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Abstract. Temporallyextendedactions(e.g.,macroactions)have proven very
usefulin speedinguplearning,ensuringrobustnessandbuilding prior knowledge
into AI systems.Theoptionsframework (Precup,2000;Sutton,Precup& Singh,
1999)provides a naturalway of incorporatingsuchactionsinto reinforcement
learningsystems,but leavesopentheissueof how goodoptionsmightbeidenti-
fied. In this paper, we empiricallyexplorea simpleapproachto creatingoptions.
The underlyingassumptionis that the agentwill be asked to performdifferent
goal-achievementtasksin anenvironmentthat is otherwisethesameover time.
Our approachis basedon theintuition that“bottleneck”states,i.e. statesthatare
frequentlyvisitedon systemtrajectories,couldprove to beusefulsubgoals(e.g.
McGovern& Barto,2001;Iba,1989).
We presentempiricalstudiesof this approachin two gridworld navigationtasks.
Oneof the environmentswe exploredcontainsbottleneckstates,andthe algo-
rithm indeedfindsthesestates,asexpected.Thesecondenvironmentis anempty
gridworld with no obstacles.Althoughtheenvironmentdoesnot containbottle-
neckstates,our approachstill finds usefuloptions,which essentiallyallow the
agentto travel aroundtheenvironmentmorequickly.

1 Introduction

Temporallyextendedactions(e.g.,macroactions)have proven very useful in speed-
ing up learningandplanning,ensuringrobustnessandbuilding prior knowledgeinto
AI systems(e.g.,Fikes,Hart, andNilsson,1972;Newell andSimon,1972;Sacerdoti,
1977;Korf, 1987;Laird etal.,1986;Minton, 1988;Iba,1989).More recently, thetopic
hasbeenexploredin thecontext of Markov DecisionProcesses(MDPs)andreinforce-
mentlearning(RL) (e.g.,Singh,1992;Parr, 1998;Dietterich,1998;Precup,2000).The
optionsframework (Precup,2000;Sutton,Precup& Singh,1999)providesa natural
way of incorporatingextendedactionsinto reinforcementlearningsystems.An option
is specifiedby asetof statesin which theoptioncanbeinitiated,aninternalpolicy and
a terminationcondition.If theinitiation setandtheterminationconditionarespecified,
traditionalreinforcementlearningmethodscanbe usedto learnthe internalpolicy of
theoption.

Oneinterestingissuethat is left openin theoptionsframework is thatof automat-
ically finding initiation setsandterminationconditionsfor options.In this paper, we
empiricallyexplorea simpleapproachto creatingoptions.Theunderlyingassumption



is thattheagentwill beaskedto performdifferentgoal-achievementtasksin anenviron-
mentthat is otherwisethesameover time. Our approachis basedon the intuition that
“bottleneck”states,i.e., statesthatarefrequentlyvisitedon systemtrajectories,could
prove to be usefulsubgoals(e.g.McGovern & Barto,2001; Iba, 1989).The agentis
first allowedto exploretheenvironmentandgatherstatistics,basedonwhich it chooses
potentialsubgoalsandinitiation statesfor the options.In the secondphase,the agent
learnstheinternalpoliciesof theoptions.Oncethesearelearned,theagentcanusethe
optionsto solve thegoal-achievementtasksit is presentedwith.

We presentempirical studiesof this approachin two gridworld navigation tasks.
Oneof theenvironmentswe exploredcontainsbottleneckstates,andthealgorithmin-
deedfinds thesestates,asexpected.The secondenvironmentis an emptygridworld
with no obstacles.Although the environmentdoesnot containbottleneckstates,this
approachstill finds usefuloptions,which essentiallyallow the agentto travel around
theenvironmentmorequickly.

Thepaperis organizedasfollows.In section2 weintroducethebasicreinforcement
learningnotation.Section3 containsthe definition of optionsandSMDP Q-learning,
themainalgorithmwe usefor learninghow to chooseamongoptions.In section4 we
describeouralgorithmfor automaticallycreatingoptions.Section5 containsempirical
resultsof this algorithmfor two gridworld tasks,anda discussionof the behavior we
observed.

2 Reinforcement Learning

Reinforcementlearning(RL) is a computationalapproachto automatinggoal-directed
learninganddecisionmaking(Sutton& Barto,1998).It encompassesa broadrangeof
methodsfor determiningoptimalwaysof behaving in complex, uncertainandstochas-
tic environments.Most currentRL researchis basedon the theoreticalframework of
Markov DecisionProcesses(MDPs)(Puterman,1996).MDPsareastandard,verygen-
eralformalismfor studyingstochastic,sequentialdecisionproblems.In thisframework,
theagenttakesasequenceof primitiveactionspacedby adiscrete,fixedtimescale.On
eachtimestept, theagentobservesthestateof its environment,st , containedin afinite
discreteset� , andchoosesanaction,at , from a finite actionset � (possiblydependent
on st ). Onetime steplater, theagentreceivesa reward rt � 1 andtheenvironmenttran-
sitionsto a next state,st � 1. For a givenstates andactiona, theexpectedvalueof the
immediaterewardis ra

s andthetransitionto anew states� hasprobabilitypa
ss� , regardless

of the pathtakenby theagentbeforestates. A way of behaving, or policy, is defined
asprobabilitydistribution for pickingactionsin eachstate:π : �
	����� 0 � 1� . Thegoal
of theagentis to find a policy thatmaximizesthetotal rewardreceivedover time. For
any policy π andany states ��� , thevalueof takingactiona in states underpolicy π,
denotedQπ � s� a � , is the expecteddiscountedfuture reward startingin s, taking a, and
henceforthfollowing π:

Qπ � s� a� def�
Eπ

�
rt � 1 � γrt � 2 ����������� st

�
s� at

�
a � �



Theoptimalaction-valuefunctionis:

Q! � s� a� def�
max

π
Qπ � s� a�"�

In anMDP, thereexistsauniqueoptimalvaluefunction,Q! � s� a� , andat leastoneopti-
malpolicy, π ! , correspondingto thisvaluefunction:π ! � s� a�$# 0 iff a � argmaxa�&%(' Q! � s� a� � .
Many popularreinforcementlearningalgorithmsaim to computeQ! (andthusimplic-
itly π ! ) basedon theobservedinteractionbetweentheagentandtheenvironment.The
mostwidely-usedis propablyQ-learning(Watkins,1989),which allows learningQ!
directly from interactionwith theenvironment.Theagentupdatesits valuefunctionas
follows:

Q � st � at �*) Q � st � at � α � rt � 1 � γmax
a� %(' Q � st � 1 � a� ��+ Q � st � at �,�

Q-learninghasbeenshown to convergein the limit, with probability1, to theoptimal
valuefunctionQ! , understandardstochasticapproximationassumptions.

3 Options

Options(Precup,2000;Sutton,Precup& Singh,1999)areageneralizationof primitive
actionsto includetemporallyextendedcoursesof action.Optionsconsistof threecom-
ponents:apolicy π : ��	-�/.�0� 0 � 1� , a terminationconditionβ : �1.�0� 0 � 1� , andaninput
set 2435� . An option 6
27� π � β # is availablein states if andonly if s �82 . If theoptionis
taken,thenactionsareselectedaccordingto π until theoptionterminatesstochastically
accordingto β. That is, in statest thenext actionat is selectedaccordingto theproba-
bility distribution π � st � � � . Theenvironmentthenmakesa transitionto statest � 1, where
the option either terminates,with probability β � st � 1 � , or elsecontinues,determining
at � 1 accordingto π � st � 1 � � � , possiblyterminatingin st � 2 accordingto β � st � 2 � , andso
on. Whenthe option terminates,then the agenthasthe opportunityto selectanother
option.

Notethatprimitive actionscanbeviewedasa specialcaseof options.Eachaction
a correspondsto anoptionthat is availablewhenevera is available( 2 �/9

s : a �:� s ; ),
that always lastsexactly onestep(β � s� � 1 �=< s �>� ), and that selectsa everywhere
(π � s� � a �?< s �@2 ). Thus,wecanconsidertheagent’schoiceateachtime to beentirely
amongoptions,someof whichpersistfor asingletimestep,otherswhicharetemporally
extended.

It is naturalto generalizetheaction-valuefunctionto anoption-valuefunction.We
defineQµ � s� o� , thevalueof takingoptiono in states �A2 underpolicy µ, as

Qµ � s� o� =.E �
rt � 1 � γrt � 2 � γ2rt � 3 ������� ��� E � oµ� s� t � � � (1)

whereoµdenotesthepolicy thatfirst followso until it terminatesandtheninitiatesµ in
theresultingstate,andE � oµ� s� t � denotestheexecutionof oµ in states startingat time
t.

Optionsare closely relatedto the actionsin a specialkind of decisionproblem
known asasemi-Markov decisionprocess, or SMDP(e.g.,seePuterman,1994).In fact,



any MDP with a fixedsetof optionsis an SMDP. Accordingly, the theoryof SMDPs
providesanimportantbasisfor a theoryof options.

Theproblemof finding anoptimalpolicy over a setof options B canbeaddressed
by learningmethods.Becausethe MDP augmentedby the optionsis an SMDP, we
can apply SMDP learningmethodsas developedby Bradtke and Duff (1995), Parr
andRussell(1997),Mahadevan(1996),or McGovern,SuttonandFagg(1997).When
the executionof option o is startedin states, we next jump to the states� in which o
terminates.Basedon this experience,an option-valuefunctionQ � s� o � is updated.For
example,theSMDPversionof one-stepQ-learning(Bradtke andDuff, 1995),updates
thevaluefunctionaftereachoptionterminationby

Q � s� o �C) Q � s� o � � α D r � γk max
a %FE Q � s� � a��+ Q � s� o�HGI� (2)

wherek denotesthenumberof time stepselapsingbetweens ands� , r denotesthecu-
mulativediscountedrewardoverthis time,andit is implicit thatthestep-sizeparameter
α maydependarbitrarilyonthestates,option,andtimesteps.TheestimateQ � s� o� con-
vergesto theoptimalvaluefunctionoveroptions,Q!E � s� o � for all s �J� ando �8B under
conditionssimilar to thosefor conventionalQ-learning(Parr, 1998).

4 Finding Options

If aninitiation setanda terminationconditionarespecified,theinternalpoliciesof op-
tionscanbelearnedusingstandardRL methods(e.g.Q-learning,like in Precup,2000).
But thekey issueremainshow to selectgoodterminationconditionsandinitiation sets.
Intuitively, it is clear that differentheuristicswould work well for differentkinds of
environments.

In this paper, we assumethat theagentis confrontedwith goal-achievementtasks,
whichtakeplacein afixedenvironment.Thissetupis quitenaturalwhenthinkingabout
humanactivities.For instance,everydaywemightbecookingadifferentbreakfast,but
thekitchenlayoutis thesamefrom dayto day.

We allow theagentto exploretheenvironmentaheadof time, in orderto learnop-
tions. The option finding processis basedon posinga seriesof randomtasksin this
environmentandlettingtheagentsolve them.Duringthis time,theagentgathersstatis-
tics regardingthefrequency of occurenceof differentstates.Our algorithmis basedon
the intuition that, if statesoccur frequentlyon trajectoriesthat representsolutionsto
randomtasks,thenthesestatesmaybeimportant.Hence,we ill learnoptionsthatuse
thesestatesastargets.Theoptionsfindingalgorithmis describedin detailbelow.

1. Selectat randoma numberof startstatesSandtargetstatesT thatwill beusedto
generaterandomtasksfor theagent.

2. For eachpair K S� T L
(a) PerformNtrain episodesof Q-learning,to learnapolicy for goingfrom S to T
(b) PerformNtest episodesusingthegreedypolicy learned.For all statess, count

thetotalnumberof timesn � s� thateachstateis visitedduringthesetrajectories.
3. Repeatuntil thedesirednumberof optionsis reached:



(a) Pick thestatewith themostvisitations,Tmax
�

argmaxsn � s� , asthetargetstate
for theoption

(b) Computen � s� Tmax� , the numberof timeseachstates occurson pathsthatgo
throughTmax

(c) Computen̄ � Tmax� � avgsn � s� Tmax� .
(d) Selectall thestatess for which n � s� Tmax�M# n̄ � Tmax� to bepartof theinitiation

set 2 for theoption.
(e) Completethe initiation setby interpolatingbetweenthe selectedstates.The

interpolationprocessis domain-specific
4. For eachoption, learnits internalpolicy; this is achievedby giving a high reward

for enteringTmax, andno rewardsotherwise.The agentperformsQ-learning,by
performingepisodeswhichstartatrandomstatesin 2 andendwhenTmax is reached,
or whentheagentexists 2 .

Oncethe optionsare found, we useSMDP Q-learning,asdescribedin the previous
section,in orderto learna policy overoptions.

Note that our approachis quite similar in spirit to that of McGovern and Barto
(1998;2001).But they areusingdatamining techniques(in particulardiversedensity)
to learnfrom “good” and“bad” trajectories.We treatall trajectoriesin the sameway.
Our approachis probablythesimplestimplementationfor the“bottleneck”stateidea.

5 Experimental Results

We experimentedwith this algorithmfor finding optionsin two simplegridworld nav-
igationtasks.Thefirst oneis the roomsenvironmentdepictedin Figure1 (left panel).
The stateis the currentcell position. Thereare four deterministicprimitive actions
which move the agentup, down, left and right. If the agentattemptsto move into a
wall, it staysin the sameposition,andno penaltyis incurred.The discountfactor is
γ � 0 � 9 andthereareno intermediaterewardsanywhere.The agentcanonly obtaina
rewarduponenteringa designatedgoalstate.We assumethat thegoalstatemaymove
from onelocationto anotherover time.

The hallway statesareobviousbottleneckstatesin this environment,sincetrajec-
tories passingfrom one room to anotherhave to passthroughthe hallways.Hence,
onewould expectedthe optionfinding algortihmto work well in this context, finding
optionsfor goingto thehallways.

HALLWAYS

up

down

rightleftN O
primitive actionsROOM PQQQ Q Q Q QQ Q

Fig. 1. Roomsenvironment,andexampleoption



We performed30 independentrunsof the algorithm.During eachrun, the option
findingalgorithmwasusedto find8 options.Duringtheoptionfindingstage,25%of the
stateswereusedaspotentialstartandgoalstatesfor randomtasks.WeusedNtrain

�
200

episodesto learn Q-valuesfor eachpair of start and goal states.After learning,we
usedNtest

�
10 episodesto generatethestatevisitationcounts.Theinitiation setswere

constructedby creatinga rectangularbox aroundtheselectedinitiation statesfor each
option.This approachis specificfor gridworld navigation,andwould not beexpected
to work well in otherdomains.After the initiation setsandthe targetsof the options
wereselected,the internalpolicy of eachoption wasfound usingQ-learningfor 100
trials. Oneexampleof anoption foundby thealgorithmis depictedin Figure1 (right
panel).The target statefor the option is closeto oneof the hallways,but not exactly
in thehallway. This behavior wasconsistentacrossall runs,andis dueto thefact that
thestatesnearthehallwaysaretraversedbothby trajectoriesgoingbetweenroomsand
by trajectoriesinsidea room.This behavior is alsoconsistentwith earlierfindingsof
McGovern (1998).The figure alsoshows that the option policy hasbeenlearnedfor
mostinitiation states,althoughsomestateshaveasuboptimalpolicy, while othershave
still not beenvisited(andhencehavea randompolicy).
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Fig. 2. Resultsfor roomsenvironment

Oncethe optionswerelearned,we comparedthe performanceof a learningagent
usingprimitiveactionsonly to theperformanceof anagentusingbothprimitiveactions
andoptions.Bothagentsusedalearningrateα �

0 � 1 andε-greedypolicy for generating
behavior, with ε � 0 � 1.Wepickedfour differentgoallocations.Theagentsweretrained
for 150 episodesusing a fixed goal location.Every episodeconsistsof startingat a
randomlychosenlocationandperformingnavigationactionsuntil thegoal is reached.
After each20 trainingepisodes,weperformed5 testepisodes,startingat randomstates
andusingthegreedypolicy to chooseactions.After 150episodes,thegoalwasmoved,
but theQ-valuesof eachagentwereretained,andthewholeprocesswasrepeated.

Theresultsfor theroomsenvironmentaredepictedin Figure2.Theleft graphshows
performanceduringtraining,while theright graphshowstheperformanceof thegreedy



policy learned.As expected,usingtemporallyextendedoptionsprovidesandadvantage
over usingprimitive actionsonly, althoughthe numberof actionsto learnabouthas
increasedfrom 4 to 12. Preliminaryresultsindicatethat this advantagewould beeven
largerif we woulduseamoreefficient learningmethod,suchasintra-optionlearning.

Thesecondenvioronmentwe experimentedwith wasanempty11 	 11 gridworld,
with no obstacles.In this environemnt,thereareno bottleneckstates.Hence,it is not
obvious that the option-findingheuristicwould work well. Our inital expectationwas
thattheuseof theoptionsfoundwouldactuallyslow down learning.
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Fig. 3. Resultsfor theemptygridworld environment.Theleft panelshowstheperformanceduring
training,andtheright panelshows theperformanceof thegreedypolicy learned.

We appliedour algorithmto thisenvironmentin thesamemannerdescribedabove.
Theresultsaredepictedin Figure3.Duringtraining,it is clearthattheuseof temporally
extendedoptionsis helpful.Theresultis not soclearfor thegreedypolicy, though.In
orderto understandbetterthebehavior of thealgorithm,we lookedat theoptionsthat
werefoundin thisenvironment.Oneveryrun,thealgorithmfirst foundone(oracouple)
of optionsleadingto oneof thecentralstatesin theenvironment.Oncethestatevisita-
tion countsweredecreasedby eliminatingthetrajectoriesthatwentthroughthecenter
states,thepeakcountswerespreadoverstatesin differentareasof thegrid. Hence,on
virtually every run, thealgorithmfoundsomeoptionsfor navigating to differentparts
of thegrid. Of course,suchoptionsareusefulin thecasein which thegoalstatemoves
aroundtheenvironment.Oneexampleof thegoalstatesfoundis depictedin Figure4.
Thegoalsarenumberedin theorderin which they wereselected.

6 Future work

Therearea lot of directionsto beexploredin optioncreation.We arecurrentlyinves-
tigating the useof moresophisticatedlearningandexecutionmethods,suchasintra-
option learnignand early termination,with our option finding heuristics.Also, note
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Fig. 4. Optiontargetstatesfoundduringonerun in theemptygridworld.

thatour algorithmis currentlyusingtheassumptionthata tabular representationof the
valuefunctionsis possible.We arelooking into wayof lifting this assumption
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