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Abstract. Temporallyextendedactions(e.g.,macroactions)have proven very

usefulin speedingiplearning,ensuringobustnessandbuilding prior knovledge
into Al systemsThe optionsframework (Precup2000;Sutton,Precup& Singh,

1999) provides a naturalway of incorporatingsuchactionsinto reinforcement
learningsystemsput leavesopentheissueof how goodoptionsmight be identi-

fied. In this paperwe empirically explore a simpleapproactto creatingoptions.

The underlyingassumptionis thatthe agentwill be asled to performdifferent

goal-achigementtasksin an ervironmentthatis otherwisethe sameover time.

Our approachs basedntheintuition that“bottleneck” statesj.e. stateghatare

frequentlyvisited on systemtrajectoriescould prove to be usefulsubgoalge.g.

McGovern& Barto,2001;Iba, 1989).

We presenempiricalstudiesof this approachn two gridworld navigationtasks.
One of the environmentswe explored containsbottleneckstates andthe algo-

rithm indeedfindsthesestatesasexpected The secondernvironmentis anempty

gridworld with no obstaclesAlthoughthe environmentdoesnot containbottle-

neck states,our approachstill finds usefuloptions,which essentiallyallow the

agentto travel aroundthe ervironmentmorequickly.

1 Introduction

Temporallyextendedactions(e.g., macroactions)have proven very usefulin speed-
ing up learningand planning,ensuringrobustnessand building prior knowledgeinto
Al systemge.g.,Fikes,Hart, andNilsson,1972;Newell andSimon,1972; Sacerdoti,
1977;Korf, 1987;Laird etal., 1986;Minton, 1988;Iba, 1989).More recently thetopic
hasbeenexploredin the context of Markov DecisionProcesse@MDPs)andreinforce-
mentlearning(RL) (e.g.,Singh,1992;Parr, 1998;Dietterich,1998;Precup2000).The
optionsframework (Precup,2000; Sutton,Precup& Singh, 1999) providesa natural
way of incorporatingextendedactionsinto reinforcementearningsystemsAn option
is specifiedby a setof statesn which theoptioncanbeinitiated,aninternalpolicy and
aterminationcondition.If theinitiation setandtheterminationconditionarespecified,
traditionalreinforcementearningmethodscan be usedto learnthe internalpolicy of
theoption.

Oneinterestingissuethatis left openin the optionsframework is that of automat-
ically finding initiation setsandterminationconditionsfor options.In this paper we
empirically explore a simpleapproactto creatingoptions.The underlyingassumption



isthattheagentwill beasledto performdifferentgoal-achieementasksin anerviron-
mentthatis otherwisethe sameover time. Our approachs basedon the intuition that
“bottleneck” statesj.e., stateghat arefrequentlyvisited on systemtrajectoriescould
prove to be useful subgoalge.g. McGovern & Barto, 2001; Iba, 1989). The agentis
first allowedto explorethe ervironmentandgatherstatistics paseconwhichit chooses
potentialsubgoalsandinitiation statesfor the options.In the secondphasethe agent
learnstheinternalpoliciesof the options.Oncethesearelearnedthe agentcanusethe
optionsto solve the goal-achieementtasksit is presentedvith.

We presentempirical studiesof this approachin two gridworld navigation tasks.
Oneof the ervironmentswe exploredcontainsbottleneckstatesandthe algorithmin-
deedfinds thesestates as expected.The secondervironmentis an empty gridworld
with no obstaclesAlthough the ervironmentdoesnot containbottleneckstates this
approackhstill finds useful options,which essentiallyallow the agentto travel around
theervironmentmorequickly.

Thepapetis organizedasfollows. In section?2 we introducethebasicreinforcement
learningnotation.Section3 containsthe definition of optionsand SMDP Q-learning,
the mainalgorithmwe usefor learninghow to chooseamongoptions.In section4 we
describeour algorithmfor automaticallycreatingoptions.Section5 containsempirical
resultsof this algorithmfor two gridworld tasks,anda discussiorof the behaior we
obsened.

2 Reinforcement Learning

Reinforcementearning(RL) is a computationahpproacho automatinggoal-directed
learninganddecisionmaking(Sutton& Barto,1998).It encompassesbroadrangeof
methoddor determiningoptimalwaysof behaing in comple, uncertainandstochas-
tic ervironments.Most currentRL researchs basedon the theoreticalframework of
Markov DecisionProcesse@VDPs)(Puterman1996).MDPsarea standardyery gen-
eralformalismfor studyingstochasticsequentiatiecisionproblemsin thisframework,
theagenttakesa sequencef primitive actionspacedby a discretefixedtime scale.On
eachtime stept, theagentobsenesthe stateof its ervironment,s, containedn afinite
discreteset$, andchoosesnaction,a;, from afinite actionset4 (possiblydependent
on ). Onetime steplater, the agentrecevesarewardr;,1 andthe ervironmenttran-
sitionsto a next state,s1. For a givenstates andactiona, the expectedvalueof the
immediaterewardis rg andthetransitionto anew states’ hasprobability p%,, regardless
of the pathtaken by the agentbeforestates. A way of behaing, or policy, is defined
asprobabilitydistribution for picking actionsin eachstate:t: § x 4 — [0,1]. Thegoal
of theagentis to find a policy thatmaximizesthe total reward receved over time. For
ary policy tandary states € §, the valueof takingactiona in states underpolicy T,
denotedQ™(s,a), is the expecteddiscountediuture reward startingin s, taking a, and
henceforthfollowing Tt

Q(s,a) d:efErr{rt+1+Vrt+2+"' § =S,& za}.



The optimalaction-\aluefunctionis:
* def T
Q'(s,a) = maxQ’(sa).

In anMDP, thereexistsa uniqueoptimalvaluefunction,Q*(s,a), andatleastoneopti-
malpolicy, 11, correspondingp thisvaluefunction:t* (s,a) > 0iff a€ agmaxyc 4 Q*(s, ).
Many popularreinforcementearningalgorithmsaim to computeQ* (andthusimplic-

itly 1) basedon the obsenedinteractionbetweerthe agentandthe environment.The
mostwidely-usedis propably Q-learning(Watkins, 1989), which allows learning Q*
directly from interactionwith the ervironment.The agentupdatests valuefunctionas
follows:

Q(s, &) + Q(s,a +o(res1 +vg,1€a;<Q(st+1,a’) —Q(s, &)

Q-learninghasbeenshownn to corvergein the limit, with probability 1, to the optimal
valuefunctionQ*, understandardstochasti@approximatiorassumptions.

3 Options

Options(Precup2000;Sutton,Precup& Singh,1999)areageneralizatiorof primitive
actionsto includetemporallyextendedcoursef action.Optionsconsistof threecom-
ponentsapolicy Tt: § x 4 — [0, 1], aterminationconditionf3 : § + [0, 1], andaninput
set/ C S. Anoption< 1,1t 3 > is availablein statesif andonlyif s€ I. If theoptionis
taken,thenactionsareselectedhccordingo Ttuntil the optionterminatestochastically
accordingto 3. Thatis, in states the next actiona; is selectedaccordingto the proba-
bility distribution (s, ). The ervironmentthenmakesa transitionto states..1, where
the option eitherterminateswith probability B(s.+1), or elsecontinues determining
a+1 accordingto 1(s+1,), possiblyterminatingin 2 accordingto B(s+2), andso
on. Whenthe option terminatesthenthe agenthasthe opportunityto selectanother
option.

Notethat primitive actionscanbe viewed asa specialcaseof options.Eachaction
a correspondso anoptionthatis availablewhenevera is available(7 = {s: a € 4s}),
that always lastsexactly one step (B(s) = 1, Vs € §), andthat selectsa everywhere
(1(s) = a, Vs € I). Thus,we canconsidettheagents choiceateachtime to beentirely
amongoptions,someof which persistfor asingletime step,otherswhicharetemporally
extended.

It is naturalto generalizehe action-\aluefunctionto anoption-valuefunction.We
defineQ¥(s,0), thevalueof takingoptiono in states € I underpolicy 1, as

Q¥(s,0)=E {rt+1+vrt+z+v2rt+3+~~ ‘ E(Oua&t)}a 1)

whereop denoteghe policy thatfirst follows o until it terminatesandtheninitiatesp in
theresultingstate,andE(op, s,t) denoteshe executionof opin states startingattime
t.

Optionsare closely relatedto the actionsin a specialkind of decisionproblem
known asa semi-Marlov decisionprocessor SMDP(e.g.,seePuterman]1994).In fact,



ary MDP with a fixed setof optionsis an SMDPR. Accordingly, the theoryof SMDPs
providesanimportantbasisfor atheoryof options.

The problemof finding an optimal policy over a setof optionsO canbe addressed
by learningmethods.Becausehe MDP augmenteddy the optionsis an SMDP, we
can apply SMDP learningmethodsas developedby Bradtlke and Duff (1995), Parr
andRussell(1997),Mahad@an (1996),or McGovern, SuttonandFagg(1997).When
the executionof option o is startedin states, we next jump to the states' in which o
terminatesBasedon this experience an option-valuefunction Q(s, 0) is updatedFor
example,the SMDP versionof one-steQ-learning(Bradtke andDuff, 1995),updates
thevaluefunctionaftereachoptionterminationby

Q(s,0) «+ Q(s,0) + r+vkg1€a(;<Q(§,a)—Q(30) , ()

wherek denoteghe numberof time stepselapsingoetweens ands/, r denoteshe cu-
mulative discountedewardoverthistime, andit is implicit thatthe step-sizgparameter
o maydependarbitrarily onthestatespption,andtime stepsTheestimateQ(s, 0) con-
vergesto theoptimalvaluefunctionoveroptions,Q;,(s,0) for all s€ § ando € O under
conditionssimilar to thosefor corventionalQ-learning(Parr, 1998).

4 Finding Options

If aninitiation setandaterminationconditionarespecifiedtheinternalpoliciesof op-
tionscanbelearnedusingstandardRL methodgqe.g.Q-learninglikein Precup2000).
But thekey issueremainshow to selectgoodterminationconditionsandinitiation sets.
Intuitively, it is clearthat differentheuristicswould work well for differentkinds of
ernvironments.

In this paper we assumeéhatthe agentis confrontedwith goal-achisementtasks,
whichtake placein afixedervironment.This setupis quitenaturalwhenthinking about
humanactvities. For instancegvery daywe might be cookinga differentbreakfst,but
thekitchenlayoutis the samefrom dayto day.

We allow the agentto explorethe ernvironmentaheadof time, in orderto learnop-
tions. The option finding processs basedon posinga seriesof randomtasksin this
ervironmentandletting theagentsolve them.During thistime, theagentgathersstatis-
ticsregardingthe frequeng of occurencef differentstatesOur algorithmis basedn
the intuition that, if statesoccurfrequentlyon trajectoriesthat represensolutionsto
randomtasks,thenthesestatesmay be important.Hence ,we ill learnoptionsthatuse
thesestatesastargets.Theoptionsfinding algorithmis describedn detailbelow.

1. Selectatrandoma numberof startstatesS andtargetstatesT thatwill be usedto
generategandomtasksfor theagent.
2. For eachpair (S T)
(a) PerformNyain episode®df Q-learningto learnapolicy for goingfrom Sto T
(b) PerformN;eg episodesuisingthe greedypolicy learned For all statess, count
thetotal numberof timesn(s) thateachstateis visitedduringthesetrajectories.
3. Repeauntil thedesiredhumberof optionsis reached:



(a) Pickthestatewith themostvisitations, Tmax= argmaxn(s), asthetargetstate
for theoption

(b) Computen(s, Tmax), the numberof timeseachstates occurson pathsthat go
throughTmax

() Computen(Trmay) = avGN(S, Tmax)-

(d) Selectall the statess for which n(s, Tmax) > N(Tmax) to be partof theinitiation
set [ for theoption.

(e) Completethe initiation setby interpolatingbetweenthe selectedstates.The
interpolationprocesss domain-specific

4. For eachoption, learnits internalpolicy; this is achiezed by giving a high reward

for enteringTmax and no rewardsotherwise.The agentperformsQ-learning,by

performingepisodesvhichstartatrandomstatesn I andendwhenTyaxis reached,

or whentheagentexists I.

Oncethe optionsare found, we use SMDP Q-learning,as describedn 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 techniquegin particulardiversedensity)
to learnfrom “good” and“bad” trajectoriesWe treatall trajectoriesin the sameway.
Our approachs probablythe simplestimplementatiorfor the “bottleneck” stateidea.

5 Experimental Results

We experimentedwith this algorithmfor finding optionsin two simplegridworld nav-

igationtasks.Thefirst oneis the roomsenvironmentdepictedin Figurel (left panel).
The stateis the currentcell position. There are four deterministicprimitive actions
which move the agentup, down, left andright. If the agentattemptsto move into a
wall, it staysin the sameposition,andno penaltyis incurred.The discountfactoris

y = 0.9 andthereareno intermediaterewardsarnywhere.The agentcanonly obtaina
reward uponenteringa designatedjoal state We assumehatthe goal statemay move
from onelocationto anotherovertime.

The hallway statesare obvious bottleneckstatesin this ervironment,sincetrajec-
tories passingfrom oneroom to anotherhave to passthroughthe hallways. Hence,
onewould expectedthe option finding algortihmto work well in this context, finding
optionsfor goingto the hallways.

Fig. 1. Roomservironment,andexampleoption



Episode length

We performed30 independentuns of the algorithm.During eachrun, the option
findingalgorithmwasusedto find 8 options.Duringtheoptionfinding stage 25%o0f the
statesvereusedaspotentialstartandgoalstatedor randomtasks We used\yain = 200
episodedo learn Q-valuesfor eachpair of startand goal states.After learning,we
usedNies = 10 episodedo generatahe statevisitationcounts.Theinitiation setswere
constructedy creatinga rectangulabox aroundthe selectednitiation statedfor each
option. This approachis specificfor gridworld navigation,andwould not be expected
to work well in otherdomains.After the initiation setsandthe targetsof the options
were selectedthe internal policy of eachoption wasfound using Q-learningfor 100
trials. One exampleof an option found by the algorithmis depictedin Figure 1 (right
panel).The target statefor the optionis closeto one of the hallways, but not exactly
in the hallway. This behaior wasconsistenfacrossall runs,andis dueto thefactthat
the statemearthe hallwaysaretraversedbothby trajectorieggoingbetweerroomsand
by trajectoriesinsidea room. This behaior is alsoconsistenwith earlierfindings of
McGovern (1998). The figure also shaws that the option policy hasbeenlearnedfor
mostinitiation statesalthoughsomestateshave a suboptimabpolicy, while othershave
still notbeenvisited (andhencehave arandompolicy).
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Fig. 2. Resultsfor roomservironment

Oncethe optionswerelearned we comparedhe performanceof a learningagent
usingprimitive actionsonly to the performancef anagentusingboth primitive actions
andoptions.Bothagentaisedalearningratea = 0.1 ande-greedypolicy for generating
behaior, with € = 0.1.We pickedfour differentgoallocations.Theagentswveretrained
for 150 episodeausing a fixed goal location. Every episodeconsistsof startingat a
randomlychoseriocationandperformingnavigation actionsuntil the goalis reached.
After each20trainingepisodeswe performedb testepisodesstartingat randomstates
andusingthegreedypolicy to chooseactions After 150episodesthe goalwasmaoved,
but the Q-valuesof eachagentwereretained andthewhole processvasrepeated.

Theresultsfor theroomservironmentaredepictedn Figure2. Theleft graphshavs
performanceluringtraining,while theright graphshavstheperformancef thegreedy
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policy learned As expectedusingtemporallyextendedoptionsprovidesandadwantage
over using primitive actionsonly, althoughthe numberof actionsto learnabouthas
increasedrom 4 to 12. Preliminaryresultsindicatethatthis advantagewvould be even
largerif we would usea moreefficientlearningmethod,suchasintra-optionlearning.

The secondervioronmentwe experimentedvith wasanempty11 x 11 gridworld,
with no obstacleslin this ervironemnt,thereare no bottleneckstatesHence,it is not
obviousthat the option-findingheuristicwould work well. Our inital expectationwas
thatthe useof the optionsfoundwould actuallyslon down learning.
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Fig. 3. Resultsor theemptygridworld ervironment.Theleft panelshavstheperformanceluring
training,andtheright panelshavs the performancef the greedypolicy learned.

We appliedour algorithmto this environmentin the samemannerdescribedabove.
Theresultsaredepictedn Figure3. Duringtraining,it is clearthattheuseof temporally
extendedoptionsis helpful. Theresultis not so clearfor the greedypolicy, though.In
orderto understandetterthe behaior of the algorithm,we looked at the optionsthat
werefoundin thisenvironment.Oneveryrun,thealgorithmfirstfoundone(or acouple)
of optionsleadingto oneof the centralstatesn the ervironment.Oncethe statevisita-
tion countsweredecreasethy eliminatingthe trajectorieghatwentthroughthe center
statesthe peakcountswerespreadover statesn differentareasof the grid. Hence,on
virtually every run, the algorithmfound someoptionsfor navigatingto differentparts
of thegrid. Of course suchoptionsareusefulin the casein which the goalstatemoves
aroundthe ervironment.Oneexampleof the goal statesfoundis depictedin Figure4.
Thegoalsarenumberedn the orderin whichthey wereselected.

6 Futurework

Therearealot of directionsto be exploredin option creation.We arecurrentlyinves-
tigating the use of more sophisticatedearningand executionmethods suchasintra-
option learnignand early termination,with our option finding heuristics.Also, note



Fig. 4. Optiontargetstatefoundduringonerunin the emptygridworld.

thatour algorithmis currentlyusingthe assumptiorthata tatular representatioof the
valuefunctionsis possible We arelooking into way of lifting this assumption
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