, for eachexit states′ a systemof linear equationsis de�ned, eachof which
containingjSij equationswith jSij unknown variables. Note the differencebetween
Tr andTr i: the former is the usualtransitionmodelof the global MDP, while the
latteris thediscountedtransitionmodelfor macro� i. Hence,they differ in thetypeof
their secondargument:Tr takesanaction,recall that � i(s) 2 A, whereasTr i takesa
policy asits secondargument.

Similarly theexpecteddiscountedrewardRi(s; � i) for following � i in states sat-
is�es:

Ri(s; � i) = R(s; � i(s)) + 

X

s′∈Si

Tr (s; � i(s); s′)Ri(s′; � i):

Again a setof linearequationsis de�ned. Solvingthesesystems,eitherdirectly or by
iterativemethods,canbedonein

O( jX Per(Si)j � jSij3| {z }
transitionprobabilities

+ jSij3| {z }
exp. reward

):

Creating Macros

Sofar, only theconstructionof modelsfor givenmacros,i.e. policies,wasdiscussed.
However, theaimis to haveoptions/macrosgeneratedautomatically, thatis, for agiven
region createsome“good” policies.To judgethequality of macrosonehasto keepin
mind their purpose:In the long run, we want to solve an MDP using thesemacros
to save computationaleffort. Thus,a macroshouldbe of usefor this purpose.But
whenis a macroof usefor solvinganMDP?Of course,a macrocanonly beany help
in the region of the MDP it is de�ned in. If the MDP is solved conventionally, not
using macros,an optimal behavior (sub-policy) for this region would be computed.
Hence,if therewould bea (pre-computed)macrowith exactly this policy, it would be
of majorhelpin solvingtheMDP, asit couldsimplybepluggedin for this region. But,
whatdoesthepolicy dependon? In general,a policy entirelydependson thepresent
valuesof all states. If the optimal value function is known for all states,the action
to take in eachstate(policy at this state)cansimply bechoosenastheactionleading
to theadjacentstatewith thehighestvalue,whereadjacency is de�ned with regardto
connectingactions.This similarly holdsfor regions: the policy for a region depends
on thevaluesof adjacentstates,i.e. theexit statesof theregion, plusthevaluesof all
reachablestateswithin theregion. Therefore,if weknew theoptimalvaluefunctionfor
all thesestates,we couldproduceperfectmacros.However, if we knew thatfunction,
theMDP wouldalreadyhavebeensolvedandtherewouldnotbeany needfor macros.
Also, thecomputationalinvestmentof creatingmacrosdoesnotpayoff for solvingone
singleMDP, andsowhatwearereallyafteris to reusesuchmacrosfor variousrelated
MDPs. In these,theactualvaluefunctionwill certainlydiffer andthusthevaluesthe
policy of themacrodependsonshouldbegeneralenoughto keepthemacroapplicable
to all theseMDPs.

Beforegoingon with this discussion,let usformalizehow to obtaina macrofor a
givenvalueassignmentto theexit statesof its respective region. This problemcanbe
consideredan,usuallyinde�nite horizon-,problemwhich canbemodeledasanMDP
itself (takenfrom [21] into ournotation):

Definition 3.2.2 Let Si be a region of MDP M = hA; S; Tr ; Ri and let
� : X Per(Si) ! IR be a seedfunction for Si. Thelocal MDP M i(� ) asso-
ciatedwith Si and� consistsof:
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(a) statespaceSi [ X Per(Si) [ f � g where � is a new reward-freeabsorbing
state7,

(b) actions,dynamics,andrewardsassociatedwith Si in M ,
(c) a reward � (s) associatedwith each s 2 X Per(Si),
(d) an extra single cost-free action applicableat each s 2 X Per(Si) that

leadswith certaintyto � .

Thenthesolutionto this local MDP providesuswith anoptimalpolicy for this region
giventhevaluesfor theexit states.

To overcometheproblemsof notknowing theright valuefunctionfor theexit states
at thetimeamacrois computed,onecouldgoaboutcreatinga largenumberof macros
for differentvaluefunctions,asdiscussedin [21]. However, this, in general,canget
very expensive andusuallyunpro�table. Also, it would only make senseif the range
of thevaluefunctionis known.

Instead,heuristicapproachsareconsidered,bothby Hauskrechtet al. andSutton
andhis group. Onemakes the assumptionthat the agentalwayswantsto leave his
currentregion via a certainexit. Thus,assigninga high positive valueto only oneexit
andsolvingthecorrespondinglocalMDP, providesuswith apolicy for achieving this.
Thiscanbedonefor all exit statesindividually producingasetof macros.8

Abstract MDPs

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

Definition 3.2.3 Let � = f S1; : : : ; Sng be a decomposition of MDP
M = hA; S; Tr ; Ri , and let A = f A i : i � ng be a collection of macro-
action sets,where A i = f � 1

i ; : : : ; � ni
i g is a setof macros for region Si. The

abstractMDP M ′ = hA ′; S′; Tr ′; R ′i inducedby � andA, is givenby:

� S′ = Per� (S) =
S
i≤n EPer(Si)

� A ′ =
S
i Ai with � ki 2 Ai feasibleonlyat statess 2 EPer(Si)

� T ′(s; � ki ; s′) is givenby the discountedtransitionmodelfor � ki , for any
s 2 EPer(Si) and s′ 2 X Per(Si); T ′(s; � ki ; s′) = 0 for any
s′ 62X Per(Si)

� R′(s; � ki ) is given by the discountedreward model for � ki , for any
s 2 EPer(Si).

Thisseizesourintuitionaboutthegeneralideaof options:Weabstractfromtheoriginal
statespaceto amuchsmallerone,namelythesetof peripheralstates.Thesebuild some
kind of interfacesbetweentheregions. Theactionsusedfor planningaretheoptions
(macros)de�ned for the differentregions. The models,transitionmodelandreward
function,arethediscountedmodelsthathave beenpresented.Recallthat theseform
thecrucialpart in planningat the level of options.We point out that this reductionof
complexity, which will �nally speedup computationaswe will see,comesat thecost
of possibly�nding only asub-optimalsolution.

Theexamplesin [21] havebeenconductedin agrid world whichis depictedin Fig-
ure3.6. This navigationtask,wherenegative rewardsareto beminimized,wassolved

7Alternatively, onecande�ne the local MDP without the additionalstate� and insteadmake all exit
statesabsorbingwith anemptyfeasibleset.

8[21] alsoallows for thegoalof stayingin a region,modeledby low valuesfor all exits.
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(a)Maze121 (b) peripheralstates

Figure3.6: Taken from [21]: Theexampleenvironmentfor testingtheabstractMDP
against the original MDP; (a) The agentcan move in any compassdirection or not
move at all. Moving is uncertain:with somesmall probability the agentmay move
in anotherdirectionthanintended.Eachcell givesnegative reward,excepttheupper
right cell, which is absorbingandthusforms thegoal. Shadedsquareshave a higher
negative reward, on patternedsquaresmoving is even moreuncertain(probability of
failure is higher). Shadedcirclesdenoteabsorbingstateswith high negative reward;
(b) peripheralstatesfor adecompositioninto 11 regions(rooms).

with the original MDP aswell aswith the abstractMDP. Additionally an augmented
MDP wastestedwhich we aregoing to leave out of considerationhere. For the ab-
stractMDP the setof macroswascreatedbasedon the heuristicapproachdescribed
above – onemacrofor eachregion-exit statecombination,plusonefor stayingin the
room.9 Valueiterationwasappliedto solve thedifferentMDPs. Figure3.7shows the
valuefor oneparticularstateandhow it improvesover time. Clearly, with theabstract
MDP the valuefunction convergesmuchfaster. But, recognizablefrom the limit of
thevaluefunction,theabstractMDP �nds only asuboptimalsolution:It �nds apolicy
which takes the agentto the goal with expectedcosts(negative reward) of over 20,
while theoriginalMDP �nds awaywherelessthan20areexpected.Nevertheless,the
computationalsaving seemworth thedrawbackonsolutionquality.10

Hybrid MDPs

Themain interestof Hauskrechtet al. is thereuseof macroswhich would justify the
computationaloverheadof creatingmacros.To have a setof macrosapplicableto a
set of relatedMDPs, theseMDPs must bearsuf�cient similarities. In particular, it
might happenthat a goal moveswithin onespeci�c region, leaving all otherregions
unchanged.This caseis consideredin [21]. To still be able to plan at the level of
options, they argue to usea hybrid MDP. This kind of MDP is still composedby

9Thereareactuallymany waysof stayingin a room.However, [21] doesnot provide any moredetailon
thisquestion.

10Unfortunately, thespeedup is only illustratedby �gures in [21] andin particularno explicit numbers
describingthespeeduparegiven.
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Figure3.7: Takenfrom [21]: Shown is theimprovementof thevalue(negative reward)
for one particularstateover time during the value iterationprocesson the different
MDPs; in case(a) thevaluefor this statewasinitially overestimated,whereasin case
(b) it wasunderestimated.

regions,but in thoseregionswherechangesarelikely to happenthecorrespondingpart
of theoriginalMDP is used,while in all otherpartsabstractionis applied.11

11To beprecise,it would thenseembetterto mergeall change-unlikely regionsinto onenew regionwhere
abstractionis applied.



Chapter 4

Situation Calculus and Golog

TheprogramminglanguageGOLOG formsthebasisfor ourconsiderationsof thepro-
grammingapproach.In this chapterwe will �rst presentthesituationcalculuswhich
GOLOG is basedon. Later, after formally introducingGOLOG as it was initially
proposed,we presentthoseextensionsof it which arerelevant for our work, namely
ICPGOLOG andDTGOLOG.

4.1 The Situation Calculus

Thesituationcalculusis asecond-orderlanguagethatwas�rst proposedby McCarthy
[26]. The intentionfor this languagewasto representandreasonaboutdynamically
changingworlds. Thegeneralideawasthata world only evolvesdueto theexecution
of primitiveactionsbeginningin aninitial situation. Threesortsaredistinguished:ac-
tions,situationsandnormalobjects. Theinitial situationis denotedby theconstantS0.
This is thesituationwhereyet no actionhastakenplace.Further, thebinary function
symboldo(a; s) denotesthe successorsituationafter executingactiona in situation
s. Fluentsrepresentpropertiesof the world that changeover time. We distinguish
two typesof �uents: relational �uents andfunctional�uents. For example,we could
model the currentstudentstatusof Bob as the relationstudent(B ob;N ow), where
we usethe specialsymbolN ow to denotethe currentsituation. A functional �uent
working hours(B ob;N ow) = 70, couldstatethatBob is currentlyworking70hours
aweek.1

For eachactionthereis anactionpreconditionaxiomstatingtheconditionsunder
which the action can be executed. They can be representedin the form
Poss(a(~x); s) � �( ~x; s), where~x arethe argumentsof a. For example,the action
accept j ob(x; y) mighthave thepreconditionaxiom

Poss(accept j ob(x; y); s) � : student(x; s) ^ j ob vacancy(y; s);

statingthatx canonly accepta job aty if andonly if x is notastudentandaty thereis
a job vacancy. Notethatby thisapproachthequali�cation problemis simply ignored.

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

1Note that in our formulassymbolsstartingwith an uppercaseletterdenoteconstants,while variables
startwith a lower caseletter. Oneexceptionis the specialsymbolN ow which is alwaysreplacedby the
currentsituationandin particularis notpartof thelanguage.

33
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For arelational�uent F , for example,positiveandnegativesuchaxiomscande�ne the
conditionsunderwhichthe�uent is true(� + (~x; s)), respectively false(� −(~x; s)), after
anactiona is executed:

Poss(a; s) ^ � + (~x; s) � F (~x; do(a; s)) ;

Poss(a; s) ^ � −(~x; s) � : F (~x; do(a; s)) :

For example,

Poss(enroll (x; y); s) ^

univ ersity (y; s) � student(x; do(enroll (x; y); s)) ;

Poss(f inish thesis(x); s) ^

all exams passed(x; s) � : student(x; do(f inish thesis(x); s)) ;

saysthat if personx cananddoesenroll at y andy is a university, thenx will be a
student(positive effect). On theotherhand,if x is ableto anddoes�nish his masters
thesisandhehaspassedall exams,thenhewill nolongerbeastudent(negativeeffect).

While theseaxiomsdo describetheeffectson certain�uents, they do not declare
all thenon-effectson other�uents. Axioms describingthesearecalledframeaxioms.
Theframeproblemexpressestheimpossibilityof statingandreasoningwith all frame
axioms,i.e., all the non-effectsof actions. Thereare far to many. Even apparently
ridiculous things, like “�nishing one's thesisdoesnot changeone's gender”would
have to becapturedby a frameaxiom:

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

4.1.1 A Solution to the Frame Problemfor Deterministic Actions

Ray Reiter [33] proposeda solution to the frameproblembasedon a completeness
assumption:For each�uent theimpactof all (deterministic)actions2 onit arecollected,
thatis, all theeffectaxiomsmentioningthe�uent in question.Fromthat,syntactically
onecangenerateasuccessorstateaxiomfor the�uent whichstatestheknown waysthe
�uent maychange.Thecoreof Reitersapproachis to assumethatthesesuccessorstate
axiomsarecompletein thatthey list all possiblewaysby which the�uent canchange.
Thefollowing would thenbethesuccessorstateaxiomfor the�uent student(x; s):

Poss(a; s) � [student(x; do(a; s)) � (a = enroll (x; y) ^ univ ersity (y; s))

_(student(x; s) ^ : (a = f inish thesis(x) ^ all exams passed(x; s)))]

In thefollowing wedescribehow Reiterssolutionappliesto functional�uents3, for
relational�uents the computationsaresimilar andcanbe found in [33]. The effect
axiomfor a functional�uent f andactionA have theform (~t areterms):

Poss(A; s) ^ � f (~t; y; s) � f (~t; do(A; s)) = y

2This, only valid for deterministicactions,is therestrictionthatbroughtforth theaddition“sometimes”
in [33].

3We choseto presentthecomputationin detail for functional�uents, becauseit is the theoreticalbasis
for theautomatictransformationfrom effect axiomsto successorstateaxiomsdoneby thepreprocessorof
Section5.3.
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Notethatfor functional�uents therearenopositiveandnegativeeffectaxiomslike for
relation�uents, but only oneaxiomexplicitly statingthe new value(y) of the �uent.
Above formulacanberewritten to:

Poss(a; s) ^ a = A ^ ~x = ~t ^ � f (~x; y; s)
| {z }

� f

� f (~x; do(a; s)) = y

which canbedonefor all n effect axiomsfor �uent f . All thesecanthenbejoint into
asinglenormalform for theeffectaxiom:

Poss(a; s) ^ [� (1)
f _ : : : _ � (n)

f ] � f (~x; do(a; s)) = y; or (4.1)

Poss(a; s) ^ 
 f (~x; y; a; s) � f (~x; do(a; s)) = y

The completenessassumptionthenexpressesthat if �uent f changesits value from
situations to situationdo(a; s), then� f (~x; y; a; s) mustbetrue:

Poss(a; s) ^ f (~x; s) = y′ ^ f (~x; do(a; s)) = y ^ y 6= y′ � 
 f (~x; y; a; s)(4.2)

Togetherwith theassumption

:9 ~x; y; y′; a; s:Poss(a; s) ^ 
 f (~x; y; a; s) ^ 
 f (~x; y′; a; s) ^ y 6= y′

Reitershows that(4.1)with (4.2) is logically equivalentto:

Poss(a; s) � [f (~x; do(a; s)) = y � 
 f (~x; y; a; s) _ (4.3)

f (~x; s) = y^ 69y′:
 f (~x; y′; a; s) ^ y 6= y′]

which is calledthesuccessorstateaxiomfor functional�uent f ([34]).

4.1.2 BasicAction Theory

Levesqueetal. [24] proposeto formulateabasicactiontheoryD to describetheworld
andits dynamics:

D = � [ Dss [ Dap [ Duna [ DS0

with

� � thesetof (domainindependent)foundationalaxiomsfor situations(e.g.S0 6=
do(a; s));

� Dss asetof successorstateaxioms,onefor each�uent;

� Dap asetof actionpreconditionaxioms,onefor eachactiona;

� Duna asetof uniquenameaxiomsfor actions;

� DS0 asetof axiomsdescribingtheworld in theinitial situationS0.

To illustratehow to formulatesucha theory, we lay it outwith ourstudentexample:

DS0 = f student(B ob;S0);

all exams passed(B ob;S0);

gender(B ob;S0) = M ale;
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working hours(B ob;S0) = 70;

univ ersity (RW TH � Aachen;S0);

j ob vacancy(Porsche;S0)g

Dap = f Poss(accept j ob(x; y); s) � : student(x; s) ^ j ob vacancy(y; s);

Poss(enroll (x; y); s) � TRUE;

Poss(f inish thesis(x); s) � student(x; s)g

Dss = f

[student(x; do(a; s)) � (9y:a = enroll (x; y) ^ univ ersity (y; s))

_student(x; s) ^ : (a = f inish thesis(x)

^ all exams passed(x; s))] ;

[all exams passed(x; do(a; s)) � F ALS E _

all exams passed(x; s) ^ TRUE];

[gender(x; do(a; s)) = y � F ALS E _

gender(x; s) = y ^ TRUE];

[working hours(x; do(a; s)) = y �

(9z:a = accept j ob(x; z) ^ y = 38:5) _

(9z′:a = enroll (x; z′) ^ univ ersity (z′; s) ^ y = 70) _

(working hours(x; s) = y ^

69y′:((( 9z:a = accept j ob(x; z) ^ y′ = 38:5) _

(9z′:a = enroll (x; z′) ^ univ ersity (z′; s) ^ y′ = 70)) ^ y 6= y′))] ;

[univ ersity (x; do(a; s)) � F ALS E _

univ ersity (x; s) ^ TRUE];

[j ob vacancy(x; do(a; s)) � F ALS E _

j ob vacancy(x; s) ^ TRUE] g

ThesuccessorstateaxiomscontainingTRUE andF ALS E arecaseswherenoaction
which affects the respective �uent exists. Consequently, thereis no conditionunder
which the �uent becomestrue or its valueis changed.However, thereneitheris any
conditionmakingit false.Thus,the�uent will alwayskeepits original (truth-)valueas
de�ned in DS0 . Herewe left out thedomainindependentfoundationalaxioms� and
theuniquenameaxiomsDuna whicharestraightforwardto formulate.

Using thebasicactiontheorywe canderive thevalueof any �uent in thecurrent
situationby what is called regression. Roughly, regressionfor a given �uent f and
situationdo(an; do(: : : do(a1; S0) : : :) works like this: Applying the successorstate
axiom of f once,will describethe currentvalueof f possiblyrelative to its valuein
theprevioussituation. If thevaluedoesnot dependon theprevioussituation,we are
done.Otherwise,thevaluein theprevioussituationcanagainbecomputedby applying
the successorstateaxiom to that situation. This way, recursively the regressionwill
eventuallyendup in situationS0, wherethevalueof �uent f canbedeterminedfrom
theaxiomatizationof S0.

Naturally, the describedalgorithmtakesmore time the longer the situationterm
gets(seeSection5.3 for a quantitative analysis).This canbe a problemfor realistic
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domains,especiallyfor thosewherethe agenthasa nonterminatingprogramto run.
Fortunately, therehasbeenapproachesto circumvent this problem. In Section4.2.1
oneof theseapproachesis brie�y described.

4.2 Golog

The actionprogramminglanguageGOLOG [25] is basedon the situationcalculus.
It canuseit to projecthow theworld would evolve if a certainsequenceof primitive
actionswaschosen.GOLOG offers the following commonprogrammingconstructs
to formulatecomplex actionsoverprimitiveones:

� nil theemptyprogram;

� a, primitiveactions(=̂ actionsfrom thesituationcalculus);

� [e1; : : : ; en], sequences;

� ?(c), tests:if conditionc is trueproceed

� if (c;e1; e2), conditionals: if conditionc is true proceedwith sub-programe1

elseproceedwith sub-programe2;

� whil e(c;e), loops:while conditionc is truerepeatsub-programe;

� e1je2, nondeterministicchoices:doe1 or e2;

� star (e), nondeterministicrepetitions:repeatsub-programe anarbitrarynumber
of times;

� pi(v; e), nondeterministicchoicesof argumentv: chooseanarbitrarytermt and
proceedwith e, whereall occurrencesof v aresubstitutedby t;

� procedures;

wheretheei arelegal GOLOG programs.
Oneway of de�ning thesemanticsof theseconstructsis by anevaluationseman-

tics like originally usedin [25]: Formally the above statementsareabbreviationsfor
formulasin the situationcalculus. Their translationinto formulasis de�ned via the
predicateDo(� ; s; s′) whichstatesthatexecutingprogram� in situations will resultin
thenew situations′. Thus,anevaluationsemanticsis asetof de�nitions like:

Do(a; s; s′)
def
= Poss(a[s]; s) ^ s′ = do(a[s]; s)

wherea[s] is theactiona with all �uents amongtheargumentsevaluatedin situation
s.4 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. Conditionsarealsoevaluatedin theactualsituation:

Do(if (c;e1; e2); s; s′)
def
= c[s] ^ Do(e1; s; s′) _ : c[s] ^ Do(e2; s; s′):

4Formally, a[s] statesthat all �uents appearingasan argumentto a get s setas their actualsituation
argument.
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Nondeterminismis simplede�ned by adisjunction:

Do((e1je2); s; s′)
def
= Do(e1; s; s′) _ Do(e2; s; s′):

For an arbitrary GOLOG program� and a situations a constructive proof of
Do(� ; s; s′) would return a situation statement in s′ of the form
do(an; do(an−1; : : : do(a1; s)) : : :). This implicitly contains the action sequence
a1; : : : ; an which is a possiblecourseof action to get from situations to situation
s′. In a nutshell,whatGOLOG doesis to �nd sucha constructive proof for any input
programp andsituations, wherethe instantiatednew situations′ is consideredthe
result.

To illustratetheoriginal intentionfor nondeterminism,considerthefollowing legal
program:

E = [a; (bja); ?(� )]:

Let a andb be primitive actionsand � a condition. Suppose� is initially true and
actiona togglesits truth-valueeachtime a is executedandb doesnot affect � . Then
the only proof for Do(E ; S0; s′) will returns′ = do(a;do(a;S0)) asthis is the only
way of making � true after alreadyhaving executeda at the beginning. Thus, the
nondeterminismis resolved asto proof the entireprogram. Note that if in the above
casebothalternativeswouldhavemade� true,therewouldbetwo possibleproofsand
therewouldbenodecisionrulestatingpreferencefor a or b.

Whenlooking for an actionsequenceto achieve somekind of goal, for example
formulatedasa condition,GOLOG canbe usedto restrictthe searchspace:instead
of alwaysonly nondeterministicallychoosingamongtheprimitive actions,thecontrol
constructscanbe usedto provide someform of plan skeleton. This canbe usedto
reducebranchingandthuscomputationaleffort in �nding a (linear)plan for achieving
thegoal.

In fact,GOLOG hassuccessfullybeenusedto controlthemuseumtourguiderobot
Rhino([8]) atamuseumin thecity of Bonn,Germany.

4.2.1 icpGolog

Unfortunately, the expressivenessof the original GOLOG wasnot strongenoughto
modelsomeof the propertiesof realisticdomains,especiallymobile robotics,which
from the beginning was one of the main applicationdomainsfor GOLOG. Conse-
quently, many extensionsof GOLOG havebeenproposedsuchas[13, 12, 23, 19, 20].
Many of theseextensionshave recentlybeenmergedinto a new derivative calledICP-
GOLOG andaninterpreterhasbeenimplementedin ECLiPSeProlog[10].

The following previously proposedideasand extensionsof GOLOG have been
incorporatedinto ICPGOLOG:

on-line : The ICPGOLOG interpreteris an on-line interpreter. The characteristic
of suchan interpreteris that programsareexecutedright during interpretation
(on-line). The interpreterworks incrementally, that is, after the interpreterdid
a stepin the programit commitsto it by executingthe respective actionin the
real world. This fashionof interpretationwas�rst proposedby Levesqueand
DeGiacomo[12] andwasrequiredto avoid delaysin theexecutionof longpro-
gramscontainingnondeterministicchoices.Imaginea longprogramwereat the
beginning a nondeterministicchoiceis to be madeandassumethat this choice
in�uencesa testat the endof the program. Then,to guaranteethe successfull
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terminationof theentireprogram,it would benecessaryto projecttheprogram
to theend,possiblyfor bothchoices,beforemakinga decision.Theexecution
of the �rst actioncannotwait until programinterpretationterminates.It even
happensthatprogramsarenon-terminating,assigningtherobota job to do con-
tinuously.

Also, anincrementalproceedingnaturallysupportssensing5: Certainproperties
of the world may initially be unknown6, but can be sensedduring execution
usingsensors. Weunderstandsensorsasany kind of mechanismthatcanprovide
theagentwith informationof any kind which is currentlytrue in theworld. In
robotics,sensorsaretypically laserrange�nders, cameras,sonars,microphones
or bumpers,but canalsobemoreabstractlike directuserinput or a mechanism
to querywebsiteswith currentstockinformation.Theneedfor sensingbecomes
obvious in the following example: Considerthe taskof catchinga planeat the
airport.Youmayknow how to getto theairportandhow to reachacertaingate.
But whatyouusuallydonotknow in advance,thatis beforereachingtheairport,
is theparticulargatetheplaneis leaving. Thus,this informationhasto besensed
whentheexecutionof theplanhasadvancedto themomentwhereyoureachthe
airport.

Additionally, theinterpretertakesso-calledexogenousactionsinto account.Ex-
ogenousactionsareactionsthatarebeyondthecontrolof theagent.Theagent
canneitherexecutethem,norcanit in generalpredicttheiroccurrence.Nonethe-
less,theseactionschangetheworld andthereforethevaluesof �uents. Theinter-
pretersupportstheseactionsaslong astheir effectsareknown. Then,whenever
suchanactionhappens,theinterpreterchangesthevaluesof the�uents accord-
ing to the describedeffects. Exogenousactionscan be comparedto sensing
actionsasboth provide the agentwith informationaboutthe world. From that
point of view, thedifferencelies in theconditionsunderwhich the information
is retrieved: sensingactionscan be seenas polling, while exogenousactions
resembleaninterrupt.

continuous change : GrosskreutzandLakemeyer �rst proposeda notion for repre-
sentingcontinuouslychangingpropertiesof the world [19]. This extensionis
directlyaddedto thesituationcalculusandhasmainly thefollowing ingredients:

� anew sortRealrangingover therealnumbers;

� aspecialfunctional�uent star t with theintuition thatstar t(s) denotesthe
startingtimeof situations;

� anew sortt-functionrepresentingfunctionsof time;

� anew binaryfunctionval to evaluatea t-functionatagiventime;

� a new type of continuous�uents whosevaluesarefunctionsof time, i.e.
t-functions;

� a new actionwaitF or(� ) to advancethe time, i.e., increasethe valueof
�uent star t, in off-line modeto the leasttime point whenthecondition�
holds.

Thenwe canmodel things like a continuously, 1-dimensionallymoving robot
like this [18]: We createa new continuous�uent r obotPos to denotetherobots

5For adiscussiononsensingandoff-line interpretingsee[23].
6Thiscould,for example,bemodeledby anincompleteaxiomatizationof theinitial situationS0 .
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position over time and a t-function l inear (x0; v; t0) whosevalue at time t is
de�nedby val(l inear (x0; v; t0); t) = x0 + v � (t � t0). Thenweassignthe�uent
r obotPos thevaluer obotPos(S0) = l inear (4:3; 1:0; 0:0) statingthat initially
at time 0:0 therobot is at position4:3 andmoveswith velocity 1:0. If the time
is now advancedto t ′ = 2:0, off-line by performingan adequatewaitF or(� )
actionor on-line by someexternally determinedpassageof time, the valueof
r obotPos canbeevaluatedat thecurrenttime to val(l inear (4:3; 1:0; 0:0); 2:0)
= 4:3 + 2:0 � (2:0 � 0:0) = 6:3. For furtherdetailswe referto [18].

concurrency : ICPGOLOG hastaken over the conceptof concurrency like it was
�rst proposedfor theCONGOLOG interpreter[13]. Concurrency is understood
asinterleaving two programsandin particulardoesnot consideractionsbeing
truly simultaneous.Thisavoidsproblemslike thepreconditioninteractionprob-
lem (see[28]) and the otherwisenecessaryextensionof the underlyingsitua-
tion calculus. However, the semanticsof concurrency in ICPGOLOG is taken
over from GrosskreutzCCGOLOG [18] anddiffersfrom thesemanticsin CON-
GOLOG: concurrency of two programs� 1 and� 2 is expressedby theconstruct
conc(� 1; � 2). Thegeneralassumptionis thatactionsshouldperformassoonas
possible.Thus,the next constructof both programsis considered.If both can
doaninstantaneoustransition� 1 is favored(compareto prioritizedconcurrency
of CONGOLOG). However, if oneof the two transitionstakeslongerthanthe
other, theearlierterminatingtransitionis favored. This kind of time dependent
selectionwasnot possiblein CONGOLOG, becauseit did not containany con-
ceptof time.

probabilism : In realisticdomainsuncertaintyexistsin variousforms,oneof which is
uncertaintyabouthow theworld evolves.This oftencanbemodeledby a list of
possibleoutcomestogetherwith adistributionde�ning their respectiveprobabil-
ities, for examplebasedon experience.This way of modelinguncertaintygave
birth to PGOLOG [20]. PGOLOG introducesa new constructprob(p; � 1; � 2)
with the intuition that with probability p sub-program� 1 gets“executed”and
with remainingprobability (1 � p) � 2 is chosen. However, this kind of con-
struct is not intendedfor execution, but only for modelsusedin projection:
PGOLOG offersa mechanismfor probabilisticprojection. Theusercan,given
a legal PGOLOG-program,querytheprobabilitythata certainconditionis true
afterexecutingthatprogram.This in turncanbeusedfor decisionmaking.

Roughly, the following is suggested:Along with the programitself the user
providesa modelfor the low-level processes,like navigation in robotics.Then,
usingconcurrency aspresentedaboveandaspecialarchitecturefor communicat-
ing with thelow-level processes7, concurrentlyinterpretingthelow-level model
andtheprogramprojectstheexpectationsabouttheeffectsof thisprogram.

progression : Following the approachfor progressinga databaseby Lin andReiter
[15], Jansen[22] implementeda mechanismto progresstheknowledgebasein
ICPGOLOG accordingto thecurrentsituation.Themotivation for progression
is simple: oncean actionhasbeenperformedin the real world, it cannotusu-
ally beundone.Thus,situationsbeforeperformingtheactionrenderirrelevant.
However, in realisticdomainsthesituationtermoftengrows rapidly over time,

7Confer[18] for details.
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requiringmoreandmorespace(memory)andcomputationaltimeto performre-
gression.Hence,it is suggestive to progresstheknowledgeaboutwhatwastrue
in situationS0 to whatis truein thecurrentsituation.

It turnsout that this featureis indispensablefor realisticdomains,for theargu-
mentsthatmotivatedit (timeandspaceconsumption).

Transition Semantics

Different from the original GOLOG, the semanticsof ICPGOLOG is de�ned via a
transitionsemantics. Theevaluationsemanticsof GOLOG was�rst replacedby the
transitionsemanticsin [13] whenintroducingconcurrency. TheDo(� ; s; s′) predicate
of GOLOG assignsa semanticsto theentireprogram� recursively. This semanticsis
basedon thecompleteevaluationof theprogram,thereforeits name.However, some-
timesit is moreconvenientto specifythesemanticsby de�ning singlecomputational
steps,which is theideaof a transitionsemantics.Thesemanticsis de�ned via axioms
of anew four-aryrelationTr ans. Tr ans(� ; s; � ′; s′) holdsif andonly if oneexecution
stepof program� in situations leadsto situations′ andremainingprogram� ′. A tuple
h� ; si with � a programands a situationis calledcon�guration. Thus,Tr ans de�nes
transitionsfrom onecon�gurationto another.8

Moreover, we have to de�ne what a terminationcon�guration is, i.e., what are
con�gurationsthatweconsiderasuccessfulterminationof aprogram.This is doneby
anotherpredicateF inal . F inal (� ; s) holdsif andonly if weconsiderthecon�guration
h� ; si a legal termination.Herearesomeexamplesfor Tr ans- andF inal -de�nitions
(for acompletelist seeAppendixA.2):

F inal (a; s) � F ALS E , wherea is aprimitiveaction

F inal (if (�; � 1; � 2); s) � � [s] ^ F inal (� 1; s) _ : � [s] ^ F inal (� 2; s)

Tr ans(a; s;nil ; s′) � Poss(a[s]; s) ^ s′ = do(a[s]; s)

Tr ans([� 1; � 2]; s; � ; s′) � 9
 [Tr ans(� 1; s; 
 ; s′) ^ � = [
 ; � 2] _

F inal (� 1; s) ^ Tr ans(� 2; s; � ; s′)

For modelingprobabilismin PGOLOG thetransitionrelationTr ans wasformally
convertedto a functiontr ansPr which returnstheprobabilityfor thegiventransition.
However, this is usuallyequalto 1.0exceptfor probstatements.For example:

tr ansPr (a; s; � ; s′) = q �

Poss(a[s]; s) ^ � = nil ^ s′ = do(a[s]; s) ^ q = 1:0 _

: (Poss(a[s]; s) ^ � = nil ^ s′ = do(a[s]; s)) ^ q = 0:0

tr ansPr (prob(p; � 1; � 2); s; � ; s′) = q �

� = � 1 ^ s′ = do(tossHead;s) ^ q = p _

� = � 2 ^ s′ = do(tossTail ; s) ^ q = 1 � p

Here, tossHead and tossTail are pseudo-actionsintroducedto make the resulting
situationsdifferent.They have noeffectonany �uent andarealwayspossible.

8It is noteworthy thata transitionsemanticsrequirestherei�cation of programsas�rst-order termsin the
logical language.This is basicallybecauseoneneedsto quantifyoverprograms.For theD o de�nitions that
wasnot necessary, sincethesewe simply (recursive) abbreviationsfor formulasovers ands0. However, we
omit any detail of encodingprogramsas�rst-order terms,asit doesnot affect our issues,andrefer to the
literature[13, 18].
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Decision Making

Probabilisticprojectioncanbeusedfor decisionmaking.Jansen[22] shows examples
for this in the ROBOCUP SimulationLeague:Supposethe agenthasthe ball under
its control, wantsto play a passand is consideringpossiblepassreceivers. Then it
canusea model for the low-level action“pass” to project the possibleoutcomesfor
passingto a certainteammateandquerytheprobability for certainpropertiesin these
outcomes.Jansensuggeststo usea conditionstatingthat the teammatesuccessfully
receivedthepass:Theagentqueriedtheprobabilityfor eachpossiblepassto succeed.
This wasiteratively donefor someorderingof someteammates.The �rst onewhich
hadaprobabilitygreaterthansomethresholdwaschosen.

However, this doesnot seemto be a sophisticateddecisionrule for a coupleof
reasons:(a) thedecisiondependson theorderingof theteammates,(b) usuallynot the
bestplayerwill beselected,(c) if for noplayerthethresholdis reached,thepassplaying
agenthasnocluewhatto do. Whatessentiallyis missing,is thesupportfor adecision-
theoreticview on suchdecision,like in MDPs. This shouldbe directly implemented
into theinterpreter. While theabove procedureworkswith a hand-codeddecisiontree
usingif-then-elseconstructs,it seemssuggestive to usenondeterministicconstructsto
modelthedecisionproblemwhentheinterpreteritself is capableof decisionmaking.

icpGolog and Nondeterminism

However, ICPGOLOG does not contain nondeterministicinstructions anymore.
Grosskreutz[18] explainstheproblemsarisingfrom the interplayof nondeterminism
andhissemanticsof concurrency. This leadto thecompleteomissionof nondetermin-
ism in CCGOLOG, which waslater taken over into ICPGOLOG. The argumentshe
gave do not prevent reintroducingnondeterminismin general.Grosskreutzwasonly
concernedaboutcounterintuitiveresults(see[18] for anexample)thatcanonly occur
whenmixing concurrency andnondeterminism.His claim is thatin suchcasesnonde-
terministicchoicesare,undercertaincircumstances,determinedaccordingto theleast
time consumption.He believedthatto bein contradictionto theintuition behindnon-
determinism.Yet,whenreintroducingnondeterminismwearegoingto prohibit theuse
of concurrency with nondeterminismfor similar reasons(seeSection5.1.3).

4.2.2 DTGolog

In [5] Boutilier et al. proposeanotherGOLOG extensionwhich they call DTGOLOG

(decision-theoretic GOLOG). Roughly, DTGOLOG integratesfully-observableMDPs
into GOLOG andthiswayallowscombiningexplicit programmingwith decisionthe-
oreticplanning.

MDP specification

Boutilier et al. do not specifytheMDP formally, but thefollowing describeshow the
componentsof theMDP 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.Thevacuumcleanercanmovefreelybetweenthetwo rooms
andin both roomsthereis eitherdirt or they areclean. Thenwe canrepresent
thestatespaceasthecrossproductof the threevariablesfor thepositionof the
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Figure4.1: Thevacuumworld takenfrom [35].

robot, thepresenceof dirt in the left room,andthepresenceof dirt in theright
room.Suchastatespaceis calledfactored(cf. [6]), asit is speci�edusingmore
thanonestatevariable. The sizeof this particularstatespaceis 2 � 2 � 2 = 8
which is simply thenumberof all possiblecombinationsof valuesfor thethree
variable. However, in DTGOLOG the statespacefor this exampleis in�nite:
assumethereis only oneactionchangeroom, which is alwayspossible.Then,
after performingthis actiontwice, the vacuumcleanerendsup in the room he
departedfrom. Intuitively, andaccordingto our statedescriptionabove, it is in
the samestateasbefore. But this is not true for the situation: if the situation
initially wasS0, it will now bedo(changeroom;do(changeroom;S0)) which
of courseis different.Oneapproachto this ratherundesiredeffect, is to specify
a list of �uents thatareusedasstatevariables.We will apply this approachin
Section5.2whenconstructinga �nite statespacefor options.

actionspace= primitiveactions: Theactionsof theMDP cansimply beunderstood
to betheprimitiveactionsin GOLOG. However, thesituationcalculusdoesnot
allow for uncertaineffectsof actions(recall that Reiterssolution to the frame
problemexplicitly requiresdeterministicactions).Thus,to still beableto model
uncertainty, Boutilier etal. addedanew typeagentAction (a)9 andanew predi-
catenondetActions (a; s; 
) indicatingthatagentactiona in situations is non-
deterministicandhastheoutcomeswhich arelisted in 
 , commonlycalledna-
ture'schoices. This list of outcomesconsistsof primitiveactionsof thesituation
calculus.If anagentactionis notnondeterministic,it is immediatelyaprimitive
action of the situationcalculus. Additionally, the new predicateprob(a;p;s)
statestheprobabilityp thatprimitive actiona happens,if in situations anonde-
terministicactionis executedwith a beingoneof its outcomes.Thisapproachis
similar to Reiter's stochasticGOLOG [34].

In DTGOLOG, fully-observableMDPsareconsidered.Thus,it hasto beguar-
anteedthat theagentalwaysknows thesituation(state)it is. However, thecur-
rent situationis not individually sensiblefrom theworld. To illustratethis, we
oncemoreconsiderthevacuumworld: Assumetherobotis in theleft roomand
it wantsto determineits situation. The only informationperceivable from the
world, assumingrequiredsensorsareavailable,arethevaluesof the threestate
variables(robot position, dirt left, dirt right). However, as pointedout, there
areseveral (in fact in�nitely many) situationsthatcorrespondto a certainvalue
con�guration. Or in short: themappingfrom statesto situationsis not bijective.
Nevertheless,if therobotkeepstrackwith its movesit canalwaysmemorizeits
situation.For deterministicactionsthis is simple.For thenewly addednondeter-
ministic actions,however, extra careis needed:afterexecutingsuchanaction,
the agentonly knows which situationcalculusactionsmayactuallyhave hap-
pened.But it still hasto determinewhich exactly it was. For eachagentaction

9Weareusingbold facefor agentactions(a). All otheractionsareprimitiveactions.



CHAPTER 4. SITUATION CALCULUS AND GOLOG 44

a, the userthereforespeci�es a sensingaction senseEffect(a) which performs
all necessarysensingto distinguishthealternatives.Further, with everypossible
outcomeof actiona, heassignsasenseconditionwhichholdsif andonly if this
outcomehasactuallyhappened.

Concluding,full observability is assuredby keepingtrack of what the agentis
doing. While for deterministicactiontheeffectsarecertain,theagentusespar-
ticularsensingactionsandconditionsfor determiningtheoutcomefor nondeter-
ministicactions.

transitionfunction= SSAs:Thetransitionfunctionis trivially de�nedby thesuccessor
state axioms and the new predicates nondetActions (a; s; 
) and
prob(a;p;s). With thesewe canalwaystell the probability of reachinga cer-
tainsituationwhenapplyingaspeci�c agentactiona.

reward function= reward(s,r): Anothernew predicater eward(r; s) speci�esthere-
wardr assignedto situation(state)s. Sinces is a situationterm,it containsthe
entirehistoryandin particularthelastactionthathastakenplace.It is therefore
possiblenot only to judgethesituationitself, 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 anaturalnumbercalledthehorizon,

� p theoptimalpolicy for thenext h stepsin program� whenstartingin situation
s,

� v theexpectedvaluefor thispolicy,

� t the terminationprobability in the usualGOLOG sensefor program� when
following thispolicy.

Comparedto Do(� ; s; s′) of GOLOG, the resultingsituations′ is missing. Insteada
policy is returned, re�ecting theuncertaintyof thesystem.10 Thispolicy is a GOLOG
programonly containingprimitive actions,conditionalsandtests.Sincewe arein the
specialcaseof knowing wheretheagentstarts,namelyin situations, wecanrepresent
a policy asa conditionalprogram,containingprimitive actionsandif-then-elsestate-
mentsto accountfor theuncertaintyof someof theactions.Thepolicy implementsthe
mechanismfor keepingup full-observability asdescribedabove.

The horizonh canbe usedto restrictthe interpretationup to a certainnumberof
actions.Then,the interpretationreturnseitherwhenreachinga terminationsituation,
just like in GOLOG, or whenthehorizonis reached.

10We will speakfrequentlyof argumentsbeingreturnedor distinguishbetweeninput andoutputargu-
ments.Althoughfrom a logical point of view thereis no suchtypedistinction,asall areonly argumentsof
a relation,this functionalview on predicatesis ratherintuitive andshouldbehelpful for understandingthe
�o w of controlin theinterpreter.
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Most of the Do clausestranslatetrivially to bestDo. The following arethe most
relevantdifferences:

nondeterministicchoice(user's choice):

bestDo([( � 1j � 2); � ]; s;h; p;v; t)

The interpreterrecursively callsbestDo for bothalternatives� 1 and� 2. Based
onthereturnedvaluesandterminationprobabilities,it choosesthemorepromis-
ing, addsit to the policy, andreturnsits values.Thus,unlike GOLOG, where
nondeterminismwasasimpledisjunction,herethebetteralternative is used.

nondeterministicaction(natureschoice):

bestDo([� ; � ]; s;h; p;v; t)

For an agentaction � , it is testedwhetherthis action is deterministicor not.
Sincethe former caseis equallytreatedasin GOLOG, we hereonly describe
the latter. In that case,the list of outcomes
 for this actionis retrieved from
nondetActions (� ; s; 
) . As in theuser's choicecase,for eachentryof thelist,
theremainingprojectionis run,i.e. bestDo is called.However, unliketheformer
case,the interpretercannotchoosethe bestalternative. It is not in the handof
theagentto decide,but nature's choice.Accountingfor that, theaverage of all
alternativesis returned.For valueandterminationprobabilitythismeansthatthe
resultsof thealternativesareaddedwhereeachalternative o is weightedby its
probabilityof occurrence,asde�ned by prob(o;� ; s). Thepolicy is constructed
from thesensingactionsenseEffect(� ) andif-then-elseconstructswerethesense
conditionsareusedto detecttheactualoutcome.

Thiswayof solvingtheproblemis obviouslydifferentfrom theiterativealgorithms
describedin Section3.1.5:Themaindifferenceis thatthealgorithmathandsolvesthe
problemonly for a particularstartingpoint, the currentsituation,insteadof iterating
over the entire statespace. The algorithm is known as decisiontree search [6] or
directedvalueiteration[5], astheresultingpolicy is adecisiontreerootedin theinitial
situation.This is in contrastto thede�nition of apolicy of Section3.1.4whereapolicy
wasde�ned asa mappingfrom the setof statesto actions. The greatadvantageof
thealgorithmis that it canoperateevenon in�nite statespaces.This is trivially true,
becauseby construction,thealgorithmwill only reacha �nite numberof statesduring
processing.Thispartof statespaceis exploredassomekind of reachabilitygraphfrom
theinitial situation.

The disadvantageof this algorithmis the following: As describedabove, the al-
gorithm takessituationsasstates.Dependingon the propertiesof the domain,it can
oftenhappenthat intuitively equalstatesaretreatedasdifferent. This meansthat for
all these,theremainingprojectionis run, althoughit is alwaysthesame.In thatcase,
computationalcomplexity is increasedunnecessarily.11

Fromthesepropertiesit followsthatthisalgorithmis especiallyusefulfor domains
with a continuousstatespace.Therethedescribedadvantagehasits effect, while the
disadvantagedoesusuallynot, sincein continuousstatespacesit is unlikely to pass
throughacertainstatemorethanoncein adecisiontreesearch.

11Wepresentasolutionto thisproblemin theSection5.2.
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The centralpoint of DTGOLOG is that nondeterminismcan freely be combined
with commonprogrammingconstructs.Seenfrom theperspectiveswherethecompo-
nents(decision-theoreticplanningandprogramming)originate,this canbeenunder-
stooddifferently:

� Seenfrom thepointof view of programming,DTGOLOG simplyaddsnondeter-
minismwith adecision-theoreticsemanticsto thelist of allowedconstructs.

� From the standpointof decision-theoreticplanning, DTGOLOG allows to re-
strainthesearchspaceby incorporatingdomainknowledge,representedby de-
terministicdecisionrules. Thesedeterministicdecisionrulesareformulatedin
termsof programmingconstructs.

An Example

To illustratehow in practicethe combinationof programmingandplanningcanlook
like, we presentthree different approachesto a simple navigation problem in the
Maze66(cf. Figure2.1 (a)). Startingin cell (1; 1) the agentcanmove in any com-
passdirection,whereamovesucceedsasintendedwith probability0.91andotherwise
leadsto any otheradjacentcell. Eachmovecosts1 andatposition(4; 4) thereis ahigh
positive reward.

1. A simpleprogrammingapproachto thisproblemcouldbethefollowing:
[ while ( y < 4, down), while (x < 4, right )]

which �rst goesdown to thecorrecty coordinate,andthenheadsright.

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

Thatis, while thepositionis not (4; 4), choosenondeterministicallyto go in any
possibledirection.

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

whichnondeterministicallychoosesoneof two waysto take to thegoal.

All theseapproacheswill �nd the bestpathto the goal cell. However, they differ in
quality: if weusetherequiredcomputationaltimeandthe�e xibility of theapproaches
asquality criteria, the following pictureis drawn: The programmingapproachtakes
almostno time,but it is only applicablefor exactly this problemandfor deterministic
actions.If oneof thetwo doorstherobothasto passthroughwereclosed,theprogram
would no longerreachthegoal. Also if oneof theusedactionsfails, theprogramwill
looseits trackandfail. Thesecondapproachis highly �e xible andcan,aslong asthe
uncertaintyof themovesis known, handlenondeterministicactions.It will �nd asolu-
tion for any positionof thegoal if oneexists. However, it is computationalexpensive
and,in particularwhenusingthedecisiontreesearchalgorithmof DTGOLOG, takes
prohibitively long. The third approachcanbe seenasthe resultof incorporatingthe
knowledgethatoneof thedoorsalongthe two possibleshortestwaysmaybeclosed.
On the downsideit neithersupportsnondeterministicactions. The somewhat higher
�e xibility of theapproachis paidby a little bit longercomputation.
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TheexampleillustratesthatusingDTGOLOG it is possibleto incorporatedomain
knowledgeto increase�e xibility , by integratingplanningwith programming.It is up
to theprogrammerto decideon how muchuncertaintyto accountfor, by usingmore
nondeterminismin theprogram.This enablesto reactuponsurprisingchangesin the
world, like a closeddoor in this case.Additionally it is noteworthy thatevenwithout
uncertaintyin the domain,a planningapproachis generallyeasierto implementand
�nds thebestpossiblesolutionif theworld is correctlymodeled.

4.2.3 Online DTGolog

In theintroductionwesketchedtheshortcomingswith DTGOLOG. Oneof whichwere
that the DTGOLOG interpreteris a pure off-line interpreter. In analogyto the mo-
tivation for an incrementalGOLOG interpreterdescribedin [12], Soutchanski[37]
recentlyproposedan on-line extensionof DTGOLOG. He recognizesthe needfor
an incrementalinterpreterthat allows for sensingactions. As for the incremental
GOLOG interpreter, he claims that solving a programto the end beforeexecuting
a �rst actiontakestoo long andmayevenbeunnecessaryif theprogramis a sequence
of logically independentproblemsthatcanbesolvedoneafteranother.

The solutionSoutchanskisuggestsis that of addinganotherargumentto bestDo
statingtheremainingprogramafterthe�rst stepof thepolicy hasbeenexecuted.The
generalexecutionsemanticsof thenew interpreteris asfollows: In eachstep,the re-
mainingprogramis interpretedoff-line upto agivenhorizonconstructingapolicy, just
like in DTGOLOG. Thenthe�rst actionof thepolicy is executedandtheprocesspro-
ceedswith the remainingprogram.This way, at each stepa projectionis performed.
This is eventhecase,if thereis no nondeterminismusedwithin theprogramup to the
givenhorizon.To bettercontrolthesearch,Soutchanskiintroducestwo new constructs
optimiz e(� ) and local(� ). The former can be usedin sequencesto constrainthe
searchto theprogram� ignoringany remainingprogram.If local(� ) is used,a policy
for � is constructed(up to thegivenhorizon)which thenreplacestheoriginalprogram
� .12 That is, theinterpretercommitsto this policy without having any secondthought
while execution.Althoughthis intuitively shouldallow to executea largersequenceof
actionwithoutmuchcomputationalexpenses,this is only partially true:As thegeneral
semanticsof theinterpreteralwaysoptimizesover thenext stepsup to thegivenhori-
zon,evenafterusinglocal theinterpreterwill try to optimizethealreadydeterministic
programwhich is the policy returnedby local. Although projectinga deterministic
programis usuallymuchfasterthanprojectinga programcontainingnondeterminism,
it is completelyunnecessary.

As a resultfor our work, it remainsto saythatSoutchanski's work addressedthe
right problems,but still appearsto leave spacefor improvements.Our approachto the
issueof on-linedecision-theoreticplanning,whichwewill addressin Section5.1,will
follow the ideasof the incrementalGOLOG of [12] for nondeterminismandusinga
transitionsemantics.In particular, we not generallyoptimizea programbeforeexecu-
tion. Insteadwe will only searchfor a policy whenrequestedby the userthrougha
searchoperatorsimilar theoneproposedin [12].

12Unfortunately, [37] doesnotexplainhow local(� ) behavesin casethehorizondoesnotsuf�ce to render
a policy for theentireprogram� . If in thatcasestill � werereplacedby thepolicy, thepartof � behindthe
horizonwouldbediscarded,whichobviouslycannotbeintended.



Chapter 5

ReadyLog

Basedon ICPGOLOG wehavedevelopedthelanguageREADYLOG andextendedthe
ICPGOLOG interpreterimplementedin ECLiPSePrologaccordingly. READYLOG ex-
tendsICPGOLOG by possibilitiesfor decision-theoreticplanningas in DTGOLOG.
Thiscanbecomparedto thework of Soutchanski[37] asit dealswith on-lineplanning
andplanexecution.Yet,our solutiondiffersfrom Soutchanski's work by thedirection
from which theproblemis approached.

Moreover, the conceptof optionshasbeenintegrated: de�ning local MDPs, the
usercan computeoptimal policies for recognizedsub-problemsalong with models
abouttheeffectswhenfollowing suchapolicy in acertainstate.Theresultcanbeused
just likeany othernondeterministicactionandin particulartheusercande�ne options
overoptions.

Motivatedby the needto increaseperformance,a preprocessorhasbeenimple-
mentedthattranslatesREADYLOG codeto Prologpredicates.Finally, thepreprocessor
is alsousedto allow auser-friendliersyntaxandto automatethecomputationof options
from localMDPs.

We begin this chapterby presentingour approachof integratingdecision-theoretic
planninginto anon-line interpreter. Thereafter, optionsandespeciallytheir construc-
tion within our interpreterarediscussed.We�nish thechapterwith somedetailsabout
thefunctioningof thepreprocessor.

We usestandardlogical notationandpresentthe de�nitions of predicatesasfor-
mulas(the implementationin ECLiPSeProlog can be found in the appendix). We
assumestandardsemanticsfor arithmeticsandlists. We usetypewriter -font for
implementationaldetailsandwhenpresentingexampleprograms.

5.1 Decision Theory

As discussedin Section4.2.1,ICPGOLOG doesnotincludenondeterminism.Werein-
troducednondeterministicactionselectionandnondeterministicchoiceof argument
with a semanticssimilar to that of DTGOLOG. Before we can formalize the MDP
implicitly de�ned by a program,we have to decidehow to modeluncertaintyin our
system.Along with thatcomesthequestionof how to maintainfull-observability. Af-
ter we have presentedour answersto thesequestionsandhave formalizedtheimplicit
MDP, wewill directourattentionto questionsarisingfrom thenew on-linecontext.

48
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5.1.1 Modeling Uncertainty

Both, ICPGOLOG andDTGOLOG haveanotionof uncertainty, thoughthewayuncer-
tainty is modeleddifferswith respectto thedifferentapplications.Thetwo approaches
canbedescribedasfollows.

� ICPGOLOG modelsuncertaintyusing prob(p; � 1; � 2) statements,expressing
thatwith probabilityp thesub-program� 1, andwith remainingprobability1� p
� 2 is executed.Uncertaintyof thatkind is usedto performprobabilisticprojec-
tion which is doneasfollows: In parallel,usingthe constructpconcfor prob-
abilistic concurrency, a program� anda low-level model� of thebaseactions
of thesystemareinterpreted.Thereby, the low-level modelworksasa simula-
tor of what would actuallyhappen.Whenthe programexecutesan action,the
modelsimulatesits effectson theworld, thatis, it changes�uent valuesaccord-
ingly. Sincethe low-level modelcanbeanarbitraryprogram,particularlyable
to useprobalsowithin whil e-loops,it is not possibleto foretell thenumberof
outcomesthesimulationof oneactionmayhave. Thiscausesproblemsfor main-
tainingfull-observability aswewill seebelow.1 Herearetheadvantages(+) and
disadvantages(–) of thisapproach:

+ Theeffectsof actionscanbedescribedbycomplex programsusingall com-
monprogrammingconstructs.Thisallows to modelverycomplex effects.

– The actionsin the programand their effects describedin the model are
not linked. This makesit hardto decidewhena sensingactionshouldbe
executedto determinewhichoutcomeanactionactuallyhad.

– The concurrentinterpretationcomesalong with a ratherhugecomputa-
tional overhead.Also, asthelow-level modelby itself is a program,it has
to be interpretedto determineits impacton �uents. This is ratherslow
comparedto otherpossibilities.

– Carehasto be takenby theuserwhenimplementingthe low-level model
to assureit is only executablewhen intended. It hasto intervenein the
programexactly whenanactionhasto besimulated.This canbeachieved
usingacertainarchitecture(seeSection4.3of [18]).

� We describedthe way DTGOLOG modelsuncertaintyin Section4.2.2leaving
only theprosandconsto bementioned:

+ It is straightforward to implementthe possibleoutcomes/effects together
with eachnondeterministicaction.

+ Full-observability is maintained.

+ The effectsof the possibleoutcomesof an actionarealreadyrepresented
by successorstateaxioms,which makesany moreinterpretationat time of
projectionunnecessaryandthussavestime.

– It is notpossibleto modelcomplex outcomes.All effectshaveto beassem-
bled into the successorstateaxiomsof the outcome-describingprimitive
actions.

1Notethatfor theuseof probabilisticprojectionasin ICPGOLOG, full observability is notanissue.This
is, becausetheintentionof theprojectionis not to constructapolicy. See[22] for details.
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We aimedat merging theadvantagesof bothapproaches.Our solutionmakesuse
of the preprocessorwhich we will presentin detail in Section5.3. The main ideais
to generalizefrom nondeterministicprimitive actionsto nondeterministicprocedures.
At time of executionthe normalbody of the procedureis used,while for projection
a model is applied. This leaves more freedomand includesthe approachof DT-
GOLOG asaspecialcase.

Stochastic Procedures

We �rst presentthe formal de�nition of stochasticprocedures,beforedescribinghow
theusercande�ne themmoreabstractly.

A stochasticprocedure is a procedurep(~x) de�ned by proc(p(~x); bp(~x)) , where~x
aretheargumentsof p, for which

� apreconditionaxiomstoch proc poss(p(~x); s) � ' p(~x; s) exists,and

� an effect axiom of the form stoch proc outcomes(p(~x); s; 
 ;  ) �

 p(~x; s; 
 ;  ) exists, where 
 is a list of outcomesand  is a sensingpro-
gram which sensesall necessarydatato determinethe outcomethat actually
happened.Thelist of outcomeshaselementsof theform (! ; pr; � ), where! is
an ICPGOLOG programdescribingthe outcome,pr is the probability for this
outcome,and� is thesenseconditionfor this outcome,that is, a conditionthat
holdsif andonly if this outcomein thelist hasactuallyhappened.Theprogram
! hasto bedeterministicandin particularmustnot containprob-statements.

This constitutes the counterpart to the nondetActions (a; s; 
) predicate of
DTGOLOG: we replaceboth, the action and the elementsof the outcomes-listby
procedures.Furthermore,we integratethe de�nition of senseconditionsanda sense
programinto this de�nition, insteadof keepingthemseperateas in DTGOLOG (cf.
Section4.2.2). The semanticsof theseaxiomsis similar2: if procedurep(~x) is exe-
cutedin situations, the world will changeto a new situations′, wheres′ is de�ned
by tr ans∗(! i; s; ! if inal ; s′) with probabilitypri, where! i is theprogramof the i -th
entryin list 
 , pri is thecorrespondingprobabilityandtr ans∗ is thetransitiveclosure
of thetr ans-predicate(cf. Section4.2.1).Thatis, theprogramsare“executed”by the
transpredicateuntil a �nal con�guration,whereno moretr ans-stepsarepossible,is
reached.In thiscon�gurationtheremainingprogram! if inal is called�nal.

Thatway theoutcomedescribingprogramsde�ne a setof possiblesuccessorsitu-
ationsjust like theoutcomedescribingprimitiveactionsin DTGOLOG. Thedifference
is thatentireprocedures,asusedhere,allow more�e xibility thansingleprimitive ac-
tions.3

However, this is theformal de�nition of a stochasticprocedure.We do not require
the userto de�ne theseaxioms,and in particulardo not requirehim to implement
any Prolog code. Instead,the usercan do all de�nitions in a GOLOG like meta-
language.Thesewill thanbeconvertedby thepreprocessorto theabove form, thereby
alsocompilingasmuchaspossibleto Prologto speedup theprojection(seeSection
5.3for detailsaboutthepreprocessor, its aim,andtheway it works).

We now presenta motivating examplewhich is to presentthe intuition aboutthe
de�nitions. Afterwardswe go into sometechnicaldetailof de�ning stochasticproce-
dures.

2For a formalde�nition of thesemanticsof stochasticproceduresseepage60.
3Without proving this claim any further, we remark,thatthis is becauseof thesamereasonswhy while-

loopsarenot �rst orderrepresentable.
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Example 5.1.1 For example, thefollowingprocedure modelcouldbede�ned:

1 proc_model ( makeCareer ,
2 [ if (educationLevel =high ,
3 sprob ([ (becomeProfessor , 0.4, employer =university ),
4 (becomeManager , 0.6, employer =company )],
5 senseEmployer ),
6 sprob ([ (becomeFireman , 0.3, drive =fire_truck ),
7 (becomePoliceman , 0.5, drive =motorcycle ),
8 (becomeAmbulanceman , 0.2, drive =ambulance )],
9 senseVehicle ) )] ).

Theintuition is the following: the procedure makeCareer hasdifferent out-
comesdependingon the level of educationof the agent (we assumethat
educationLevel is a �uent and can havevalueshigh and low ). If the
agent is well educated,makingcareerwill make it a professorwith probability
0:4 anda manager with probability 0:6. After performingthis procedure in the
realworld, theagentcandeterminetheactualoutcomebysensingits employer:
If it is a university, it musthavebecomea professor. Otherwise, if it is a company,
it turnedout to bea manager. On theotherhand,if theeducationallevel is not
high, the agent will either becomea �r e �ghter, a policemanor an ambulance
man.

Thefollowing detailsarerathertechnicalandcanbeseenasa referencefor usingthe
interpreter. They arein particularnot essentialfor understandingtheremainderof this
or any following chapters.

Theusercande�ne any procedureto bestochasticby providing

� aprecondition' p, de�ned by proc poss(p; ' p), and

� aprocedure modelmp, de�ned by proc model(p;mp),

where' p is a legal ICPGOLOG conditionstatingwhentheprocedureis executable.4

A procedure modelm is apossiblyemptysequenceof

� primitiveactions,

� tests?(' ), where' is a legal ICPGOLOG condition,

� conditionalsif ('; a; b), where' is a ICPGOLOG condition and a and b are
proceduremodels,and

� anoptionalsprob-statementat theveryendof thesequence.5

An sprob-statement6 takestwo arguments:

� a list of outcomes
 whereeachelementhastheform (e;p; � ) with

– e anarbitraryICPGOLOG programdescribingtheeffectsof thisoutcome,

4See[22] for a formalde�nition of an ICPGOLOG condition.
5As soonasanspr ob-statementis hit, thesequenceis cutafterconsideringthisstatement.If in factsuch

a statementdoesnot appearasthe �nal elementof the sequence,the preprocessorprints a warningto the
screenthatany laterinstructionsarebeingignored.

6Reads-prob-statement,for sensibleprob-statement.
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– p theprobabilityfor thisoutcome,

– � a legal ICPGOLOG conditionwhichholdsif andonly if thisoutcomein
thegivenlist hashappened.

� a sensingprogram which is anarbitrary ICPGOLOG programwhich is under-
stoodto performall requiredsensingactionsto determinewhich outcomehas
happened.

The probabilitiesin list 
 areassumedto sumup to 1.0.7 The sprob-statementhas
a similar semanticsas the prob-statementof PGOLOG [20] and ICPGOLOG. The
only differencesarethat in an sprob-statementwe canhave an arbitrary long list of
alternatives,eachcarryingits own probability, andthatfull-observability is maintained
by naminga sensingprogram(usuallyonly oneprimitive action)andsenseconditions
for all outcomes.

Fromthesede�nitions, thepreprocessorcreatesastochasticprocedure,by generat-
ing therequiredaxioms.In particular, all appearingconditionsarecompiledto Prolog
code(seeSection5.3),whichsupersedesfurtheron-lineinterpretation,saving time.8

While thepreviousexamplewasparticularlymadeup for illustration,to show the
useof if -statementsin suchmodels,andto show a casewhereeffectively morethan
onesprob-statementis permittedto appear, thefollowing is anexamplethatwe actu-
ally appliedin controllingrobots.

Example 5.1.2 We usedthe following procedure modelat ROBOCUP2003(Padua)
Mid-Sizetournamentto describeour intuition aboutthepossibleoutcomeswhen
a robottries to 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 ]])),
7 sprob ([
8 ([ set_ecf_agentPos (Own, [X, Y], [0,0]),
9 set_ecf_agentAngle (Own, Angle , 0)],

10 0.2, isDribblable (Own)),
11 ([], 0.8, not ( isDribblable ( Own))) ],
12 exogf_Update )
13 ]).

The�r st de�nition expressesthat interceptingtheball is possibleif andonly if
theball is not in oneof thegoals.The�r st part of theprocedure modelis a test
in which thepositionis computedwhich wouldresultfromdirectlydriving to the
ball fromthecurrentpositionof therobot. In theconsecutivesprob -statement,
twopossibleoutcomesare listed: eithertherobotsuccessfullyinterceptstheball
andendsup at thecalculatedpositionat theball (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 theagent's angleto thegivenvalue). Or the interceptionfails leavingthe

7Actually the preprocessorprints a warningto the screenif at compiletime it canalreadyrecognizea
violationhere.

8Notethatfor thesede�nitions thereis noformalsemanticsde�ned,sincethey areconvertedto astochas-
tic procedure,for whichwealreadydescribedthesemantics.
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robot where it is. The rather low probability of 0.2 for a successexpresses
how dif�cult it is for the robot to securely intercept the ball. The condition
isDribblable(Own) holds if and only if the ball is close in front of the
robot. Theemptyprogram in line 11, usedto denotea failure, is probablynot
a gooddescriptionof what really changesin theworld if the interceptionfails.
However, it is verycomplex to accountfor all waystheactioncouldfail. Yet, for
planningit mostlyonlymatters that therobotremainswithouttheball.

Also theusercande�ne (optional)costsconnectedwith a procedure.This is doneby
the predicateproc costs(p;costsp; ' ) where' is a conditionunderwhich the costs
arecostsp.9 For example,costsp canbea variablewhich dependson thecondition' .
Thenit is possibleto connectdifferentcostswith differentsituations.For theexample
above,weassignedhighercostsin situationswheretheball is in front of theown goal,
sinceinterceptingthe ball thereis ratherrisky. Interceptingthe ball in front of the
opponentsgoal,on theotherhand,wasevenassigneda reward(negative costs).

Explicit Events

In Section3.1.2we discussedtwo typesof actionmodels:implicit- andexplicit event
models. In a nutshell,implicit event modelsdescribeall eventsthat canhappenbe-
tweentwo agentactions,aseffectsof the �rst action. Even if aneventdoesnot have
any causalrelationto that action. Explicit event models,on the otherhand,describe
sucheventsasindependentof agentactionsby specifyingtheir probability of occur-
renceand their possibleeffectsdependingon the systemstate. While the former is
requiredfor anMDP, the latter is moreintuitive to implement.If certainassumptions
aremet,we describedhow anexplicit eventmodelcanbe transformedto an implicit
one.In READYLOG weallow theuserto de�ne explicit eventsandmakingtherequired
assumptionsapplythedescribedalgorithmto automaticallygenerateanimplicit model
from that10. Explicit eventsarein additionto stochasticproceduresa way to express
uncertaintyof thesystemandcan,for example,beusedto modelthebehavior of other
agentsin amulti-agentsystem.

Explicit eventsarede�ned very similar to stochasticprocedures,but they lack a
procedurebody, sincesucheventsareonly intendedfor projection,not for execution.
The predicatesevent poss("; cε), event model("; mε), and event costs("; costsε)
areusedto de�ne anevent. Intuitively, thesemanticsis asfollows 11: at eachstepof
theprojection,for eachde�ned eventit is checkedwhetherthiseventis possiblein the
currentsituation.If so,theprojectionis continuedfor eachof its outcomes.

Then, for example,expectedadversarialbehavior can be modeled. Assumewe
observedthatin ROBOCUP mid-sizetheopponentgoaliealwaysstaysononeline with
theball. Thenthiscanbemodeledby somethinglike thefollowing:

1 event_poss ( oppgoalie_event , true ).
2 event_model ( oppgoalie_event ,
3 [ ?( and ([position (opp_goalie ) = [GX, GY],
4 ballPos = [BX, BY]])),
5 set_position ( opp_goalie , [GX, BY])
6 ]).

9This will beconvertedby thepreprocessorto a predicatestoch pr oc costs(p; c; v) ≡ _' , where _' is
logically equivalentto ' , but is implementedin Prolog(seeSection5.3).

10In fact,no explicitly representedimplicit eventmodelis created.Insteadthenecessarytransformations
aredoneon-the-�y in theprojectionalgorithm.

11cf. page57 for theformalsemantics
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The alternative would be to requirethe userto implementalreadyan implicit event
model,which in thegivenexamplewouldamountto folding thiseventinto themodels
of all actions,asdescribedearlier. Thus,addinga new event would always require
modi�cationsto all existingactionmodels.

Explicit eventscanalsobeusedto modelsomeformsof concurrency andtheoc-
currenceof exogenousevents.

The pros and consof our approachto modelinguncertaintycan be summarizedas
follows:

+ Full-observability is maintained.

+ Becauseevery sub-programcanbeencapsulatedinto a procedure,for any sub-
programamodelcanbede�ned. Thisenablestheuserto freelychoosethelevel
of abstractionat which he likesto modelnondeterminismand,thus,on which
level to performplanning.

+ Interpretationaloverheadis minimized.12

+ The de�nitions by the userareindependentof Prolog. This is anotherstepto-
wardsfreely choosingin which programminglanguageto implementthe inter-
preteror evenacompiler.

– The usageof constructsis restrictedcomparedto generalPGOLOG programs
ascanbeusedin theprobabilisticprojectionof ICPGOLOG.

Therestrictionsof thelastitemarisefrom theneedto maintainfull-observability.13

Full-Observability

Somerelevantconsiderationsaboutfull-observability, theability of theagentto always
accuratelydeterminethecurrentstate,concludethediscussionof modelinguncertainty.

As in DTGOLOG, full-observability in READYLOG is providedby keepingtrackof
whattheagentdoes(conferSection4.2.2).Recall,that this meansthatafterperform-
ing an actionwhich wasdeclarednondeterministic,the agentperformsoneor more
sensingactionsto determinewhich of the possibleoutcomeshasactuallyhappened.
Theagentthenalwaysknowswhichprimitiveactionsof thesituationcalculushaveac-
tually happenedandthusknowsthesituation,thatis, thestate.Figure5.1(a)showsthe
caseof uncertaintywhichwepermit: theboxsymbolizesanondeterministicaction.Its
proceduremodel,thecontentof thebox, usesexactly onesprob-statementwith three
possibleoutcomes.After executingthis actionin therealworld, theagentcanusethe
sensingactionsde�ned togetherwith thesprobto determinewhich outcomeactually
happened.

Supposewepermittedcompositionsof probabilisticbranching,for examplethrough
sequencesor nestingof sprob-statements,this is illustratedby Figure5.1(b). Thenwe
would needto generatea sensingprogramandsenseconditionsto observe theoverall
outcome.However, theuseronly speci�edhow thealternativesatonebranchingpoint
(in onesprob-statement)canbedistinguished.A naive attemptwould beto sequence

12In fact, the Prolog code generatedby the preprocessoris as fast as hand coded effects in DT-
GOLOG wouldbe.SeeSection5.3for aquantitativecomparison.

13cf. Section4.2.2
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(a)

A

C

B

(b)

Figure5.1: (a) a nondeterministicactionwith only onesprob-statement,indicatedby
thecircle; (b) anondeterministicactionwith nestedsprob-statements

thesensingprogramsandconjointhesenseconditionsof sequentialbranchings.Unfor-
tunately, this doesnot work in generalsinceanearlysenseconditionmight bevoided
by alatereffect. Technically, this is true,becauseanondeterministicactionof any kind
(treatedasprimitive or complex) is like a blackbox to theuserandwe needa sensing
programanda senseconditionthat canbe usedafterwardsto decidewhich outcome
hashappened,basedonly on the input. In particular, we cannotobserve intermediate
stateswithin thebox. In the�gure this meansthatwe have no possibility to sensethe
outcomeof thesprob-statementA. Thiskind of uncertaintywedonotpermit.Weonly
allow uncertaintylike the oneof Figure5.1 (a), with at mostonesprob-statementat
theendof asequencein aproceduremodel.14

Anotherapproachto thisproblemwhichcouldbeinvestigatedin futurework could
be the following: Insteadof focusingon the momentof branching,onecould create
conditionsdirectly for theoutcomes.This couldfor examplebedoneby specifyinga
setof �uents andto determinethevaluesfor these�uents for eachpossibleoutcome
accordingto the appliedactionswithin the model (all describedin one way or the
other in the situationcalculus). After executingthe nondeterministicprogrampart –
actionor procedure– the valuesfor these�uents would have to be sensedandused
to decideon the actualoutcome. This approachis motivatedby the questionwhich
of the listed outcomesdescribesthe actual�uent valuesbest. However, in realistic
domainswhere�uents arecommonlyrealvalued,it is mostlyunlikely that thevalues
of the speci�ed �uents in the modelmatchwith thosein the real world. Thus,some
kind of classi�cationis required.Thiscertainlygoesbeyondthescopeof thiswork. In
investigating this matter, it could be interestingto combinethe researchwith on-line
learningtechniquesto 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�ned in a
READYLOG program,albeitonly brie�y , focusingon thedifferencesto DTGOLOG.

state space = situations : Thispoint staysunchanged.

action space = stochastic procedures + primitive actions : In additionto theprimi-
tiveactions,wehaveto formally addstochasticproceduresto thesetof MDP ac-
tions. This is becausethemodelswe have of themonly applyto theprocedures

14Note that in the earlierexampleon page51, the two occuringspr ob-statementsappearedin disjoint
casesof aconditionalandin particularareneithernestednor in sequence.
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assuch,althoughthe proceduresusuallycontainprimitive actionsthemselves.
Herebythelaterde�ned optionsareincludedasthey arecompiledto stochastic
proceduresby thepreprocessor(seeSections5.2,5.3).

transition function = SSAs, procedure models, explicit events : The transition
function is not as simple as in DTGOLOG, wherethe successorstateaxioms
coulddirectly beusedfor the transitionfunction. For primitive actionsit stays
similar to the extent that the successorstateaxiomscan be used,but now all
possibleexplicit eventshave to befoldedinto thetransition.It worksasfollows:
after the effectsof the primitive actionshave beenapplied,a new situationis
reached.Thelist of all eventsis traversedandall eventsthatarepossiblein this
situationareappliedoneafteranother, which leadsto new situationsand�nally
to thesuccessorsituations/states.15

This workssimilarly for stochasticprocedures,though,for theseno immediate
successorstateaxiomsexist. Insteadthede�ned outcomeprogramshave to be
completelyinterpretedto obtain the possiblesuccessorsituations. Due to the
transitionsemanticsof ICPGOLOG, this is, however, very easyaswe canim-
mediatelyusethe transitive closureof the Tr ans predicate.That is, Tr ans is
appliedto eachoutcomeprogramrepeatedly, startingin the currentsituation,
until a �nal con�guration is reached.Afterwardsthepossibleexplicit eventsare
processed,just like for primitiveactions.

This ratherintuitive descriptionis formalizedby thepredicatebestDoM in the
next section.

reward function = reward - costs : In additionto �uents, ICPGOLOG offers to de-
�ne functionsthat take a certainvaluedependingon somecondition. Formally
a functionis de�ned by f unction (f ; v; ' ), with thesemanticsthat thefunction
f hasthe valuev if the condition ' holds in the actualsituation. In READY-
LOG, the userde�nes a specialfunction Reward which is understoodto as-
sign a value to eachsituation. For examplef unction (Reward;v; v = 10 �
distance(B all ; Opponent goal)) couldbeareasonablerewardfunctionfor the
ROBOCUP Mid-SizeLeague,basedon thedistanceof theball to theopponent
goal.

Costs,asbefore,additionallydependonanactionandcanbede�nedfor stochas-
tic procedures.If nocostsarede�nedfor aprocedure,it doesnotcauseany costs.

5.1.3 Solving the Implicit MDP

The coreextensionwe madeto ICPGOLOG is preciselyto solve MDPs implicitely
de�ned in theprogramasdescribedabove andto executetheresultingpolicy. In this
sectionwedescribethedevelopedandimplementedalgorithmfor solvingtheMDP, in
thenext weshow how to representandexecutetheresultingpolicy.

Unlike theapproachof Soutchanski[37], we do not usea semanticsof continuous
optimization.Recall,thathis interpreterkeptprojectingtheproximatefutureto create
a policy for it, but thenonly performedthe �rst stepof it beforerestartingthepolicy
construction.Our idea is closerto the constructionof the incrementalGOLOG in-
terpreterin [12]. Generalprogramexecutionis de�ned by the transitionsemanticsof
ICPGOLOG. After eachstepof programinterpretation,i.e., onecall to Tr ans, the

15Notethatby thissemantics,theorderof eventsmatters.
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action is executedin the real world. To interrupt the on-line executionin order to
deliberatecreatinga plan, the usercanusethe new programmingconstructsolve: a
transitionstepof solve(� ; h) changesto off-line modeandstartstheprojectionprocess
for program� up to a depthof h. Afterwards,the �rst stepof thepolicy is executed,
leaving the restof its executionto the remainingprogramreturnedby Tr ans. Not
all programmingconstructsof ICPGOLOG aresupportedwithin a solve-evaluation.
We call a programthat is allowed with solve-statementsa plan-skeleton. We allow
the following constructsin plan-skeletons: sequences,primitive actions,procedures
(in particularstochasticprocedures),if-then-else,tests,while-loops,waitFor, nonde-
terministicactionchoice,andnondeterministicchoiceof argument(with andwithout
optimization,seebelow pickB est andpi respectively). In particular, we do not allow
constructsexpressingconcurrency, but allow someconcurrency by de�ning explicit
events.Below wediscussthemostrelevantconstructsandexplicit eventsin detail.

The projectionprocess,optimizing over the proximatefuture, works as in DT-
GOLOG by applyingdecisiontreesearch.This is implementedby therecursive pred-
icatebestDoM . This predicatetakesseven arguments,four of which we understand
asinput arguments,theremainingthreewe call outputarguments.Thesearetheargu-
mentsandtheir intuition:

1. Theplan-skeleton� to beoptimized.It only makessenseto have plan-skeletons
thatmentionnondeterministicchoices,sinceit is exactly thesewe areaimingto
optimize.Thatis, wewantto decidewhichof thealternativesto take in orderto
achieve thegreatestpossibleoverall reward.

2. Thesituations wherethedeliberationis started.At the root of thebestDoM -
evaluationthis is the situationwherethe executionof the global programwas
interrupted.Seenfrom theperspective of MDPs,this is thestate.

3. Theremaininghorizonh until theoptimizationprocessstopsto reporttheresults.

4. Theoptimalpolicy � returnedby theprocess.

5. Theexpectedvaluev for following theabove policy.

6. Theprobabilityp of successfullyterminatingtheplan-skeleton.

7. Anotherinput argument� indicatingwhetherfor this projectionstepthe list of
eventshasyetbeenprocessedor still hasto be.

In thefollowing, we will describethede�nition of bestDoM for theallowedpro-
grammingconstructsin plan-skeletonsandfor explicit events.

Explicit Events

The last argumentof bestDoM is a boolean:If it is TRUE, the interpreterinitiates
theprocessingof possibleevents.It startsby gettingthecompletelist of de�nedevents
� , which is createdat timeof preprocessing:

bestDoM (� ; s;h; � ; v; p; � ) �

� = TRUE ^ h � 0 ^ 9(�) events l ist (�) ^

(� 6= [ ] ^ bestDoM event(� ; � ; s;h; � ; v; p)

_ � = [ ] ^ bestDoM (� ; s;h; � ; v; p;F ALS E))
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If this list is empty, it simplyproceedswith program� . Otherwise,it callsanauxiliary
predicateto processall entriesof thelist. Basicallya treeastheonedepictedin Figure
5.2 is spannedto createall of its leaves,wherethe normalprojectioncontinues.For

program

program

program

program

Situations

event 1

event 2

event n

Figure5.2: Thetreecreatedby theexplicit events.At theleavestheordinaryoptimiza-
tion is continued.

spanningthetreeweneedtwo auxiliarypredicates,onefor iteratingthroughthelist of
all events,theotherfor iteratingthroughall possibleoutcomesof oneparticularevent.
Theformeris implementedasfollows:

bestDoM event(� ; [ ]; s;h; � ; v; p) �

bestDoM (� ; s;h; � ; v; p;F ALS E):

bestDoM event(� ; [" j�] ; s;h; � ; v; p) �

(prolog event poss("; s) ^ 9(
 ;  )event outcomes("; s; 
 ;  ) ^

9(� list; vlist)bestDoM event Aux (� ; � ; 
 ; s; h; � list; vlist; p) ^

9(r; c)prolog f unction (Reward; r; s) ^

(prolog event costs("; c;s) _ : prolog event costs("; c;s) ^ c = 0:0) ^

v = r � c + vlist ^ � = [perf orm( )j� list]) _

(: prolog event poss("; s) ^ bestDoM event(� ; � ; s;h; � ; v; p))

The�rst case,for anemptylist of remainingevents,constitutesa leaf of thetree.For
eachleaf, theprogram� is furtherprojected.In thesecondcase,it is �rst checked if
theeventis possiblein theactualsituation.If so,theotherauxiliarypredicateis called
to createall outcomesandgo on with projectionfor eachof it. Further, rewardsand
possiblecostsarecomputedandtogetherwith thesubsequentvalue(vlist) combined
to thereturnedvalue.To laterrecognizewhicheventoutcomehashappened,similarly
asfor stochasticprocedures,a senseprogramhasto beexecutedat run time, which is
indicatedby theperf orm( ) addedto thepolicy.16

Thesecondauxiliarypredicateis de�ned asfollows17:

bestDoM event Aux (� ; � ; [(e;pe; � )j
] ; s; h; � ; v; p) �

16SeeSection5.1.4for detailson thenotionof apolicy in READYLOG.
17For brevity we leaveout thespecialcasefor thelastoutcomein thelist. For thecompletede�nition see

AppendixA.3.
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 6= [ ] ^ 9(�; s′)tr ans∗(e;s; �; s′) ^

9(� tree; vtree; ptree)bestDoM event Aux (� ; � ; 
 ; s; h; � tree; vtree; ptree) ^

9(� rest; vrest; prest)bestDoM event(� ; � ; s′; h; � rest; vrest; prest) ^

v = pe � vrest + vtree ^ � = [if (�; � rest; � tree)] ^ p = pe � prest + ptree

Thetuple(e;pe; � ) describesanoutcome,wheree is aprogramdescribingtheeffects,
pe is the probability of occurrenceand � is a sensecondition. Theseoutcomesare
generatedby the preprocessorfrom the user's speci�cations. The transitive closure
tr ans∗ is usedto computethe resultingsituations′ from applyingthatoutcomepro-
gramin the currentsituation. Thereafter, the remainingoutcomesareprocessedin a
recursive call and,startingin s′, furtherprojectionis initiated. The last line contains
theusualcalculationsfor thereturnedexpectedvalue,policy andterminationprobabil-
ity. Expectedvalueandterminationprobabilityaresimply thevaluesof thesubsequent
projection(vrest; prest) weightedwith the probability for this outcome(pe), plus the
similarly calculatedvaluesfor the otheroutcomes(vtree; ptree). The policy includes
a conditionalover thesenseconditionfor this outcometo decidewhich sub-policy to
takedependingon theactualoutcomeat run-time.

Here the sameconcernsabout full-observability apply as discussedabove. We
circumventcon�icting senseconditionsof outcomesof differentevents,by requiring
independentevents.This is undertheresponsibilityof theuser.

Nondeterministic Choice

By usingthe constructnondet(�) , where� is a list of plan-skeletons,the usercan
leaveadecisionto theagent,whois forcedto decidedependingontheexpectedreward
for eachchoice.

bestDoM ([nondet([� ])j� ′]; s;h; � ; v; p; � ) �

� = F ALS E ^ h � 0 ^ 9(� rest)bestDoM ([� j� ′]; s;h; � rest; v; p;F ALS E) ^

� = [match(nondet(0)) j� rest]

bestDoM ([nondet([� j�]) j� ′]; s;h; � ; v; p; � ) �

� = F ALS E ^ h � 0 ^ � 6= [ ] ^

9(� 1; v1; p1)bestDoM ([� j� ′]; s;h; � 1; v1; p1; F ALS E) ^

9(� 2; v2; p2)bestDoM ([nondet(�) j� ′]; s;h; � 2; v2; p2; F ALS E) ^

(gr eatereq(v1; p1; v2; p2) ^ � = [match(nondet(0)) j� 1] ^ p = p1 ^ v = v1 _

: gr eatereq(v1; p1; v2; p2) ^ 9(n; � 2r est ; n′)� 2 = [match(nondet(n)) j� 2r est ] ^

n′ = n + 1 ^ � = [match(nondet(n′)) j� 2r est ] ^ p = p2 ^ v = v2)

The �rst case,for the last entry in the list, is rathertrivial. The only thing to noteis
that in furtherprojectioneventskeepbeingignored.We understandeventsto happen,
if actuallypossible,only onceat the beginning of eachsituation. Thus,we change
thevaluefor theargumentindicatingwhethereventsshouldbepreocessedor not only
whenreachinganew situation,afteraprimitiveactionor astochasticprocedure.

The secondde�nition takes careof the branching: for the given alternative the
further projectionis startedand the predicateis recursively called for all remaining
choices.Basedonthereturnedvalues,it is thendecidedwhichof thealternativesto rec-
ommend, that is, to write to the policy. This is done by the predicate
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gr eatereq(v1; p1; v2; p2), which expressesthat the �rst expectedvalue/termination
probability-combinationis preferredto the second. Basically the two expectedval-
uesarecompared,as long asthe correspondingterminationprobabilitiesaregreater
zero.In thepolicy theindex of theselectedchoicein thelist is annotated.18

Nondeterministic Parameter Choice

Imaginea robot is to performa certainaction,but at leastfor oneof theargumentsit
is unclearwhich would bethebestvalueto take from a certainsetof possiblevalues.
This couldbemodeledby usinga nondet(�) -statementwherethelist � containsthe
actionfor eachof thepossiblearguments.However, especiallyfor largesetsof possi-
ble valuesandfor morecomplex sub-plan-skeletonsthanjust singleactions,it seems
convenientto offer a morecompactway for describingthis problem. The construct
pickB est(f ; r; � ) decideswhich replacementfor all occurrencesof f in plan-skeleton
� is the bestif the replacementis taken from the set r . In our implementation,r is
de�ned by a list of arbitraryelementsand for two integer numbersa andb the ex-
pressiona..b canbeusedto denotethe rangeof integernumbersfrom a to b. The
bestDoM for pickB est(f ; r; � ) worksby simplysubstitutingall possiblevaluesfor all
occurrencesof f in � , performingprojectionfor all of these,andafterwardsselecting
thebestone. Sincethis is very similar to thede�nition for thenondet(�) -statement,
weomit thedetailsfor thisexpression(seeAppendixA.3 for details).

Stochastic Procedures

Stochasticproceduresaretreatedby bestDoM verysimilar to events.In fact,theonly
differenceis thatstochasticproceduresarecalledfrom theplan-skeleton,while events
just happenoccasionallywhenthey arepossible.Whenthey arenot, it just meansthat
nothinghappens.However, if a calledstochasticprocedureis not possible,thepolicy
hasadeadendandprojectionterminates– for thisbranch.

bestDoM ([aj� ]; s;h; � ; v; p; � ) �

h > 0 ^ stoch proc(a) ^

(stoch proc poss(a[s]; s) ^ 9(
 ;  )stoch proc outcomes(a[s]; s; 
 ;  ) ^

9(h′)h′ = h � 1 ^

9(� rest; vrest)bestDoM stoch Aux (
 ; � ; s;h′; � rest; vrest; p) ^

9(r; c)prolog f unction (Reward; r; s) ^

(stoch proc costs(a[s]; c;s) _ : stoch proc costs(a[s]; c;s) ^ c = 0:0) ^

v = r � c + vrest ^ � = [match(stoch proc(a[s])) ; perf orm( )j� rest] _

: stoch proc poss(a[s]; s) ^ prolog f unction (Reward;v; s) ^ � = [ ] ^

p = 0:0)

Wherea[s] is theprocedurecall with all argumentsevaluatedin situations according
to thesituationcalculus.Thesecondpartof thedisjunctionshows thecasewhenthe
stochasticprocedureis notpossible:Therewardfor thecurrentsituationstill is earned,
but thepolicy from hereis emptyandtheprobabilityof successfulterminationis zero.

18Readersfamiliar with thepolicy representationof DTGOLOG, which is simply a legal DTGOLOG pro-
gram,might bewonderingaboutthepolicy notationused.They arereferredto thenext section,wherewe
arguefor anew kind of policy representationandpolicy execution.
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In theothercase,againanauxiliarypredicateis used,which,oncemore,weonly show
partially:

bestDoM stoch Aux ([( ! ; pω; � )j
] ; � ; s; h; � ; v; p) �

h � 0 ^ 
 6= [ ] ^

(9(�; s′)tr ans∗(! ; s; �; s′) ^

9(� rest; vrest; prest)bestDoM (� ; s′; h; � rest; vrest; prest; TRUE) ^

9(� tree; vtree; ptree)bestDoM stoch Aux (
 ; � ; s;h; � tree; vtree; ptree) ^

� = [if (�; � rest; � tree)] ^ v = vtree + pω � vrest ^ p = ptree + pω � prest _

69(�; s′)tr ans∗(! ; s; �; s′) ^ bestDoM stoch Aux (
 ; � ; s;h; � ; v; p))

WhatbestDoM doeshere,afterall, is to starttheprojectionfor eachpossibleoutcome
andcomputethe expectedvalueandexpectedterminationprobability over themac-
cordingto their probabilitiesof occurrence.Furthermore,usingthesenseconditions,
thepolicy is extendedby aconditionalbranchingto thecorrespondingsub-policy based
on thesensingresult.

Figure5.3shows anexampleof thekind of treecreatedby interleaving nondetermin-
istic (user)choicesand nature's choices. A policy could be depictedsimilarly, but
reducingthe outgoingedgesfrom the boxes(userchoices)to exactly one. The opti-
mizationalgorithmcomputesthemaximumoverall sub-treesin theboxes,while in the
circlesit calculatestheexpectedvaluesover thesub-trees.Thetreeis traverseddepth-
�rst, leaving abranchwheneitherthehorizonis reachedor astateis enteredwhereno
moreactionsarepossible.Otherwaysof traversalcouldbeimaginedandinvestigated
in futurework, for exampleto createananytimealgorithm.Wecomebackto thispoint
in Section7.

user’s choice

nature’s choice (averaging)

(maximizing)

horizon

Figure5.3: An exampletreecreatedby nondeterministicchoices(boxes)andstochas-
tic procedures(circles). Roughly, in the circles the expectedvalueof all children is
computedandin theboxesthemaximumis chosen.
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Other Supported Constructs

Theyetpresentedconstructscharacterizetheplanningingredientto our language.The
programmingingredientis characterizedby theremainingsupportedconstructs,which
arethefollowing:

SequenceAs in ICPGOLOG notatedasa list [a,b,..] .

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

if ('; � 1; � 2) If condition' holds,theprojectionproceedswith sub-plan-skeleton� 1,
elsewith � 2. In thepolicy, thetruth valueof theconditionis annotatedtogether
with the remainingpolicy. SeeSection5.1.4 for the reasonsfor that. As in
ICPGOLOG weuseif ('; � ) asanabbreviation for if ('; � ; [ ]).

whil e('; � ) While condition' holds,the plan-skeleton� is projectedover andover
again. In thepolicy, eachtime thelooprestartsis annotated.As in ICPGOLOG,
weuseloop(� ) asashorthandfor whil e(TRUE; � ).

waitF or(' ) This advancesthe time, i.e. the valueof �uent star t, to the leasttime
point wherethe temporalcondition ' holds. If no suchtime point exists, the
branchis cut. As in ICPGOLOG, weusewhenever('; � ) asanabbreviationfor
whil e(TRUE; [waitF or(' ); � ]) whichperforms� whenever ' holds.

pi(x; � ) Technically, this setsall occurrencesof x in � to a freshvariable. From the
logicalpointof view thisstatementequals9(x)� .

Primitiveactions If the primitive action is possible,the projectioncontinuesfor the
successorsituationdo(a; s), wherea is theprimitive actionands is thecurrent
situation,andaddsthereward for thecurrentsituation. If it is not possible,the
branchis cut. Primitive actionsandstochasticproceduresare,further, theonly
constructswhichdecreasetheremaininghorizon.

Procedures aresupportedasusualin GOLOG by macroexpansion,thatis, theproce-
durenameis syntacticallyreplacedby its body. Onechange,however, takenover
from ICPGOLOG is that the actualparametersof a procedurecall arealready
evaluatedat themomentof replacement.19

Rememberthat theseare only the constructsallowed in a plan-skeleton,usedin a
solve-statement.In particular, we do not reducethesetof allowedconstructsin gen-
eral,thatis, every legal ICPGOLOG programis alsoa legal programin READYLOG.

Concurrency

Differentfrom ICPGOLOG programs,in projectionwe do not allow constructsusing
concurrency, whicharepconc(� 1; � 2) andthemacrostr yAl l andwithP ol. This is due
to similar reasonswhy Grosskreutz[18] removednondeterminismin conjunctionwith
concurrency andcontinuouschange.The problemis to �nd a reasonablesemantics
for nondeterminismin concurrency. Concurrency in the model about the world is,
however, supportedby meansof explicit events.

19In otherGOLOG versionslike in the original, actualparameterswereonly substitutedfor the occur-
rencesof theformalparametersin theprocedurebody.
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Optimize

In addition to the solve(� ; h)-statement, READYLOG offers the statement
optimiz e(� ; h; hexec) which equivalentlystartstheprojectionalgorithmandperforms
the�rst stepof theresultingpolicy. Thedifferencecomeswith thesemanticsof policy
execution:After a numberof hexec stepshave beenperformedfrom thepolicy, there-
mainingpartis droppedandinsteadtheremainingprogramis newly optimized.Then,
for example,optimiz e(� ; h; 1) would �nd a policy for plan-skeleton� for h stepsinto
thefuture,but thenonly executethe�rst of thesestepsandthenrestart�nding apolicy
for whatremains,again up to thegivenhorizon.This specialcase,wherehexec equals
one,is exactly themodeof operationSoutchanski[37] appliesasthegeneralcasein
hisapproach.

5.1.4 Policy

A policy describesthe “best” way of behaving in orderto achieve a high reward. A
policy can be consideredthe solution of an MDP and needsto be representedand
broughtto execution,whichwewill turn to now.

In DTGOLOG, a policy is simply a GOLOG program.The intentionis, that this
programis computedasdescribedandthenexecutedin the real world insteadof the
originalprogram,whichmayhavecontainednondeterminism.Unfortunately, themod-
elsof theworld thatareusedfor planningtendto beimperfect.Thatis, sometimesthe
world simply evolvesdifferentfrom whatwasconsideredpossible.As discussedwith
thequali�cation problem,it is generallyimpossibleto guaranteethatapolicy achieves
its aim. However, sinceDTGOLOG is an off-line interpreter, the possibility of re-
planningin casesomethinggoeswrong,simplydoesnotexist.

In our case,though,we arefree to interleave plangenerationandplanexecution,
andit is thuspossibleto reactuponunexpectedevolution. To do so,we cannot,how-
ever, representa policy simply by a programanymore. Moreover it is necessaryto
somehow annotatetheassumptionsthathave leadto thispolicy.

Example 5.1.3 Considertheproblemof runningto theball in theROBOCUP Simu-
lation League. Thefollowing programwouldusuallybea promisingapproach
to thisproblem:

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

With this deterministicprogram,theagentrepeatedlydashestowardstheball if
the angle to the ball is not greater20 degrees. Otherwiseit turns to the ball.
Imagine this program is usedwithin a plan-skeleton. Thenthe policy returned
wouldbebasedsolelyon theappliedmodelof theworld. In fact, thepolicy that
wouldbe returnedby DTGOLOG for such a programwouldbesomesequence
of turnToBall s and dash es. However, this particular sequencewould in
thesimulationleaguealmostnever get theagent to theball, as theuncertainty
in this domainis too complex to be modeledentirely in DTGOLOG. Thus,the
policywouldperformunnecessarilybadcomparedto theoriginal program.The
reasonis mainlybecausethepolicycommitsto themodelandis unstableagainst
changes. In particular, the involvedconditions(atBall and angleToBall
> 20) are evaluatedbasedon the modeland the resultingrecommendationis
not conditionedon theresult.
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We proposea completelydifferentrepresentationfor policies. The aim in devel-
opingthis,wasto increasestability and�e xibility uponchanges.Insteadof creatinga
policy that itself is executable,we understanda policy only asanadvisorfor a partic-
ular program.Theconceptis bestdescribedby a metaphor:Considera rally driving
team,that is, a pilot anda his co-pilot. Thepilot will betheprogramexecutorandthe
co-pilotwill betheplannerandprovide thepolicy. Theco-pilothasamapwhichsym-
bolizesthemodelof theworld. Basedon themaphewill continuouslysearchtheway
aheadto determinehow to steerat crossroadsandotheralternative ways. Yet, hewill
not steerfor himself,but insteadonly tell thepilot how to decidewhenchoicesarise.
Now, if somethinggoeswrong,for examplea roadshown in themapis notusabledue
to weatherconditions,theteamhasto reconsiderits plan.While in thisveryexampleit
is obviousthattheoriginal planhasto bediscarded,becauseoneof its elementsis not
possible,in generalit might not alwaysbethatclear. Imaginetheplanis to repeatedly
go far left whenchoicesarise,but different from the mapa new junction to the left
existssomewhere.Thenapplyingtheplanis still possible,but therally teamwouldgo
thewrongwaywithoutnoticing.Thus,thetaskis to decidewhetheraplanis still valid
or shouldbereconsidered.

We suggestthefollowing: we keepexecutingtheoriginal programandonly query
the policy for advicewhen nondeterministicchoicesarise. To do that, we needto
synchronizethepolicy with theprogram,in orderto �nd out into which branchof the
policy we have to go after somestochasticevent, andto noticewhenthe policy gets
illegal. It is, thus,not enoughto write a policy simply asthe sequenceof decisions
to bemadeat thenondeterministicchoices.Instead,all otherelementsshouldalsobe
annotated.For someof the constructs,we alreadymentionedtheir annotationin the
policy. In thefollowing we give a completelist. Threedifferenttypesof entriesin the
policy exist: match(�) isusedtosynchronizeprogramandpolicy andfor givingadvice,
perf orm(�) is usedto indicatethat thepolicy needsto performa sensingprogramin
orderto know whichway to go,andif (�) is usedto branchin thepolicy dependingon
thesensingoutcome.

� nondet(�) ! match(nondet(i )) : wherei is the index of thebestalternative
from thelist � .

� pickB est(f ; r; � ) ! match(pickB est(v)) : wherev is the bestvalueto pick
for f from thesetr .

� stochasticprocedurea !
match(stoch proc(a)) ; perf orm( ); if (� 1; � 1; if (� 2; � 2; ::)) : wherea is the
nameof the stochasticprocedure, is the correspondingsensingprogram,� i
is the senseconditionfor the i -th possibleoutcome,and� i the corresponding
sub-policy. If in reality theprocedureis not possible,thepolicy is recognizedto
beillegal.

� explicit event! perf orm( ); if (� 1; � 1; if (� 2; � 2; ::)) : As for stochasticpro-
cedures,we needto branchin thepolicy dependingon theactualoutcomeof an
eventthathappened.

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

� if ('; � 1; � 2) ! match(if Cond( �' ; � )) : where �' is thetruthvalueof condition
' in themodel,and� is thecorrespondingsub-policy. If in reality the truth of
theconditionchanges,thepolicy is voided.
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� whil e('; � ) ! match(whil e(� )) : If theconditionholds,this entry is madeto
thepolicy. Otherwise,thereis no entryfor this construct.That is, thepolicy for
this constructends(is �nal ) andcango on for a possiblefollow-up constructif
usedin asequence.

� waitF or(' ) ! match(waitF or(' )) : If a leasttime point for the condition
exists,thisentryis added.Otherwise,noentryis made.

� primitiveactiona ! match(prim action(a)) : If theactionin therealworld is
notpossible,thepolicy is discarded.

Whenever thepolicy getsillegal, re-planningis initiatedfor whatremains.
This complex treatmentis especiallynecessary, as in READYLOG like in ICP-

GOLOG we allow for exogenousactions.As saidbefore,thesecanupdatetheagents
view of theworld without beingtriggeredby theagenthimself. Thatmakesthemdif-
ferentfrom sensingactions.In Soutchanski's approach[37], this matteris not treated,
simplybecausehedoesnotallow for exogenousactions.Theonly way theknowledge
changesin his interpreter, is by performingsensingactions,which arecalledby the
agent. Soutchanskisuggeststo startplanningonly right after sensinghasbeendone
andup to the next sensingaction. However, this is unrealisticfor dynamicdomains:
to performwell, frequentupdatesof the world modelarenecessary. In ROBOCUP it
is commonlyaboutonceevery 100 milliseconds.Yet, the describedapproachwould
restrainplanningto only 100msinto the future,which doesnot make sense.In fact,
thatwould only resultin almostpurely reactive behavior. After all, we areaimingat
the contrary, namelydeliberation. This clari�es why the approachdescribedin [37]
doesnotapplyfor our requirements.

Policy Execution

Theexecutionof apolicy amountsto executingtheprogram,synchronouslyadvancing
thepolicy, andqueryingthepolicy for adviceuponnondeterministicchoices.Theexe-
cution is de�ned in the transition semantics using the new construct
applyPolicy(� ; � ; hexec; hreplan; hreexec):

� � is theprogramto execute.This is exactly theplan-skeletonthatwaseitherused
with solve or optimiz e.

� � is thepolicy in thedescribednotation.

� hexec is theremaininghorizonof execution.

� If theexecutionhorizonis reached(= 0), re-planningis initiatedfor theremain-
ing programwith hreplan asplanninghorizon.

� Thenewly generatedpolicy is thenagain executedwith thenew horizonof exe-
cutionhreexec.

The differencebetweensolve(�) andoptimiz e(�) comesfrom the valuesinitially set
for theseparameters:solve(�) setshexec andhreexec to � 1. Therebythe policy is
executeduntil it terminatesnaturally, eithersuccessfullyor unexpectedlyin whichcase
re-planningis done.After a call to optimiz e(�), thesevaluesgetsetaccordingto the
parametersof thecall.
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Theexecutionworksasfollows. In thegeneralcase,aTr ans stepof theprogramis
madeandmatchedagainsttheentryin thepolicy. If policy andprogramdonotmatch,
thepolicy is cutandre-planningis started.However, therearesomespecialcasesto be
treated:

� Whenexecutinga stochasticprocedure, the realprocedurebody is used,while
in projectiononly the modelfor this procedurewasconsidered.Thus,thereis
only one entry in the policy for matchingthe procedurecall (stoch proc(a))
followed by the sensingandbranchingto be doneafter the procedure.Hence,
the stepstaken in the body of the procedurecannotbe matched. To indicate
that,whenexpandingtheprocedurebody, it is encapsulatedinto an ignore(�)-
statementwhich is written to theprogram.ThenapplyPolicy simply performs
theprograminsidewithout trying to match.

� After a stochasticprocedurehasbeenexecutedcompletely, thesensingprogram
within aperf orm(�)-statementis executed.

� Following the sensing,the branchingupon the outcomeis donein the policy
by interpretingan if (� i; � i; � ′)-statement.If thesensecondition� i holds,the
remainingpolicy is set to � i, otherwiseit is set to � ′ (which again canbe an
if -statement).

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

� Similarly a pickB est(f ; r; � ) is resolvedthrougha match(pickB est(v)) entry,
wherev is thevalueto chosefrom r .

5.2 Options

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

Wenow wantto presenthow weenablethede�nition anduseof optionsin READY-
LOG. Theaim, asin the literature,is to speedup thesolutionof the(implicitely) de-
�ned MDP. Wewill show, how optionsnicelyextendthesetof nondeterministicactions
presentedearlierin this chapter.

The crucial point for using optionsin planning,was the needof having models
for themdescribingtheir impacton theworld. In fact,whatwe de�ned asstochastic
procedures,�ts thisnotion:stochasticproceduresarecomplex proceduresde�nedover
primitive actions,and a model for them is provided by the user. However, we do
not understandstochasticproceduresasoptions.Instead,we want to reserve theterm
optionsfor macrosfor which thecorrespondingmodelhasbeencreatedautomatically
basedonthecontainedconstructsandactions.Theseactionscanthemselvesbeoptions
or stochasticprocedures,allowing hierarchicaloptionconstruction.

Thehierarchy is de�ned in levelsof actions:

Definition 5.2.1 A basicactionis eithera primitiveactionor a stochasticprocedure.

With this in place,wecande�ne optionsin ourcontext:
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Definition 5.2.2 Anoptionof level n is a tupleh'; � i where ' is a conditiondescrib-
ing the situationswhere the option is possible, called the initiation situations,
and � is an ICPGOLOG program that is executablein all initiation situations
andonlycontainsbasicactionsandoptionsof levels� n.

This de�nition requiresthatthepolicy-program� for every situationwheretheoption
is possiblenamesanactionof lower level whichto takein thatsituation.Thiscouldfor
examplebea decisiontreeof theform if (� 1; a1; if (� 2; a2; ::)) wherethe� i describe
situationsandwherefor eachinitiation situationat leastoneof theseconditionsholds.

READYLOG supportstheautomaticcreationof optionsvia thesolutionof localMDPs.
We take over this ideafrom Hauskrechtet al. [21] aspresentedin Section3.2.2: The
ideawasto de�ne local MDPs that describesub-problemsof the global task. Their
solutionsde�ne options.

5.2.1 De�ning local MDPs

The automaticcreationof options in READYLOG is restrictedto local MDPs with
�nite statespace. This is in contrastto the global optimizationmechanism,which
canwork on in�nite statespacesasit exploits theknowledgeaboutthestartingpoint.
However, optionsarenot meantto startalways from the samepoint. Thereforewe
cannotexploit suchinformation. Furthermore,explicitly enumeratingthe statespace
avoids the problemof visiting apparentlyequalstatesseveral times,asdiscussedin
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 donotde�ne theoptionitself.

Themostcentralideain de�ning localMDPswithin ourcontext, is to createastate
spacewhich is linked to the global taskby explicit mappings. Threemappingsare
required:20

1. situations! states
For eachsituationwheretheoptionshallbeapplicable,thecorrespondingstate
of thelocalMDP hasto beknown. Therepresentationfor statescanbearbitrary,
but it is suggestive to usea factoredrepresentationbasedon variables. In the
exampleof Figure4.1on page43,whichwe usedto illustratethedifferencebe-
tweenintuitive statesandsituations,a reasonablestatedescriptionwould bethe
positionof therobotandthedirtinessof therooms.Thatcouldbewrittensimply
asa list of tuples[(Pos;p); (D ir tLef t; l ); (D ir tR ight; r )] wherep; l andr are
thevaluesof thesestatevariables.Thenthemappingwould bestraightforward,
by only evaluatingthe statevariablesin the actualsituation,and notatingthe
valuesin this representation.

2. states! situations
Sincethereareusually in�nitely many situationsthat would be mappedto the
samestate,we naturallycannothave a surjective mappingfrom statesto situ-
ations. Fortunatelythis is not necessary, if the statesdependon somecrucial
statevariablesas suggestedabove. Then from the valuesof thesevariable,a

20We below alleviate this complicatedmatterfor the userby offering help in de�ning thesemappings
whencertainconditionsaremet.However, �rst, thegeneralcaseis discussed.
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situationcanbe createdwhich simply hasthesevaluesset for the correspond-
ing �uents. For the exampleabove, we could, for instance,createthe situa-
tion do(setPos(p); do(setDir tLef t(l ); do(setDir tR ight(r ); S0))) , wherethe
primitive actionssimply set the correspondingfunctional �uent to the given
value.

3. states! conditions
Further, a mappingfrom statesto conditionsis required,which formsthebasis
for full-observability in the local MDP. It is neededfor optionconstructionand
is essentiallytheinversedirectionfrom the�rst mapping.As it is moreintuitive
to explain thismatterwhenneeded,weskip thedetailsfor now.

Theuserde�nesall threemappingsby onestatement:

option mapping(o;� ; � ; ' )

Eachsituationin which ' holdscorrespondsto state� . � is a list of primitive actions
that, whenappliedin an arbitrarysituation(e.g. S0), leadsto a situationwherethe
conditionholdsandthuscorrespondsto the given state. Oneexamplewould be the
following, which recognizesa �uent for the two-dimensionalposition (pos ) as the
only discriminativestatevariable:21

option_mapping ( option1 , [(pos , [X, Y])],
[set (pos , [X ,Y])], pos = [X,Y ]).

Theprimitive actionset(FluentName, Value) simply setsthevalueof the�u-
entto thegivenvalue.This action,which requiressomespecialtreatmentin theinter-
preter, canbeusedwith any �uent.

In theexampleabove, the�uent posis theonly onethatmatters.In caseslike this,
whereoneor more�uents canbeusedfor a factoredrepresentation[6] of statespace,
themappingis verystraighforward.To alleviatethetaskof designingit in thosecases,
weoffer theuserto, insteadof de�ning theabovemappingby hand,de�ne apredicate
option var iables(o;�) , whereo is the nameof the option and� is a list of �uents.
These�uents areunderstoodto bestatevariables,suchthattwo statesareequalif and
only if thevaluesof thesevariablescoincide.Fromthatpredicate,thepreprocessorcan
createtherequiredmappings,following thepatternof theabove example.

This seemssuggestive in discretedomains. However, if �uents take continuous
values,this way of creatinga staterepresentationwould not leadto �nite regionsof
statespaceaswerequireit.22 Then,themoregeneralway for de�ning thesemappings
canbe usedby the userto realizesomekind of abstractionhe might have in mind.
This issuerelatesto futurework, wheretheapplicabilityof optionsshallbeextended
to continuousdomains(seeSection7).

Theremainingstepsin de�ning a local MDP areratherintuitive. As Hauskrechtet al.
[21] wede�ne regionsof statespacewhereanoptionis applicable:

option init (o; ' )

wherethecondition' holdsin only thosesituationswhereoptiono is applicable.This
condition,however, hasto becarefullydesigned.It musthold if andonly if theoption

21This is presentedin the(Prolog)notationof our implementation.
22Although discretedomainsmay alsobe in�nite, we only requirethat regionsof statespaceare�nite.

Intervalsof discretedomainsare�nite, but intervalsof continuous(realvalued)domainsarenot.
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is applicable. We requirethis to be able to constructa set of situationsthat, when
mappedto states,coverstheentireregion of stateswheretheoptionis applicable.Let
usexplain thatby anexample:

option_init ( option1 ,
and ([ pos = [X, Y], domain ( X, [0..5]),

domain (Y, [0..10]), inRoom (1) ]) ).

Hereoption1 is only applicableif the position �uent equalsthe list [X, Y] and
X is an integer numberfrom the interval [0, 5] , Y is an integer numberfrom the
interval [0,10] andthepositionis insideroom1. Whatmakesthis conditionspecial
arethedomain( �) terms.They arespecialto our implementationandbindavariable
to a �nite domainusingthe �nite domainlibrary of ECLiPSe.It is importantto note
that without, the condition would not meet the requirementfrom above, sincealso
in�nitely many othervaluesfor X, Y would thenmake theconditiontrue (e.g. X =
2.71828, Y = 3.14159 ). The domain(V, R) statementhereprovesuseful,
as it may bind a variableV to any value in the rangeR, wherethis rangecanbe an
arbitrarymixtureof integerintervals(a..b ) andany otherterms.23

We call the setof statesde�ned by option init (�) initiation statesandall corre-
spondingsituationsinitiation situations.

To assurefull-observability in thelocalMDP, theagentmayrequiresensingto �nd
out which stateit is in whenexecutingthe resultingpolicy/option in the real world.
Thecorrespondingsensingprogramfor anoptionis de�ned by

option sense(o; )

An option is only executablein the initiation states,which implies that outside
of this setan option immediatelyterminates.This de�nes the exit peripherylike in
Section3.2.2[21]: A non-initiationstatethat canbe reachedfrom an initiation state
we call exit state. To theexit statestheusercanassignvalues,which we want to call
pseudo-rewards. They areusedonly for solving the local MDP andareintendedfor
creatinggoal-directedbehavior.

option beta(o; '; v)

statesthat if condition' holdsin an exit stateit getsv assignedasa pseudo-reward.
Otherwise, it gets a pseudo-reward of zero. In our implementationseveral such
option beta(�) de�nitions mayexist for differentstatesor setsof states.

Thesetof actionsfrom which theagentmaychooseat eachstageof a local MDP
of level n arede�ned via anoption-skeleton:An option-skeletonof leveln is either

� anactionof level lessthann,

� a nondeterministicchoicenondet(�) wherethe elementsof list � are again
option-skeletonsof level � n, or

� aconditionalif ('; � 1; � 2) where' is aconditionand� 1; � 2 areoption-skeletons
of level � n.

In particular, no sequencesareallowed. This restrictionis requiredto maintainthe
Markov property. With sequences,the available actionsin a stagewould not only
dependon thecurrentstate,but alsoon thehistoryof actions.Comparedto ordinary

23cf. pick B est(f ; r ; � ) in Section5.1.3.
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MDPs,an option-skeletonagain providesmeansof incorporatingdomainknowledge
to reducecomputationalcomplexity by offering conditionals.Thespeci�cationof an
option-skeletonfor a localMDP is doneby thepredicate

option(o;� ; 
 )

where0:0 < 
 < 1:0 is a discounting-factorwhich is usedin thesolutionalgorithm
describedin thenext Section.

Wearenow readyto formalizelocalMDPsof level n:

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

S = initiation states[ exit states[ f � g;

A: theactionsmentionedin theoption-skeleton,all of level lessthann;

Tr : the outcomesfor the usedstochasticproceduresand the successorstate
axiomsof usedprimitive actions,both foldedwith possibleexplicit events
(cf. Sections5.1.2, 3.1.2); further, state� is absorbingand any action
takenin anexit stateleadsto � ;

R : local pseudo-rewards+ globalrewards– globalcosts;for state� thisvalue
is zero.

Again thereis noexplicit representationfor thetransitionfunctionandin particularthe
folding of eventsis notperformedexplicitly, but implicitly in thealgorithm.

Weusevalueiterationto solvesuchanMDP. However, wewantto usethesolution
for solving a global task. Thus, it doesnot suf�ce to solve the MDP. We requirea
modelof thepossibleeffectswhenfollowing theacquiredsolution.Valueiterationfor
the in�nite horizonproblemalreadyprovidestheexpectedvaluefor takingtheoption
in any of theinitiation states.Still missingaretheprobabilitiesof endingupin acertain
exit statedependingon thestatewheretheoption is taken. Sincewe arenot limiting
theinitiation of anoptionto somekind of entrancestatesasin [21], we cannotreduce
thecomputationof effectsto these.In this way, our approachis a mixtureof theideas
of Suttonetal. [38] andthoseof Hauskrechtandhiscolleagues.

5.2.2 Local MDPs: Solution and Model

We have implementeda slightly modi�ed value iterationalgorithmplus an iterative
algorithmto computethe probabilitiesof endingup in a certainexit stateof a local
MDP dependingonwherethe(optimal)policy is taken.

The modi�cation of value iteration is in order to take both, pseudo-rewardsand
globally de�ned rewardsinto account.Also theimplicit folding of eventsinto actions
wasaddedfollowing thealgorithmdescribedin Section3.1.2[6]. Thealgorithmruns
iteratively. Foreachiterationh, astates possessesatuplehr h(s); vh(s); � h(s); � h(s) i ,
where

� rh(s) is theexpectedrewardwhentakingtheoptionin thisstate,

� vh(s) is similarly theexpectedpseudo-reward,

� � h(s) thepolicy, thatis, theactionto take in states,
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� � h(s) theprobability list, listing all possiblesuccessorstatesof s togetherwith
their probabilities.

Initially for all initiation statesrh(s) is setto theglobal rewardde�ned for this state,
vh(s) is zero, the policy is nil , and the probability list is empty. For exit statess′

rh(s′) is setto zero,vh(s′) is setto thepseudo-rewardasde�ned by option beta(�),
thepolicy is nil , andtheprobabilitylist empty.

Theiterationoperateson thesetof initiation situationsconstructedfrom thecondi-
tion givenby thepredicateoption init (�). For eachsuchsituationthecorresponding
(initiation) statecanbecreatedby usingthede�ned mappingfrom situationsto states.
The iterationsteph for situations is de�ned througha new predicatebestDoM Opt
with tenarguments:

1. thenameof theoption,o,

2. anoption-skeleton� ,

3. aboolean� indicatingwhethereventshave yetbeenprocessedor not,

4. asituations from which thestateis determined,

5. theiterationnumberh,

6. theexpectedglobalrewardr for this state,

7. theprobabilitylist � for thisstate,

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

9. apolicy � , which is anactionof level < n, and

10. theexpectedpseudo-rewardv for thisstate.

Thenew predicateworkssimilarly to bestDoM , is alsorecursively implemented,but
memorizesyet computedvalues.It alsobeginseachiterationstepwith checkingpos-
sibleeventsandprocessingthem.Thiscantake theagentto othersituations/statesand
evenoutsidethe region into anexit state.We omit detailson this stepasit is similar
to the previously presentedalgorithm. Afterwards,the option-skeletonis processed.
Althoughno sequencesareallowedin these,this processingcantake placein various
stagesdueto possiblenestingthroughthe useof if andnondet. The stageis repre-
sentedby thedepthd (argument8) andis initially zero.Only thevaluesat depthzero
matter.

Primitive Actions

For aprimitiveactiona, it is veri�ed thattheactionis possiblein thecurrentsituation,
andthepolicy is setto this action. Thesituationresultingfrom performingtheaction
in thecurrentsituation,do(a; s), is determined,andtherewardandpseudo-rewardof
the last iteration(h � 1) for that successorsituationarelooked up in the knowledge
base.To the obtainedreward andpseudo-reward, the reward for the actualsituation
is added.Theprobability list for thecurrentiterationis setto [(do(a; s); 1:0)]. Then,
if the depthis zero,the new reward,new pseudo-reward, the probability list, andthe
policy aresaved for this stateanditerationnumber. Usuallya primitive actionwould
notappearatdepthzero.It wouldmean,thelocalMDP allowedonly thisoneprimitive
action,deterministically, andin all states.
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Stochastic Procedures

For stochasticprocedurestheimplementationis asfollows:

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

� = F ALS E ^ h > 0 ^ stoch proc(� ) ^

(stoch proc poss(� ; s) ^ 9(
 ;  )stoch proc outcomes(� ; s; 
 ;  ) ^

9(h′)h′ = h � 1 ^

9(r list; vlist)bestDoM Opt stoch Aux (o;
 ; s;h′; r list; � ; vlist) ^

9(r s; c)prolog f unction (Reward; r s; s) ^

(stoch proc costs(� ; c;s) _ : stoch proc costs(� ; c;s) ^ c = 0:0) ^

9(b;
 )option(o;b;
 ) ^ r = r s � c + 
 � r list ^ v = r s � c + 
 � vlist ^

� = � _

: stoch proc poss(� ; s) ^ prolog f unction (Reward; r; s) ^

� = [ ]; v = 0:0; � = [ ]) ^ opt update Optionbase(d;o;s;h; � ; r ; v; � )

This worksvery similar to theyet seenimplementationof bestDoM , exceptfor two
details:Therewardsarediscountedby thediscountingfactor
 de�ned for theoption,
and,at the end,the iterationvalues(� ; r; v; � ) for this situation/states anditeration
numberh areaddedto theknowledgebase.Therebythedepthis taken into account,
suchthat no saving takes placein cased is unequalzero. More interesting,is the
de�nition of theauxiliary predicate,which we show again only for thecasewherethe
list of outcomeshasnot reachedits end. The othercaseis very similar andcanbe
foundin AppendixA.4.

bestDoM Opt stoch Aux (o;[(! ; pω;  )j
] ; s;h; r; � ; v) �


 6= [ ] ^

(9(�; s′)tr ans∗(! ; s; �; s′)_ 69(�; s′)tr ans∗(! ; s; �; s′) ^ s′ = s) ^

9(r tree; � tree; vtree)bestDoM Opt stoch Aux (o;
 ; s;h; r tree; � tree; vtree) ^

9(b;
 )option(o;b;
 ) ^ 9(r rest; � rest; � rest; vrest)

bestDoM Opt(o;b;TRUE; s′; h; r rest; � rest; 0; � rest; vrest) ^

r = r tree + pω � r rest ^ v = vtree + pω � vrest ^

9(� )opt state tmp(o;� ′; s′) ^ opt PL add(� tree; [(� ′; pω)]; �)

Heretheoutcomedescribingprogram! getsinterpretedby tr ans∗(�) obtaininganew
situations′. If that is not successful,we take theeffect to be impossibleandproceed
the projectionin the currentsituation. The h hereis alreadythe decreasediteration
number. Thus,the call to bestDoM Opt(�) returnsthe valuesfrom the last iteration.
This call in generalreturnsimmediatelyasthevaluesweresavedduring theprevious
iteration.Following, theexpectedrewardsarecalculatedasusual.Thelast line, how-
ever, is specialfor thisalgorithm:For thesituationreachedasaneffectof thisoutcome
(s′), thecorrespondingstate(� ′) is determinedandtheprobabilitylist [(� ′; pω)] is cre-
ated,solelycontaininganentry for this statetogetherwith theprobabilitypω for this
outcome.opt PL add(� 1; � 2; � 3) “adds” two probability lists: For thosestatesthat
appearin both lists, theprobabilitiesareadded.All othersaresimply takenover into
thenew list. Hence,theoverall returnedlist describestheprobabilitiesof gettingto a
certainstateafterperformingthisstochasticprocedurein thecurrentstate.
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Conditionals (If-then-else)

Thede�nition for conditionalsis straightforward:

bestDoM Opt(o; if ('; � 1; � 2); � ; s;h; r; � ; d; � ; v) �

� = F ALS E ^ h � 0 ^

(' [s] ^ bestDoM Opt(o; � 1; F ALS E; s;h; r; � ; d; � ; v) _

: ' [s] ^ bestDoM Opt(o; � 2; F ALS E; s;h; r; � ; d; � ; v))

Where' [s] denotesthetruthvalueof condition' in situations accordingto thesitua-
tion calculus.

Nondeterministic Choice

For nondeterministicchoices,theexpectationsfor all alternativeshave to becompared
to determinewhichis thebestchoice.Againtheimplementationis straightforwardand
similarto thealreadyseen,except,herewehaveto increasethedepthargument.Thisis
becauseall thealternativesareevaluatedin thecurrentsituation/stateandcurrentiter-
ationnumber. All of themwouldsave their ideaaboutthebestpolicy andtheexpected
valuesandprobabilitylist. However, weareonly interestedin thebestalternative and,
therefore,have to keeptheindividualbranchesfrom writing to theknowledgebase.

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

� = F ALS E ^ h � 0 ^ 9(d′)d′ = d + 1 ^

bestDoM Opt nondet Aux (o;� ; s;h; r; � ; d′; � ; v) ^

opt update Optionbase(d;o;s;h; � ; r ; v; � )

bestDoM Opt nondet Aux (o;[� j�] ; s; h; r; � ; d; � ; v) �

� = [ ] ^ bestDoM Opt(o; � ; F ALS E; s;h; r; � ; d; � ; v) _

� 6= [ ] ^ 9(r 1; � 1; � 1; v1)bestDoM Opt(o; � ; F ALS E; s;h; r 1; � 1; d; � 1; v1) ^

9(r 2; � 2; � 2; v2)bestDoM Opt nondet Aux (o;� ; s;h; r 2; � 2; d; � 2; v2) ^

(v1 � v2 ^ � = � 1 ^ r = r 1 ^ � = � 1 ^ v = v1 _

v1 < v2 ^ � = � 2 ^ r = r 2 ^ � = � 2 ^ v = v2)

The iterationis repeateduntil theexpectedpseudo-rewardat all stateshasconverged.
Convergenceis testedby comparingthe currentvaluewith the valuebeforethe last
iteration.We saythevalueconvergedif thedifferenceis smallerthana certainthresh-
old value� . This thresholdcanbede�ned by thepredicateoptions epsilon(� ). If no
thresholdis set,� = 0:01 is takenasdefault in our implementation.

Creating the Model

Sofar, we have only computedtheexpectedvalueandoptimalpolicy � for eachiniti-
ationstateof the local MDP. However, thekey to usingthis solutionfor globalMDP
planningis to possessa modelof the behavior of this solution. The behavior of the
solutionis describedby thepolicy. Wealreadyknow theone-steptransitionsinsidethe
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local MDP from theprobability lists. Now, we have to computethe� -steptransitions
from theinnerstatesto theexit states,where� is a randomvariabledenotingthesteps
until reachinganexit state.Thatis, wewantto know theprobabilityof eventuallyend-
ing in a certainexit state,whenthepolicy is startedin a certaininnerstate.Formally,
for aninitiation states andanexit statet, theseexit probabilitiesarede�nedasfollows:

T∗π (s; t) = Tπ(s; t) +
X

s′∈I
Tπ(s; s′) � T∗π (s′; t) (5.1)

whereTπ(s; t) describestheone-steptransitionmodelfor thelocalMDP whenthepol-
icy � is applied.We have implementedaniterative algorithmto solve theresultingset
of equations.Theimplementationis straightforwardandcanbefoundin theappendix,
sowe omit thedetailshere.It is possiblethat thecomputedprobabilitiesfor reaching
any exit statesumto lessthanoneor even zero. In the latter case,the policy is de-
scribingaclosedloopandindicatesthepresenceof positiveglobalrewardsor negative
globalcostswithin thelocalMDP. Thenit is likely thatthebestthingto do is simply to
repeatedlyearntheserewardsandto never leave theregion. This,actuallydoesnot �t
thepurposeof optionsandit is in theresponsibilityof theuserto avoid or handlesuch
behaviors.

Besidesthe exit probabilitieswhich describethe outcomesof performingthe op-
tion, we alsoassigncoststo the options. Theseagain dependon the statewherethe
option is takenandaresimply theexpectedaccumulatedglobal rewardwithin there-
gionwhenperformingtheoption.

Creating the Option

We representoptionsas stochasticprocedures.With the resultsof the above algo-
rithms,we yet have everythingwe needto createa new stochasticprocedure.Recall
thatstochasticproceduresareprocedureswhosebodyis usedin on-lineexecution,but
which additionallyhave a modelusedin projectiondescribingtheir effects. Further,
they possessa preconditionandmay alsohave costsassignedto their execution. All
this informationcanbe computedfrom the solutionof a local MDP creatinga new
option. The task is carriedout by the preprocessor:The conditionusedto describe
theinitiation situationsimmediatelyformsa precondition.Fromtheexit probabilities
T∗π (s; �), for eachstates thelist of possibleoutcomescanbegenerated.Theexpected
rewardsaretakenover asnegative costs.24

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

proc(o;[ ; whil e(' o; [if (� 1; � 1; if (� 2; � 2; : : : if (� n; � n; [ ]) : : :)) ;  ])])

Here  is the sensing program de�ned for the option by
option sense(o; ). It is executedto establishthe truth valuesfor thediscriminative
conditionsusedto determinethe currentstate.The condition' o holdsif andonly if
theoptionis applicablein thecurrentsituation.This is basicallytheconditionde�ned
by option init (o; ' o). The� i aretheconditionsusedin option mapping(o;� ; � ; � )
thathold if andonly if thesystemis in a situationthatcorrespondsto thegivenstate
� . Thisshows theneedfor thestates! conditionsmappingwe initially required.The
� i aretheassociatedactionsof lower level for thesestates.Thus,what theprocedure

24Rememberthatnegativecostsarebene�cial andnotpunitive.
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doesafterall, is to repeatedlysenseall informationneededto determinethestateof the
underlyinglocal MDP, testthediscriminative conditionsof thestates,andexecutethe
correspondingpolicy.

5.2.3 UsingOptions

Sinceoptionsarerepresentedasstochasticprocedures,they canbeusedthesameway
andall considerationsof earliersectionsaboutusingstochasticproceduresapply. In
particular, an option of level n canalsobe usedasan action for creatingoptionsat
levelsgreatern. This way, onecanbuild a hierarchy of abstraction.As shown in the
relatedwork of Suttonet al. [38] andespeciallyHauskrechtet al. [21], this kind of
abstractioncanreducecomputationalcomplexity tremendously. However, in their ap-
proaches,both �x the way how optionsareused. While Suttonet al. considertheir
potentialto speedup theconvergenceof valueiterationwhenusedin additionto prim-
itive actions,Hauskrechtet al. investigatedifferentpossibilitiesof combiningoptions
and primitive actionsand �nally focus on statespaceabstractionbasedon options.
Their claim is thatonly with statespaceabstraction,optionscandeploy their full im-
pactascomputationalleverage.This is dueto the appliediterative algorithmswhich
arebasedonenumeratingall states.Thus,in orderto achieve thedesiredspeed-up,the
statespacehasto beexplicitly reducedbeforeapplyingthesealgorithms.However, in
ourcontext wealwayswork on in�nite statespacesusinganalgorithmthat“explores”
thatpartof statespacethat is relevant for thecomputation,exploiting theknowledge
aboutthe startingpoint of the problem(cf. Section5.1.3). It turnsout, that this al-
gorithmworksvery nicely togetherwith options.Thestatespaceabstractionpossible
throughoptions,canbeseento bedone“on-the-�y” whenusinganoptionin theglobal
problem.That in particularmeansthatwe do not have to (andevencannot)explicitly
committo somestatespaceabstractionin advance,but still gain from theimplicit state
spaceabstractionprovidedthroughoptions.

3 4

5

6 7

21 S

G1

G2

Figure5.4: TheMaze66exampleenvironment.For theoptionsof roomsoneand� ve
the initiation regionsandthe exit statesaremarked. Note that an agentthat aimsat
leaving a roomthrougha certaindoormayaccidentally“drop-out” of thewrongdoor
dueto thenondeterminismof theperformedactions.

Example 5.2.1 Hauskrecht et al. [21] considerdifferent ways of combiningop-
tions with primitive actionscreating different kinds of MDPs. By examplein
the Maze66environment,we want to brie�y showhow easily theseMDPs can
alsobemodeledby READYLOG proceduresusingoptions.
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For every room-doorcombinationan option hasbeencreated. That is, for ex-
ample, for roomonethere are two options:onefor leavingtheroomto theeast,
onefor leavingto thesouth.Theseoptionshavebeencreatedfromsolvinglocal
MDPswhere thepseudo-rewardsfor theseexit stateshavebeensetaccordingly
(highpositivefor thedesireddoor, highnegativefor theother).Figure5.4shows
theinitiation regionsandexit statesfor optionsof roomsoneand�ve. Thetask
facedby theagent,is to navigatefromS to a goal,which is eitherat G1 or G2.
Thedynamicsareasbefore: in each compassdirectiontheagentis ableto move,
but with probability0.09themovegoesinto a wrongdirection.Everymovecosts
1 andat thegoal there is a highpositivereward.

1. augmentedMDP
TheaugmentedMDP is theMDP resultingfromaddingall optionsto the
list of possibleactionsat each state. Thisresemblestheapproach of Sutton
and his colleagues. TheaugmentedMDP can be representedin READY-
LOG astheprocedure:

1 proc ( augmentedMDP,
2 nondet ([go_right , go_left , go_down , go_up ,
3 room1_2 , room1_3 , room2_1 , .., room7_5 ]))

where go right, go left.. are primitive actionsand room1 2,
room1 3.. areoptionsfor leavingroomonetowardsroomtwoandthree
respectively. TheaugmentedMDP can�nd solutionsfor both tasks(trav-
eling to G1 or G2 respectively).This is trivially true, sinceall primitive
actionsareavailable.

2. abstractMDP
ThisMDP solelyplansoveroptions,therebyignoringprimitiveactions:

1 proc ( abstractMDP ,
2 nondet ([room1_2 , room1_3 , room2_1 , .., room7_5 ]))

Theadvantage is, that thegranularity of planningis highly reduced,since
theoptionsinducea smallerstatespace. However, thisMDP cannot�nd a
solutionto theproblemof travelingto G2, sinceG2 is notwithin thesetof
statesusedby theabstractMDP. Onlyexit statesof optionsare reachable.

3. hybrid MDP
Thehybrid MDP combinesthepreviousapproaches.It generally usesop-
tions only, but in the goal region usesprimitive actions. It relieson the
knowledge in which region thegoal is located.For thecasethegoal is in
roomseven,theprocedure in READYLOG couldbe:

1 proc ( hybridMDP ,
2 if ( inRoom (7),
3 nondet [go_right , go_left , go_down , go_up ],
4 nondet ([room1_2 , room1_3 , .., room7_5 ]) ) )

Note, that this procedure alsoformsa legal option-skeletonof level 2 (as-
sumingtheroom.. optionsare of level 1). Thus,wecouldalsocreatea
new optionusingthehybrid MDP as local MDP. If the region thegoal is
in is known,this kind of MDP also �nds a solutionfor anygoal position.
However, for each goal region,a specialhybridMDP hasto bedesigned.
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5.2.4 Problemsand Restrictions

Many openquestionsandproblemsfor usingoptionsin realisticapplicationsremain.
Thedecompositionof the taskinto sub-problemswhosesolutionsform thesetof op-
tions,is crucialfor thebene�t of theapproach.However, to thebestof ourknowledge,
all researchon theuseof optionsbaseon handcrafteddecompositions.Althoughau-
tomaticdecompositionsareimaginable,it is not clearhow to measurethequality of a
decomposition.Recentwork by Amir andEngelhardt[3] presentideasfor automatic
decompositionin classicalplanning.In their approachthey reducethetaskto treede-
compositionin graphs.They apply an approximative algorithmto solve the problem
of �nding an optimal treedecompositionwhich 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
overheadof creatingsolutionsfor thelocalMDPs.However, thetaskof �nding related
MDPs remainsa currentresearchtopic. While Hauskrechtand his colleagues[21]
approachthis issueby their suggestionof an hybrid MDP, which only accountsfor
changingplacesof the goal in a certainregion, they requirethat the remainingparts
stayunchanged.However, in realisticdomainsoften certainpropertiesof the world
changethatin theorydonotaffect theapplicabilityof anoption.Nevertheless,if these
changeswerenotanticipatedduringoptionconstruction,theoptionwouldin generalbe
decidedto not bepossible.Thusthetaskis to �nd a measureof relatedness.In recent
work, Barto et al. [32] investigate homomorphismsbetweensemi-MDPsand show
applicationsof thatresearchin theoptionsframework. Therethey usehomomorphisms
betweentwo or morepartsof adecomposition,in theirexampleseveralsimilar rooms,
andsolvethecorrespondinglocalMDPsonly oncefor somesortof abstractlocalMDP.
By exploiting thehomomorphismthey canthenapplythesolutionto all relatedrooms.
This way or similar, onecanallow reusinganoptionat differentplacesin statespace.
Sofar in ourandothersystems,optionsareonly applicablein theexactsubsetof state
spacewherethey have beende�ned.

Anotherproblemof optionsde�ned by a local MDP of that kind is that the local
MDPsareboundto �nite stateandactionspaces.However, mostrealisticdomainsand
also,for example,ROBOCUP SimulationLeaguehavecontinuousstatespacesand,due
to actionargumentswith continuousdomains,alsocontinuousactionspaces.To make
optionsstill applicable,stateandactionabstractionwould berequired.That is, on top
of thebasicactions,higherlevel actionshadto behandcraftedor providedthroughthe
userby othermeans,suchthat the inducedstatespacewould get at leastcountable.
While this alreadycontradictsto the intentionof optionsof automatedabstraction,it
evencanmake optionssuper�uousfor thetask,namelyif by thehandcraftedabstrac-
tion the problemis yet so muchsimpli�ed that the remainingproblemcaneasilybe
solved without applyingoptions. Yet, thereareapproachesto automaticabstraction,
suchasdescribedby Boutilier etal. [7].

5.3 Preprocessor and Implementation

The implementationof a preprocessorwasmotivatedby experimentalresultswith an
early approachto integrating decision-theoreticplanninginto ICPGOLOG. The in-
terpreterwas in the orderof a magnitudeslower than DTGOLOG in solving simple
planningtasksin thegrid world exampledomains.Also in theROBOCUP Simulation
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Leaguethe time consumptionfor projectionof simpleexampletaskslike a goalkick
wereunsatisfactory.25

Theseearly approacheswere inspiredby the projectionfashionof ICPGOLOG
(which is that of PGOLOG). Investigationsbroughtto light that the main slowing-
down factorwastheevaluationof conditionsandthethereinrequiredevaluationof ex-
pressions.As a specialcase,theeffect axioms(causes val(Action, Fluent,
NewValue, Condition) ) (cf. Section4.1.2) that wereusedin ICPGOLOG in
placeof successorstateaxiomsmade�uent evaluationratherslow comparedto suc-
cessorstateaxiomsof, e.g.,DTGOLOG. Roughly, theincreasedspeedof DTGOLOG is
becausetheuserimplementssuccessorstateaxiomsandmany otherthingsdirectly in
Prolog.Theconditionsin ICPGOLOG, like theonesincludedin theeffectaxioms,are
formulatedin a meta-language(cf. [22]) andin particulararecompletelyindependent
from Prolog. While this is supposedto be moreconvenientfor the user, it requires
moretime to interpret.Herethepreprocessorcomesinto play.

Thepreprocessortakesa list of READYLOG �les asinput andprocessesthemse-
quentiallycreatingaPrologsource�le asoutput.In doingso,it alreadyusestheresults
for one�le whenprocessingthenext. This is neededto allow hierarchiesof options.
Thegeneralphilosophy for thepreprocessoris to anticipateasmuchinterpretationas
possible. The coreability is to compileconditions(=̂ formulasof the situationcal-
culus) togetherwith any includedexpressions(=̂ termsof the situationcalculus)to
Prologcodewhich is fasterin execution.With thatability, many elementsof the lan-
guagecanbepreprocessed.Furthermore,thepreprocessoris usedto createstochastic
proceduresfrom proceduremodelsandcomputesoptionsfrom thede�nitions of local
MDPs.

Funge[17] useda compilerwritten in Java to preprocessGOLOG procedureto
Prolog.Althoughthemotivationfor thatpreprocessorwasequalandit doessomething
similar, it is not relatedto what we presenthereand in particularwould not �t our
needs.

5.3.1 Compiling Conditions

In the ICPGOLOG interpreter[22], conditionsaretestedusingtheholds(..) pred-
icate. Thecall holds(C, S) succeedsif andonly if conditionC holdsin situation
S. Thepredicateis recursively de�ned over thestructureof legal conditions.Hereare
someexamples.

1 holds ( false , _) :- !, fail .
2 holds ( true , _) :- !.
3
4 holds ( and ([]), _) :- !.
5 holds ( and ([ P|R ]), S) :- !, holds (P, S), holds ( and (R), S).
6
7 holds ( or ([ P]), S) :- !, holds (P,S ).
8 holds ( or ([ P|R]), S) :- !, ( holds (P, S) ; holds ( or (R), S)).

Formally, compilinga conditionC in ICPGOLOG notationto Prologamountsto cre-
atingaPrologpredicateP(..) suchthatfor all situationsS thecall P(S) succeedsif
andonly if holds(C,S) succeeds.Thepreprocessoris thusimplementedin analogy

25Projectingagoalkick for two alternative teammatesincludingexpectationsabouttheopponentsgoalie,
took about0.4 secondswhich is four timeslongerthanonesimulationcycle of thesoccerserver. Theaim
shouldbeto �nish simpleprojectiontaskslike thiswithin onecycle.
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to thecasesof holds(..) . In fact,for eachsuchcaseaninstanceof anew predicate
process condition(C, S, B) is de�ned thatreturnstheProloggoalB equiv-
alent to evaluatingconditionC in situationS. For the above cases,for example,the
process condition clausesare:

1 process_condition ( false , _S, fail ).
2 process_condition ( true , _S, true ).
3
4 process_condition ( and ([]), _S, true ).
5 process_condition ( and ([ C|C_rest ]), S, Body ) :-
6 process_condition ( C, S, CNew),
7 process_condition ( and (C_rest ), S, C_rest_new ),
8 conjunct ( CNew, C_rest_new , Body).
9

10 process_condition ( or ([ C]), S, CNew ) :-
11 process_condition ( C, S, CNew).
12 process_condition ( or ([ C|C_rest ]), S, Body ) :-
13 process_condition ( C, S, CNew),
14 process_condition ( or (C_rest ), S, C_rest_new ),
15 disjunct ( CNew, C_rest_new , Body).

The predicatesconjunct(A,B,Z) anddisjunct(A,B,Z) areauxiliary predi-
catesthat conjoin, respectively disjoin two Prologgoalssimplifying wherepossible.
For exampleconjunct(true, B, B) andconjunct(false, , false) .

A centralrole in conditionsplay comparisons(=, <, >, =<, >=). To estab-
lish their truth values,the expressionsof 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. Thisalsowouldbeevaluatedby subf(..) .

Evaluating Expressions

Roughly, subf(..) hasthreemajor tasks:evaluating�uents at theactualsituation,
evaluatingfunctions,andevaluatingarithmeticexpressions.Specialcasesexist such
thatsubf(..) leavesvariables,numbers,andconstantsunchanged.

Againwewantedto createpreprocessorrulesto compilesubf -evaluationsto Pro-
log.26 In fact,majorpartsof suchexpressionscanalreadybeevaluatedoff-line. Then,
in on-line modethe actual�uent valuescanjust be pluggedin leaving only minimal
remainingcomputationsin Prolog.

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

� E is theexpressionto evaluate,

� V is therepresentationof theevaluatedexpression,

� Body is the remainingPrologcodethat hasto be run on-line to evaluatethe
expressionto V,

� Type statesanonly internallyusedtypeof V which is usedto detectsyntaxer-
rorsandto detectsub-expressionsthatcanatcompiletimealreadybecompletely
evaluated,and

26Thealternative would beto alwaysevaluateexpressionscompletelyon-lineby simply addinga call to
subf(..) whereneededin thecompiledProloggoal.
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� S is the formal situationargument,which at run-time getssubstitutedfor the
actualsituation.

Let us now brie�y describehow the threementionedmajor tasksarecarriedout by
process subf(..) .

Fluentscan only be evaluatedat run-time, when the actualsituation is known.
Thus, the preprocessorcando nothingmore thanaddthe necessaryevaluationcalls
(has val(Fluent, NewVar, S) ) with a new variable(NewVar) to the Prolog
goal (Body) andset this variableas the representationfor the evaluatedexpression
(V=NewVar). In advance,any possibleargumentsof the�uent areevaluated,possibly
addingfurthergoalsto Body. Onedistinctionhasto bemadefor continuous�uents27:
for thesethe �uent start , holding the currenttime, hasto be evaluatedin on-line
modeas well, and the �uents value hasto be determinedbasedon that. Thus the
Prologbody for thesewill containsomethinglike: has val(Fluent, ConVal,
S), has val(start, Time, S), t function(ConVal, V, Time) .

Functionscanberecursive. This simplefactpreventsa directevaluationof func-
tionswherethey areused.Instead,eachfunctionhasto becompiledto an individual
Prologpredicate(prolog function(..) ), which we describein thenext section.
After this is done,theevaluationof a functionreducesto evaluatingall argumentsand
addinga call for thecorrespondingpredicate(prolog function(.., S) ) to the
Body.

Compilingarithmeticexpressionsis moreinteresting.Here,on-linecomputations
canbe saved by anticipatingthe evaluationof partsof the arithmetics. For the four
supportedoperators(“+”, “*”, “-”, “/”), theprocess subf(..) ruleslook almost
thesame(hereis theexamplefor multiplication):

1 process_subf (A* B, C, Body, Type , S) :-
2 local_var ([ValA ,ValB ]),
3 process_subf ( A, ValA , BodyA, TypeA, S),
4 process_subf ( B, ValB , BodyB, TypeB, S),
5 process_subf_aux ( *, ValA, BodyA, TypeA, ValB , BodyB,
6 TypeB, C, Body, Type ).

Here, local var(L) createsa freshvariablefor eachentry of the list L.28 After-
wards,the two operandsA, B are processedreturningtheir new representation,any
remainingProloggoalsthatneedto beevaluatedon-line,andtheir internaltype. The
main taskof combiningtheseresultsis carriedout by the auxiliary predicate,which
forms a key elementto the utility of the preprocessor. Therefore,we will explain its
functioninga little bit moredetailed.

1 process_subf_aux ( Op, ValA , BodyA, TypeA, ValB , BodyB, TypeB,
2 ValC , BodyC, TypeC) :-
3 Expression =.. [Op , ValA , ValB ],
4 (
5 /* best case : can be evaluated at compile time */
6 TypeA = eval , TypeB = eval ->
7 ValC is Expression ,
8 BodyC = true ,
9 TypeC = eval

10 ;
11 /* if cannot be evaluated right now: leave ValC

27Recallthatcontinuous�uents changetheir valuecontinuouslyover time.
28This is realizedby theECLiPSelibrary var name.
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12 uninstantiated and put evaluation into Body */
13 (
14 metaType ( TypeA, meta_number ), TypeB = eval ->
15 concat_string (["(", ValB ,")"], StringB ),
16 Expression2 =.. [ Op, ValA , StringB ],
17 conjunct ( BodyA, (ValC is Expression2 ), BodyC)
18 ;
19 TypeA = eval , metaType (TypeB , meta_number ) ->
20 concat_string (["(", ValA ,")"], StringA ),
21 Expression2 =.. [ Op, StringA , ValB ],
22 conjunct ( BodyB, (ValC is Expression2 ), BodyC)
23 ;
24 metaType ( TypeA, meta_number ),
25 metaType ( TypeB, meta_number ) ->
26 conjunct ( BodyA, BodyB, Tmp1),
27 conjunct ( Tmp1, ( ValC is Expression ), BodyC)
28 ),
29 TypeC = number
30 ;
31 /* error case */
32 printf ("** error in process_subf_aux : TypeA %w
33 \tTypeB %w\n", [TypeA , TypeB])
34 ).

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

1. Both operandsare fully evaluated. This could for examplehappenwhen the
operandsareconstantnumbers.Thenalsothe result for this operationcanbe
evaluatedyet (ValC is Expression ), the returnedtype is eval , andthe
Prologbodyof goalsleft for on-lineinterpretationis empty(Body=true ). This
is theidealcasewhereeverythingcanyetbeevaluatedoff-line.

2.+3. Casetwoandthreearesymmetric.It iswhenoneof theoperandsisyetevaluated,
but theotheris not. Thenonly for theunevaluatedoperandthereremainsProlog
codefor on-lineevaluation.

4. The remainingandworst caseis whenneitheroperandcanbe evaluatedcom-
pletelyat compiletime. ThenthePrologbodieshave to beconjoined.

In any case,the type of eachoperandhasto eitherbe eval , markingyet evaluated
numbers.Or it hasto be somethingthat still canget a number, that is, a variable,a
�uent, or anarithmeticsub-expression.Thissortsout ill formedarithmeticexpressions
likeV = 34 + noflu wherenoflu is nota �uent.29

All legal combinationsof types(cases1-4)canbefoundin thefollowing example:

function( example, V,
V = 2 � 5| {z }

1:

� distance(ball, oppgoal)

| {z }
3:

+ posX - 1| {z }
2:

| {z }
4:

)

29Note that READYLOG, as ICPGOLOG, hasno sophisticatedtype conceptfor �uents. Thus, it is in
generalnot possibleto besurethata �uent representsa number. Adding a typeconcept,couldbedonein
futurework.
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wheredistance(A,B) is a functionandall othernamesare�uents.

5.3.2 ProcessingElementsof the Language

Beingableto compileconditionsandexpressions,many elementsof thelanguagecan
be preprocessed without much additional effort. Functions
(function(Name, Value, Cond) ) andactionpreconditions(poss(Action,
Cond) ) arestraightforwardto process.In bothcasestheinvolvedconditiongetscom-
piled. Additionally for functions, the Value has to be processed by
process subf(..) .30

Aboveall, thepreprocessorcarriesoutsomeotherkey taskswhichwearegoingto
describenext.

Generating Successor State Axioms from Effect Axioms

ICPGOLOG useseffect axiomsto describehow actionschangethe valueof �uents.
Theseareformulatedby theuserthroughclausesof theformcauses val(Action,
Fluent, NewValue, Cond) . For regression(cf. Section4.1.2)this meansthat
the includedconditionshave to be interpretedevery time the axiom is applied. The
reasonwhy ICPGOLOG, distinctfrom otherGOLOG interpreters,useseffectaxioms
insteadof successorstateaxioms,is becauseof the progressionalgorithm. For that
algorithmsuchan actionorienteddescriptionof effects is preferableover the �uent
orientedsuccessorstateaxioms.

Thepreprocessortransformstheseeffectaxiomsto successorstateaxiomsapplying
thealgorithmwhichwasusedby RayReiterin hissolutionto theframeproblem[33],
andwhich we describedin Section4.1.1. Therebythe conditions(Cond) andvalue
expressions(NewValue ) arecompiled.

Although, preprocessingherecomeswith no disadvantages,except for a small
amountof time neededfor compilation,it considerablyspeedsup the regression.To
comparethe speedof regressionwith non-compiledeffect axioms(causes val s)
andcompiledsuccessorstateaxioms,we have implementedthis tiny exampleproce-
dure:
proc ( act(X ), [ while (flu < X, inc ), saytime ] ).

Theproceduresimply countsfrom zeroup to theargumentX by increasing(inc ) the
�uent (flu ) andthenprints the usedCPU time sincethe beginning of the task. We
have run this procedure20 timesin a row with increasingvaluesfor theargumentX.
Startingwith 100, we increasedat stepsof 100. So in the �nal iteration,a situation
termcontaining2000timestheprimitiveactioninc is operatedby regression.Hereis
theeffectaxiomfor actioninc and�uent flu plustheresultingsuccessorstateaxiom
producedby thepreprocessor.

causes_val ( inc , flu , L, L = flu +1 ).

1 ssa ( flu , PreVar0 , [inc |Srest ] ) :-
2 !, (has_val (flu, PreVar4 , Srest ),
3 PreVar3 is PreVar4 + (1)),
4 PreVar0 = PreVar3 .
5

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

Figure5.5shows thechartcomparingthetime consumptionwhenthetaskis run with
effect axiomsandwhenrun with successorstateaxioms. Pleasenotethat the y-axis
hasa logarithmic scale. Using compiledsuccessorstateaxiomsin this examplewas
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Figure5.5: Comparingthespeedof regressionwhenusingeffect axiomslike in ICP-
GOLOG andwhenusingthe(compiled)successorstateaxiomsproducedby thepre-
processor. Theprogressionmechanismhadto bedisabledfor thistest,in orderto create
situationsof thedesiredlength.

about20 timesfasterthanusingnon-compiledeffectaxioms.Thetime for preprocess-
ing was0.01seconds.The result is representative in the sensethat only onesimple
condition (L = flu+1 ) was usedcontainingonly one arithmeticexpression. The
savings even increasewhenmoreconditionsare to be evaluatedandmorecomplex
arithmeticsareused. Overall, this comparisonsupportsour observationsfrom early
versionsof READYLOG, whichappearedto betentimesslower thanDTGOLOG. This
wasbecausetheseearlyversionsdid not yetusethepreprocessor.31

Processing Stochastic Procedures and Explicit Events

As describedin Section5.1.1, the userin READYLOG can de�ne stochasticproce-
duresby providing aproceduremodelandaprocedurepreconditionfor any procedure.
Theseandoptionalprocedurecostsde�nitions arealsotransformedby thepreproces-
sorto reducetherequiredon-lineinterpretation.Amongotherthings,thetaskinvolves
transformingoccurringcontrolconstructsto Prolog.For tests(?(Condition) ) this
simply amountsto compiling theconditionandconjoiningit with theremainingPro-
log body. For if(C, A, B) -constructsthepattern( CC -> CA ; CB ) is used.
HereCCwill be replacedby thecompiledcondition,CAandCBarethecompiledal-
ternativesA, B. Theremainingelementsof the taskarerelatively straightforward to
conduct,sothatweskipdetailson thesesyntactictransformations.Explicit eventscan
beprocessedby thesametransformationrules.

31DTGOLOG doesnot needa preprocessorsincethe userhasto implementthe successorstateaxioms
alreadyin Prolog.
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Options

Wedescribedthealgorithmsfor automaticallycreatingoptionsfrom localMDPsalong
with their modelsin Section5.2. Theseare implementedin the preprocessor. As
said,the preprocessortakesa list of �les asinput. Theseareprocessedsequentially,
wheretheresultsfor one�le canalreadybeusedby thenext. This is neededto enable
hierarchiesof options. The organizationof these�les is intendedasfollows: In the
�rst �le the basicdynamicsof 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, stochasticproceduresandoptionsof level 1 are
de�ned, that is, procedureswith proceduremodelsthatonly useactionsof level 0 and
optionswhichonly useactionsof level 0 in theiroption-skeletons.Similarly, later�les
de�ne actionsof higherlevels.

5.3.3 Conclusion

As a conclusionaboutthepreprocessorwe cansaythat it is very useful. On theone
hand,it hasthepotentialof speedingthingsup by a factorbetweentenand20without
any disadvantages.32 On theotherhand,thepreprocessorhelpsusin gettingindepen-
dentof Prolog.It wouldbeveryeasyto modify thepreprocessorto createcodeof some
otherkind. Then,a READYLOG interpretercouldbeimplementedin other, potentially
faster, programminglanguages.Thecrucial �rst stepwould have to be to implement
thesituationcalculusin thatlanguage.

32Weignoretime for preprocessingsinceit canbedoneoff-line andeventhentakesnegligibly little time.



Chapter 6

Experimental Results

In this chapterwe will presentsomeexperimentalresultsmadewith thenew READY-
LOG interpreter. First,wepresentresultsonoptionsin a grid world domain.Then,we
considerthe ROBOCUP SoccerSimulationandmobile robotics,wherethe resultsfor
mobileroboticsaretakenfrom our participationat ROBOCUP 2003Mid-SizeLeague
World CupatPadua,Italy.

6.1 Grid Worlds

We have takenover theMaze66environmentusedby Hauskrechtet al. [21]. In �rst
place,weusethisdomainto illustratethepotentialof optionsandshow their seamless
integrationinto READYLOG. In [16], we extendedthe original DTGOLOG with op-
tionsandreportedresultsmadein this environment.We have run thesametestswith
thenew interpreter, in orderto compareits performanceto DTGOLOG.

3 4

5

6 7

21 S

G11

G4

G3

Figure 6.1: The Maze66environment. In this domain, eight different testswere
conducted:the agentalways startedin S and thenaimedat reachinga certaingoal
G3..G11 , which hada high positive reward. The numberof the goal (3..11) is the
manhattandistancefrom thestart.

Differentnavigationproblemswereformulated:As depictedin Figure6.1 thetask
wasto reacha certaingoal (G3..G11 ) locatedat differentManhattandistancesfrom
thestart(S).

Wecomparedthreeapproachesto theseproblemswhicharedepictedin Figure6.2:

85
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1. full MDP planning
The agentrepeatedlychoosesfrom its basicactionsgo right, go left,
go down, go up. ThecorrespondingREADYLOG programis thefollowing:

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

As usualall basicactionsareuncertain:with probability0.91anactionsucceeds.
With theremainingprobabilitytheagentwill insteadmovein any othercompass
direction(if possible).

2. heuristics
For eachroomtheagenthasheuristicproceduresfor leaving theroomby a cer-
taindoor. For roomonetheprocedurefor leaving towardsroomtwo is

1 proc ( dt_room1_2 ,
2 [ ?(pos = [ X,Y]),
3 if ( Y < 1, go_down ,
4 if ( Y > 1, go_up , go_right ) ) ]).

Theseproceduresareprovided by the userandarean exampleof how domain
knowledgecanbeincorporated,aswasintendedwith theDTGOLOG approach.
In theoverall tasktheagentthenchoosesfrom theseproceduresaslong asit is
not in thegoalroom,whereonly basicactionsareconsidered.

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

1 option ( room1_3 ,
2 nondet ([go_right , go_down , go_left , go_up ]), 0.9).
3 option_init ( room1_3 ,
4 and([ domain (X, [0..5]), domain (Y , [0..10]),
5 pos = [X,Y ], inRoom (1)]) ).
6 option_sense ( room1_3 , exogf_Update ).
7 option_beta ( room1_3 , inRoom (3), 100 ).
8 option_beta ( room1_3 ,
9 and( not ( inRoom (1)), not (inRoom (3))), -100 ).

10 option_variables ( room1_3 , [pos ]).

Theoption-skeletonis simplythechoicebetweenall basicactions.Theinitiation
setis thesetof all situationswherethex-coordinateof thepositionis aninteger
numberin the interval [0::5], the y-coordinateis an integer numberin [0::10],
that is, thepositionis legal in our domain,andthepositionis within roomone.
All relevant�uents canbesensedby theactionexogf Update . Dependingon
theroomwheretheregion is left, thepseudo-rewarddiffers: If after leaving the
room,theagentis in roomthree,a pseudo-rewardof 100is given. Otherwiseit
is -100.Themappingbetweensituationsandstatesreliessolelyon theposition.

Using theseoptionsan hybrid MDP like the oneof Section5.2.3(alsoconfer
Section3.2.2and[21]) canbe usedto solve the task. That is, while not in 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: Thethreemainapproachesdepictedby arrows: (a) in eachstatetheagent
canchoosefrom all possibleactions;(b) theagentonly choosesfrom actionsthatlead
to a door, bluearrows leadto thedoorto theright, redonesto thedoorat thebottom,
blackonesarecommonfor both;(c) theagentchoosesoneof two optionscommitting
to anentirebehavior leadingto oneof thedoors.

While all approaches�nd a policy to get to thegoal, the time for computationdiffers
immensely. Figure6.3 (a) shows the resultswe obtainedwith our extensionof DT-
GOLOG. Theproblemimplementationsin bothlanguagesaresemanticallyequivalent
suchthat the resultsarecomparable.1 Figure6.3 (b) shows the resultsobtainedwith
READYLOG. Here,additionallywe have run the�rst case(full planning)for compar-
ison with precompiledsuccessorstateaxioms(A') andwithout (A), usingthe effect
axioms. The resultscompareto the observationsreportedat the endof the previous
chapter.

Comparingthe two charts,especiallycurve A, shows that the new interpreteris
comparablein speedto DTGOLOG. This meansthatalthoughwe have increasedex-
pressivenessand– aswe believe – userfriendliness,we have not compromisedper-
formance.This would not have beenpossiblewithout thepreprocessorasonecansee
clearlyfrom curvesA andA'. Still thefull planningapproachhereremainsintractable
for largerhorizons.

Obviously, usingheuristicsprovidessomespeed-up.This speed-upis foundedin
the reductionof nondeterminism:insteadof choosingfrom all available actions,it
only considersactionsleaving the room by one of the doors(caseB). Additionally
to the above statedheuristicprocedures,we have run the testsin READYLOG with a
slightmodi�cation: insteadof alwayschoosingfrom theseheuristics,this is only done
oncefor eachroom(B'). This resemblestheoptionsapproach.Still thecomputational
performanceis worsethan for options. To understandthe reasonfor that, we have
to returnto theearlierproblemthat in�nitely many situationsintuitively describethe
samestate.Figure6.4 shows threedifferentexampleshow roomonecouldbe left to
theright. All threecouldhappenwith theheuristicproceduredueto theuncertaintyof
thebasicactions.Althoughsometrajectoriesarevery unlikely, e.g. thedashedonein
the�gure, they areall consideredby theprojectionmechanism.As a matterof future
work it couldbeworthwhile to �nd a soundlower boundfor probabilitiesto sortout
thosetrajectoriesthatcannotin�uence theoverall resultanyhow (cf. Chapter7). After

1Thesyntaxof DTGOLOG andREADYLOG differ.
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Figure6.3: TheresultingtimesusingtheextendedDTGOLOG interpreterasin [16] and
usingREADYLOG: (A) full planning,(B) applyingheuristics,(C) usingoptions.The
curve (B') could not be drawn further dueto stackover�ows in the ECLiPSeProlog
systemfor any largerhorizonthanten.

Figure6.4: Threewaysfor leaving a room. Eachconstitutesa differentsituationfor
thesameexit state.

eventuallyendingin the exit statein the room to the right, all thesetrajectoriesrefer
to differentsituations. As describedwhen formally specifyingthe implicit MDP in
DTGOLOG andREADYLOG, thesesituationsalsoreferto differentstatesalthoughthis
seemscounterintuitive. For all thesestatesthefurtherprojectionis performed,causing
morecomputationaleffort 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 thesameexit state,suchthatfrom
thereon only oneprojectionis pursued.This nicely shows that the mappingis very
centralto thebene�t of optionsin theextendedDTGOLOG andREADYLOG. By the
mappingtheuserde�neshis intuition aboutwhatcharacterizesastateor, seenfrom the
otherperspective,whentwo situationsareconsideredequal.

Optionsandheuristicprocedureshave in commonthat they heuristicallyreduce
the complexity for the costof optimality: If the heuristicsor local MDPs arebadly
chosen,the resultingsolutionquality candecrease,that is, for example,the lengthof
thefoundpathcanincrease.In general,it is at theresponsibilityof theuserto provide
goodheuristicsandonly the full planningapproachcanalwaysguaranteeto �nd the
optimal solution. Nevertheless,in on-line scenarios,the requiredtime for �nding a
policy hasusuallyto beincludedin thequalitycriterion.Then,solutionsusingoptions
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andheuristicscanevenbeconsideredbetterthanthe“optimal” but slow full planning
solution.In theexample,thisbecomesobviouswhentakingthetimetheagentneedsin
gettingto thegoalastheperformancemeasureandassumethateachactiontakesone
secondto perform. Then,the agentwould rathertake a sub-optimaltrajectoryto the
goalprovidedby theoptionsapproachinsteadof waiting a long time for theoptimal
policy.

With regardto thesolutionquality, thecomparisonis complicated:In thepresented
examples,thesolutionof theoptionsapproachwasevenbetterthanthatof all others
including the full MDP planningapproach.2 This is becausewe arenot usingvalue
iterationat theglobalscopeto solve theproblem,but usedecision-treesearchwith a
�x edhorizon. In thetests,we alwayschosetheminimal horizonneededto �nd some
pathto the goal. That inplies that if this pathwasaccidentallyleft, the agentwould
get lost. To obtainresultsequalor betterin quality to that of the optionsapproach,
we would have to run the other approacheswith larger horizons,taking even more
time. However, we do not intendto starta discussionon solutionquality whenusing
optionsand refer to the literature[21] wherethis issueis well investigated. These
considerationsequallyapplytooursetting.After all, it seemsapparentthatfor dynamic
on-linesettingswheretime is a criterion,it is obviousthatusingoptionsis thebestof
all describedapproaches.

It remainsto pointout thatalthoughthepresentedspeed-upsprovidedby optionsseem
tremendous,this is alsobecausethisexampledomainis somewhatdesignedfor theuse
of options,i.e., the regional decompositionis suggestive (rooms)andthe regionsare
only linkedby relatively few connections(doors).Also thestatespaceis small. In the
next sectionwe will seewhich kinds of dif�culties remainto be overcomefor using
optionsin morecomplex problems.

6.2 ROBOCUP Soccer Simulation

Basedon theoverall architecturedescribedin [14], a systemfor specifyingthebehav-
ior of soccerplayersin READYLOG wasusedto evaluatethe new interpreterin the
ROBOCUP SoccerSimulationenvironment.This systemin turn is build on top of the
UvA Trilearnbasesystem(cf. Section2.2.2).In a nutshell,thearchitecturecomprises
a reactive-anda deliberativecomponent, which enablesquick respondsto changesin
theenvironment,but alsoallows to executeplansof severalactionsthatwerecreated
by deliberating.Thereby, thedeliberative componentcanbespeci�ed in READYLOG.
Roughly, theprimitiveactionsaretheskills of theUvA Trilearnsystem.Recallthatthis
systemdistinguishesthreeskill levels,forming threelevelsof abstraction.Depending
onthelevel, theplanningproblemin thedeliberativecomponentnaturallyhasdifferent
granularities.Thesegranularitiesmanifestin thelengthof aplanfor achieving acertain
goal. For a discussionon thedifferentmodelsof granularitysee[22]. Here,we will
reduceour considerationto the highestlevel of abstraction,whereactionsare taken
only from thehigh-level skills of thebasesystem.All testswererun on a standardPC
with an1.7GHzPentium4 processorand1GBmemory.

2Solutionquality wasmeasuredby theoverall expectedrewardfor thereturnedpolicy. This is a reason-
ablemeasurefor quality, asdiscussedin Section3.1.
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6.2.1 Comparing to I CPGOL OG

We aimedat comparingthe new READYLOG interpreter, especiallythe performance
of theincludedprojectionmechanismusedin planning,to the ICPGOLOG interpreter.
To do so,we implementeda goalshotscenarioanda directpassscenariosimilar the
onesusedin [22].

Goal Shot

Basically, the taskwasto de�ne a proceduremodel for the goal shotprocedure.As
in [22] we take the opponentgoalieandclosestplayer to the pathway into account:
For both it is projectedwhetherthey areableto interceptthe goal shot. This model
canbeusedfor a stochasticprocedureafterit hasbeenpreprocessed(cf. Section5.3).
Planninga goal shotwith that model in READYLOG takes0.01seconds. Projecting
thesametaskin ICPGOLOG took 0.35secondsin thebestof all describedcaseson a
comparablemachine(asreportedin [22]).

Direct Passes

Similar resultswe obtainedfor the direct passscenario:For the taskof decidingto
whichof thetwo closestteammatesto passto, theREADYLOG interpreterneedsagain
only 0.01seconds3. This comparesto 0.25secondsin ICPGOLOG. Even for a com-
pleteteamof eleven players,thedecisionon which of all teammatesto passto takes
only 0.07secondsin READYLOG.

Thesetwo examplesshow clearly the increaseof speedin READYLOG comparedto
its predecessorICPGOLOG. The speed-upis explainedby two reasons:the applied
projectionmechanismand the useof the preprocessor. The way projectionis done
in ICPGOLOG is more�e xible andpossessesa richerexpressiveness.However, it is
neitherdesignednor suitedfor the creationof plansby solving nondeterminism.4 A
probablygreatercontribution to the speed-upcomesfrom the preprocessor. This is
especiallysuggestedby the resultsat the endof the last chapter(Section5.3). The
preprocessorin this specialcaseprovidesuswith two advantages:theobviousspeed-
up andtheindependenceof Prolog. In fact,for creatingtheresultswith ICPGOLOG,
mostof thecomputationswereimplementeddirectly in Prolog(cf. [22]). By that,the
authordidmanuallywhatthepreprocessornow doesautomatically. If thecomputations
hadpurely beenimplementedin ICPGOLOG functions,they would have taken even
longer.

Concludingwe remarkthat thepresentedspeed-upovercomesthebarriertowards
realisticapplicabilityin theROBOCUP SoccerSimulationwithin theinitially described
architecture.Thesoccerserver acceptsplayercommandsevery 0.1seconds.If during
onesuchcycle no commandis sent,no actionis executedby theplayer. It turnedout
thatteamsareonly competitiveif they areableto useeverycyclefor settingcommands.
While thedescribedhybrid architecturehelpsin thisregard,it seemsstill necessarythat
simpledecisions,like whomto passto, aremadewithin onecycle. We cannow meet
this requirement.

3This is thethelowestamountof timemeasurableby theECLiPSePrologsystem.
4In fact,it cannotevenhandlenondeterminismasthiswasnotanissuein thedesign.
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6.3 Mobile Robotics: ROBOCUP Mid-Size League

WehaveusedREADYLOG for specifyingthehigh-level behavior of oursoccer-playing,
physicalrobotsat theROBOCUP 2003Mid-SizeLeagueWorld CupatPadua,Italy.

6.3.1 ProblemImplementation

In the realizationwe usedtheskills providedby theskill moduleasthebasicactions
(cf. Section2.3.2).Themostrelevantof thesewere:

� goto global/gotorelative
Drive to agivenglobalpositionor to apositiongivenrelative to therobot.

� turn global/turn relative
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 side to a distance
dependingon theturnspeedwhichagaindependson theturnangle.

� dribble to
Having theball, go to a certainposition. If theball is lost – it is not anymorein
front of therobot– theactionfails.

� guard pos
Maintainaguardingpositionon theline betweentheown goalandtheball.

� interceptball
Intercepttheball. Thisusuallyonly succeedsif theball is standingstill.

� kick
Triggerthekicking mechanism.If theball is closeenough,it will beaccelerated
to thefront.

� move kick
Movetowardsagivenposition,andassoonastheangleto thatpositionis below
a certainthresholdkick. This enablesthe robot to kick into directionsit is not
currentlyheading.

Theseactionswere implementedas stochasticprocedures.The procedurebody
sendsthe appropriatecommandto the skill moduleand waits until that reportsthe
completion(successor failure) of the action. The proceduremodeldescribesour in-
tuition abouttheeffectsof theaction. Hereis theexamplefor theglobal turn action,
which is assumedto bealwayspossible:

1 proc ( turn_global (Own, Theta , Mode),
2 [ send (nextSkill ( Own), do_skill_turn_global (Theta , Mode)),
3 ?(nextSkill (Own) = nil )
4 ]).
5
6 proc_poss (turn_global (_Own, _Theta , _Mode), true ).
7 proc_model ( turn_global ( Own, Theta , _Mode),
8 [ if (isKickable (Own),
9 /* turn will affect the ball */

10 [ ?( and ([ AgentPos = agentPos (Own),
11 AgentAngle = agentAngle (Own),
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12 AgentPos = [X ,Y],
13 TurnAngle = Theta - AgentAngle ,
14 YDiff = TurnAngle *abs (TurnAngle ) / 3.4,
15 geom_PosRel ([ X,Y, AgentAngle ],[1, YDiff ], NBPos)])),
16 set_ecf_local_ballPos (NBPos ,[0,0])],
17 /* else : turn will NOT affect the ball */
18 []
19 ),
20 set_ecf_agentAngle ( Own, Theta , 0)
21 ]).

The model describes the intuition that if the ball is close to the front
(isKickable(Own) ) of the actingrobot (Own), the ball will be pushedin the di-
rectionof theturn. Thedistance(YDiff ) dependson theturn angle.This distanceis
themostheuristicelementin thismodelandis simplybasedonrealworld observations.
Wewill describethemodelsfor theotheractionswhenneeded.

Furthermore,all relevantandaccessibleworld informationis availableto theagent:
theown estimatesof therobot'sown position,positionof theball, andthepositionsof
the opponents,to namethe mostimportantones.Additionally, datafrom the control
computerlike the fusedposition of all ball estimatesand the currentplay-modeis
available.

We have describedtheactions.Thetransitionmodelis de�ned by theactionmod-
els,andthestatespace,asalways,is thesetof all situations.Whatstill is missingfor
anMDP aretherewards.Wede�ne therewardfor asituationbasedonthepositionand
velocity of theball. Positionsinsideor in front of theopponentgoalgethigh positive
rewards,while on theotherhandball positionsinsideor closeto our goalareassigned
highly negative rewards.If theball is moving, thepositionto beevaluatedis takenas
theintersectionof theball trajectorywith theboundaries.Otherwise,theball position
itself is usedto evaluatethesituation.

6.3.2 Agent Behavior

While thegoaliewascontrolledwithout READYLOG in orderto maintainthehighest
possiblelevel of reactiveness,all otherplayersof our teamhadanindividual READY-
LOG procedurefor playing.Weassigned�x edrolesto thethree�eld players:defender,
supporter, andattacker. In general,thedefenderkeepsaguardingpositionbetweenthe
own goal and the ball (guard pos ), the supportermaintainsa positionat medium
distanceto the ball to standavailable for taking over the ball from the attacker, and
theattackercaresabouttakingtheball into theopponentsgoal.However, oftenduring
play, alsodefenderandsupportermight be in a goodposition for carrying forth the
ball. Thereforewe have realizedsomesort of dynamicrole switching. The function
bestInterceptor All returnsthenumberof theplayerwhich is consideredthe
bestfor goingfor theball. This is usedby all playersto decidewhetherto follow their
usualrole or to carryout someform of attackingbehavior. If theattacker believesit is
not thebestinterceptor, it switchesto asupportingbehavior.

Deliberationis at any time only performedby anagentthatbelievesto bethebest
interceptor. Thishastheadvantagethatthebehavior of all otherplayersis deterministic
andthuseasierto predict for the planningagent. We herepresentthe planningtask
the attacker solvesbeingthe bestinterceptor. The taskis describedby the following
solve -statement(cf. Fig. 6.5):
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1 solve ( nondet (
2 [kick (ownNumber , 40),
3 dt_dribble_or_move_kick (ownNumber ),
4 dt_dribble_to_points (ownNumber ),
5 if ( isKickable (ownNumber ),
6 pickBest ( var_turnAngle , [-3.1, -2.3, 2.3, 3.1],
7 [turn_relative ( ownNumber, var_turnAngle , 2),
8 nondet ([
9 [intercept_ball (ownNumber , 1),

10 dt_dribble_or_move_kick ( ownNumber)],
11 [intercept_ball (numberByRole ( supporter ), 1),
12 dt_dribble_or_move_kick ( numberByRole ( supporter ))]
13 ])
14 ]),
15 nondet ([
16 [intercept_ball (ownNumber , 1),
17 dt_dribble_or_move_kick (ownNumber )],
18 intercept_ball ( ownNumber, 0.0, 1)])
19 ),
20 intercept_ball (ownNumber , 0.0, 1)
21 ]), 4)
22
23 proc (dt_dribble_or_move_kick (Own),
24 nondet ([
25 [dribble_to ( Own, oppGoalBestCorner_Tracking , 1)],
26 [move_kick (Own, oppGoalBestCorner_Tracking , 1)]])).
27
28 proc (dt_dribble_to_points (Own),
29 nondet ([
30 [dribble_to ( Own, [2.5, -1.25], 1)],
31 [dribble_to ( Own, [2.5, -2.5], 1)],
32 [dribble_to ( Own, [2.5, 0.0], 1)],
33 [dribble_to ( Own, [2.5, 2.5], 1)],
34 [dribble_to ( Own, [2.5, 1.25], 1)]
35 ])).

Thesetof alternativesmadeupfrom thisplan-skeletonis bestdescribedby 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 determinesthepositionof theopponentsgoaliein thegoaland
therebydecideswhich is thebettercornerto shootat (in thepictureit is theright cor-
ner). Also therobotmaydribble to oneof � ve prede�nedpositionson a line in front
of the opponentsgoal (dt dribble to points(Own) ).5 Additional alternatives
exist dependingon the positionof the ball: if the ball is in kickablerange,the robot
considersthe possibility to turn to oneof four angles,pushingthe ball to the left or
right. Theball cantheneitherbeinterceptedagain by theattacker himselfandcarried
to the goal or the supportercando that. Here,the staticbehavior of the supporteris
takenadvantageof. Theattacker assumesthesupporterat its side,sothathecanpass
the ball to him. This behavior wasthoughtof for gettingpastopponentsblocking a

5This function is an ideal examplewhereusing pickBest would be more convenient for the user.
However, for performanceit doesnotmakeadifferenceto thenondet -expressionusedhereinstead.
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ball behavior when turning with ball

move_kick/dribble

move/dribble/intercept

Figure6.5: Thesetof alternativesfor theattackerwhenheis at theball. Theredboxes
denoteopponents,theblackonesareteammates.Everythingelseare�eld markings.

straightway to thegoal.
Dribbling andinterceptingtheball aremodeledasuncertain.Both have a success

anda failurecase.Especiallyinterceptingtheball is consideredto bedif�cult, sothat
theprobabilityfor a failureis assumedto be0.8.

In the casewherethe robot hasthe ball, the decisiontreecreatedfrom the users
choicesandnatureschoiceshas62leaves.Thisis aconsiderablenumberof alternatives
for ROBOCUP, but shouldnotbecomparedwith planningtasksin simpli�ed grid world
examples.In thoseexamples,treeswith a lot moreleavesareused,andstill solutions
are found more rapidly (time consumptionsfor the presentROBOCUP exampleare
investigatedin the next section). This is, becausethe appliedmodelsconnectingthe
nodesof thetreethere,aremuchsimplerandthusrequirelesscomputationaltime.

6.3.3 Experiencesat ROBOCUP 2003

Let usconsideranexamplesituationthatoccurredduringa matchagainsttheteamof
ISePorto in front of theirgoal.Figure6.6showstheview of theworld asloggedduring
the game. This means,the positionsof the ball (in the upperright), our robots(in
white), andtheopponents(red)areestimatedbasedon thefusedinformationfrom all
of ourrobots.6 In thissituationmostof thedribblingactionsareconsideredimpossible:
Therobothasonly limited controlover theball. In particular, it is notpossibleto drive
in circleswith low radiuswithout loosingtheball. Thus,we setthepreconditionfor
dribbling asdependingon the angleto the target point. In this situationthe attacker
(Cicero)considered,amongothers,thefollowing alternatives,which areillustratedin
Figure6.77:

� a straight kick
(Figure6.7(a))Kicking in thissituationwouldshoottheball outof bounds.The

6We remarkthat thesepositionsin generalarequite erraticdueto time lagsin the remoteconnections
anddueto sensorinaccuracies.This is anothersourceof dif�culties for decisionmaking.

7All presenteddatais takenfrom log-�les thatwererecordedduringthegame.
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Figure6.6: A situationthatoccurredduringamatchagainsISePorto: Oneof ourrobots
(Cicero)hastheball andthesupporter(Caesar)is at its place.

(a) (b) (c)

Figure6.7: (a)astraightkick (b) amove-kicktowardstheemptyopponentsgoalcorner
(c) team-play

associatedrewardis basedontheintersectionwith thegoalline andis computed
as9250.8

� a move-kick to thegoal
(Figure6.7(b)) Thebestcornerto shootat is obviously theright one.However,
the model describesa move-kick by driving one meter to the front and then
acceleratingtheball towardsthetarget.9 Again theball wouldgooutof bounds,

8Weonly useintegernumbershere,to improve readability.
9Of course,thismodelagain is veryheuristicandis basedsolelyonobservationsduringtesting.
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achieving asimilar rewardasthekick (9403).

� team-play
(Figure6.7(c)) Theactioneventuallytakenwasto turn with theball, pushingit
in front of thesupporter.

Let usseewhat leadto this decision.For readabilitywe only useintegervalues.The
initial situationhasarewardof 4557andturningwith theball will certainly(probability
= 1.0) leadto a situationwith reward 4169(seeFigure6.8 (a)). Next, the supporter
(Caesar)is assumedto intercepttheball. This is only successfulwith probability0.2.
The reward for the new situationis unchanged,sincethe ball is not moved – in this
model(seeFigure6.8(b)). However, theintercepthasnegative costs,astheball is not
far for thesupporterandit is in front of theopponentsgoal,whereaninterceptalways
seemsa goodidea.Alternatively, interceptionby theattacker is considered.But since
that player is fareraway from the ball, the costsfor that arehigher(seeFigure6.9).
Finally, the supporternow having the ball is assumedto scorea goal by performing
the move-kick skill (seeFigure6.8 (c)). The resultingsituation,with the ball in the
opponentsgoal, getsa reward of 10000. The move-kick also hasnegative costsof
70. This is to encouragetherobot to generallyshootmoreoften. Overall anexpected
rewardof 14922is computedfor this policy. Figure6.9 shows the resultingdecision

(a) (b) (c)

Figure6.8: Team-play

treefor thethreedescribedalternatives. Theoptimalpolicy is markedby a thick line.
Therealdecisiontreewasmuchlarger(aboutfactor4). We left out theotherpossible
turn angles(appearingat line 6 of the sourcecodeon page93) which createdmore
branchesof the kind considered.Overall decisionmakingin this situationtook 0.61
seconds.

In general,thetimetheattackerspentonprojectiondependedhighly onthenumber
of alternativesthatwerepossible.Themostsigni�cant differenceit madewhetherthe
ball waskickableor not (all timesin seconds):

examples min avg max
withoutball 698 0.0 0.094 0.450

with ball 117 0.170 0.536 2.110
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natures choices

agent choices
   move_kick

kick

turn

intercept(me)

intercept(TM)

move_kick

move_kick

0.8

0.2

0.8

0.2

10000

10000

 4169

 4169

costs: -70

costs: -70

costs: -70

costs: -70

 4169

 4169

 4169

costs: -12

costs: -7

 4557

4776

4623

Figure6.9: Thedecisiontreetraversedby theoptimizationmechanismin thissituation.

Thesetimesareworsethantheearlierseennumbersfrom theSoccerSimulation.The
speeddifferenceis mainly explainedby threefacts:Firstly, theprocessorof thecom-
putersin the robotsrunsat abouthalf the speedof the oneswherethe simulationre-
sultswhereproduced(Pentium3, 933MHz vs. Pentium4, 1.7GHz). Secondly, the
robotwasrunningseveralotherprogramsconsumingcomputationpower. Thirdly, the
appliedmodelsandthe reward function weremorecomplex. Especiallythe latter is
crucialasit getscomputedat eachsituationvisitedin projection.Fromexperiencewe
cansaythat nearlyall the time is spentfor determiningsuccessorsituations,that is,
doingprojection,andrewardcalculation.Nevertheless,thepresentedamountsof time
arestill smallenoughfor theMid-SizeLeagueasthis leagueis not yet asdynamicas
thesimulation.

A key insightof thesoccerexperiencewith theinterpreteris thattheactionmodels
andthereward functionarevery crucial. Theuseris recommendedto take greatcare
designingthem. Figure6.8 (a), for instance,revealsa “mistake” in the usedreward
function: Hereit appearsmuchbetterto have theball on thepenaltyarealine in front
of the opponentsgoal than at the touch line. Unluckily, this opinion had not been
modeledinto therewardfunction,suchthatthetouchline positionis evaluatedhigher
for beingfarerinto theopponentshalf. Theagent,which is almostexclusively guided
by the reward function, is very sensitive to suchmistakes. They can easily lead to
unintendedbehavior. All themore,soundapproachesto creatingrewardfunctions,for
exampleby learning,couldbebene�cial andinvestigatedasfuturework.

Results at ROBOCUP 2003

Thisapproachenabledusto setupacompetitive team.In the�rst roundrobinwewon
all gamesexceptoneversustheformerworld championwhich we lost. Unluckily, in
the secondroundrobin we missedreachingthe quarter�nals by onegoal. Further-
more,we endedsecondin the technicalchallengeswith only abouthalf an hour of
preparations.Webelieve thatthisspeaksfor the�e xibility of ourapproach.

The problemspreventingmoresuccessfulplaying did not seemto stemfrom the
interpreteritself. Someproblemswereinducedby low-level taskslikelocalization,ball
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detection,andcollision avoidanceandby hardwareissues.But alsoin high-level con-
trol therestill seemsto bemuchroomfor improvements:asmentionedtherewardfunc-
tion andmodelsarecrucial.Theseshouldbegeneratedin amoresophisticatedfashion,
for examplewith thehelpof learningtechniques.Also it got apparentin play that the
interactionbetweentherobotsneedssomereview, to saythe least. It frequentlyhap-
pened,for example,that the discriminative function (bestInterceptor ) seemed
to be �ipping. In suchsituationstwo robotscouldnot decideon who shouldtake the
ball. Crucial functionslike this mustbemademorestable.Also for team-playbehav-
iors like theoneplannedby theattacker in theexampleoftenfail in practice,asother
playersinvolvedin sucha plando not actaswereexpected.Althoughtheseproblems
arenot directly linked to the interpreteritself, in futurework oneshouldstill keepan
openmindonhow extensionsof theinterpretercouldpossiblysupport�nding solutions
here.



Chapter 7

Conclusion and Future Work

We have integratedthe idea of DTGOLOG to combineexplicit agentprogramming
with MDP planninginto ICPGOLOG creatingthe new languageREADYLOG. This
includedthe developmentof a new approachto on-line decision-theoreticplanning
which we comparedto an existing approachby Soutchanski[37]. Our approachin-
cludesthepossibilitiesof theotherapproachbut addsto it substantially. It allows for
exogenousactionsandoffersmorefreedomin de�ning uncertainty. We have revealed
ashortcomingin theotherapproachwhenoperatingin highly dynamicdomainswhere
frequentsensingis a must.Also we have tackledtheproblemof whento breakpolicy
execution,that is, whento considera generatedplan to be invalid. This problemhad
notbeentreatedin theotherapproach.

Moreover, we have extendedour approachby theconceptof optionsto enablean
exponentialspeed-upof planningwhereapplicable.Wesupporttheautomaticcreation
of optionsfrom thesolutionof localMDPsandintegratedthemseamlesslyby compil-
ing themto stochasticprocedures.In particular, weoffer to de�ne optionsoveroptions,
allowing theuserto abstracthierarchicallywith automatedsupport.

BasedontheICPGOLOG interpreterwehavedevelopedaninterpreterfor READY-
LOG implementedin ECLiPSeProlog [10]. To improve user-friendlinessandespe-
cially to improve on-line performanceof the projectionmechanism,we have further
implementeda preprocessorthat compilescertainpartsof READYLOG programsto
Prolog. Testsshowed that this preprocessoraddsconsiderablyto the performance,
increasingthespeedby aboutfactortenin averagecomparedto ICPGOLOG.

We have testedtheinterpreterin threevery differentexampledomainsto evaluate
its useunderdifferentrequirements.It showedthatespeciallyoptionswereof highuse
in discreteand�nite domains.Therewealsosaw thatthenew interpreteris competitive
to DTGOLOG if thepreprocessoris used.In a simulationdomainwe testedREADY-
LOG against ICPGOLOG andnoteda considerableperformanceincrease.Finally, in
a realworld environmentwe extensively usedthe interpreterto controlmobile robots
in playingsoccerataworld cuptournament.

The performancewasoverall betterthanexpected,which is mainly the merit of
thepreprocessor. However, it would bedesirableto further reducethe time spentfor
planning. Unfortunately, we did not �nd a way to bene�cially apply optionsin the
ROBOCUP domain.While in theMid-SizeLeaguethatwasalsodueto limited testing
opportunities,in thesimulationit wasmainlycausedby thecontinuouscharacterof the
domain.

For future investigations,it might be interestingto extendoptionssothat they are
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ableto handlein�nite andespeciallycontinuousstateandactionspaces.Also it should
be possibleto have nondeterministicactionswith an in�nite numberof possibleout-
comes.1 This wouldopengreatnew opportunitiesfor their applicability. It would then
be imaginableto run automatedabstractionin areaswherebeforeabstractionwere
laboriouslyconductedby hand. For example, the skill abstractioncreatedby UvA
Trilearn(cf. Section2.2.2)couldperhapsbegeneratedsemi-automatically. Theuncer-
tainty of themovementof objects,asdescribedin Section2.2.1,could thenbeeasily
modeled.To do so,eithertheappliedmethodsfor solving local MDPswould have to
beextendedaccordinglyor othermethodscapableof operatingon in�nite/continuous
spaceswouldhave to befoundandused.

Another idea for speedingup the presentedoptimizationalgorithmcould be the
following: Imaginethissituationatauser'schoice-node:Onebranchwasalreadypro-
jectedandreturnedanexpectedrewardof E1. Furtherassumethatwe candetermine
anupperboundRmax on thepossiblerewardfor any state.Then,if in oneof theother
branchesafterS stepsa probabilityof lessthana certainP is accumulatedandanup
to thenexpectedreward of E2 is obtained,the branchcanbe prunedif andonly if
E2 + P � (Rmax � (H � S)) < E1, whereH is the planninghorizon. This is true,
becausethen this branchcannotanymorereachan expectedreward greaterthan the
onealreadyfoundfor theearlierbranch.This, like in � -� -pruning[39], prunesthetree
andcansavecomputationaleffort in asoundway.

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

Also someof the ideasappearingin relatedwork which we brie�y mentionedin
Section5.2.4couldbeworth integrating.Theseconcernedmethodsfor automaticde-
compositionof problemsinto sub-problemsfor which optionscouldbegenerated[3]
andhomomorphismsbetweensemi-MDPs[32] to tackletheproblemof relatednessof
sub-problemsfor which thesameoptionscouldbeapplied.

1Imagine,for example,agaussiandistributionusedto describetheactualpositionchangeof arobotafter
moving acertaindistance.



Appendix A

ReadyLog Interpreter

See�le “readylog.pl”on theCD.

A.1 definitions.pl

See�le “de�nitions.pl” on theCD.

A.2 Transition Semantics

See�le “�nal trans.pl”on theCD.

A.3 Decision-theoretic Planning

See�le “decisionTheoretic.pl”on theCD.

A.4 Options

See�le “options.pl” on theCD.

A.5 Preprocessor

See�le “preprocessor.pl” on theCD.
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