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Abstract

Task hierarchiescan be usedto decomposean intractable
probleminto smallermoremanageabléasks.This paperex-
ploreshow taskhierarchiescanmodela domainfor control
purposesand examinesan existing algorithm (HEXQ) that
automaticallydiscovers a task hierarchythroughinteraction
with the ervironment. The initial performanceof the algo-
rithm canbelimited becausé mustadequatelyxploreeach
level of the hierarchybeforestartingconstructiorof the next,
andit cannotadaptto adynamicervironment. The contritu-
tion of this paperis to presentan algorithmthat avoids ary
protractedperiodof initial explorationby discorering multi-
ple levels of the hierarchysimultaneously This cansigni -
cantlyimprove initial performanceasthe agenttakesadwan-
tageof all hierarchicalevelsearlyonin its development.Ro-
bustnesgs alsoimproved becauseindiscoeredfeaturesand
ervironmentchangeganbeincorporatedaterinto thehierar
chy. Empiricalresultsshav thenew algorithmto signi cantly
outperformHEXQ.

Intr oduction

Hierarchical decompositionis the only tractableway of
managingmary complex systemsn the real world. Engi-
neers softwareprogrammersarchitectsandindeedarnyone
working onlargedif cult problemswill naturallyattemptto
breaktheir work up into smallermore manageableompo-
nents. Often thereis a degreeof regularity in the problem
which cleverly designedcomponentscan exploit through
reuse. This is the basisof mary CAD packagesplanning
systemsandevencomputedanguages.

Whenthecomple problemis performingataskor reach-
ing a goalthenwe canreferto the decompositiorasa task
hierarchy Eachabstracttaskin the hierarchycanbe com-
pletedby actingout a sequencef sub-tasksAt the bottom
of the hierarchythetasksaremodularandcannotbedecom-
posed.Theseprimitive tasksofteninvolve basicinteractions
with the environment.An autonomousystemcantherefore
useataskhierarchyfor control. A modelof theervironment
canoftenaid in the constructiorof ataskhierarchy Indeed,
aswe shallsee the HEXQ (Hengst2002)algorithmdiscov-
ersaspeci ¢ hierarchicaimodelof theervironmentthatcan
bedirectly translatednto ataskhierarchy
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De ning a task hierarchyin adwancerequiresdetailed
knowledgeof theervironment,anda high level understand-
ing of how a problemcan be decomposecffectively. As
well asrequiringsigni cant time andeffort, aprede nedhi-
erarchyis in e xible andmay needto be completelyre-huilt
whentackling otherproblems. The mostcommonsolution
to theselimitations is to prede ne a setof actionsthat are
abstracenoughto remove the low level uncertaintiesvhen
dealingwith sensonoiseandsmallactuatomovementsbut
generaknoughto bereused Whenalsoprovidedwith a set
of pre- and post-conditionsand perhapsotherinformation,
theseactionscanbe usedby a plannerto createa taskhier-
archy

In this paperwe take a differentapproactthatis morefa-
miliar to the reinforcemeniearningcommunitywherethe
agentrelieson far lessdomainknowledge. The agentonly
knows the primitive actionsthat canbe taken at ary time,
but hasno prior knowledgeregardingthe effects of these
actions. In additionthe agenthasno initial informationre-
gardingits goal,it simplyrecevesascalarewardvalueafter
eachprimitive step. The agentmustdeterminéor itself the
actionsthatmaximisethis reward. Althoughthis makesthe
problema lot harder the additional e xibility andthe pos-
sibility of discovering a more suitablehierarchythan one
obtainedby a plannermakesthis a potentiallyfruitful area
of research.

The HEXQ algorithmexploits thefactthatstateinforma-
tion is often provided by a numberof prede nedstatevari-
ables,for examplethe input from differentsensors.It dis-
coverslow level tasksthatmanipulatea smallsubsebf these
statevariables.Increasinglycomplex tasksarethenformed
from lower level tasksuntil the agenthasa full taskhierar
chythatcancontrolall statevariables.

Completelyde ning the bottomlevel beforetackling the
next may, however, be disadwantageous.For example, if
therearesparseyoalsin alarge ervironmentthe agentmust
performenoughexplorationto nd all of thesegoalsbefore
constructingthe lowestlevel. An agentmay bene t from
making quick inductive leapsand later correcting, back-
trackingor augmentingts knowledgeif necessaryThecon-
tribution of this paperis to shav thattherecanbesigni cant
adwantagein startingto form higherlevel conceptsbefore
thelower level oneshave beenfully de ned. Theemphasis
is onconcurrentonstructiorof themultiple layerscompris-



5 6 7 Zn s o
10 11 12 13 14
15 16 17 18 19

Y ZOI 21 22 B 23 24

Figurel: Thetaxitask.

ing a task hierarchy and not on the concurrentiearningat
multiple levelsof a policy constrainedy this hierarchy

The next sectiondescribesiow the HEXQ algorithmau-
tomatically constructsa task hierarchy We argue that a
numberof limitations of the algorithmcanbe x edby con-
structing multiple levels of the hierarchy simultaneously
anddescribaheconcurrenHEXQ algorithmwhichis based
on a self-repairinghierarchy We provide empiricalresults
to demonstratéheimprovementwith concurreng andcon-
cludewith a discussiorandfuturework.

Automatic Discovery of Task Hierar chies
The Taxi Task

Dietterich (2000) introducedthe taxi task to motivate his
MAXQ hierarchicakeinforcementearningframework, and
thesameexamplewill beusedthroughouthis paper

Inthe5 5grid world shavnin gure 1, ataxi startedat
arandomlocationmustcollecta passengeirom oneof the
speciallydesignatedocationsR(ed), G(reen), Y (ellow) or
B(lue). For successfutompletionof the taskthe passenger
mustbe droppedoff attheir destinationalsooneof R, G, Y
or B). Thetaxi navigatesaroundtheworld usingfour prim-
itive actions: North, South, East and West, which move
thetaxi onesquaran theintendeddirectionwith 80% prob-
ability, andin a perpendiculadirectionwith 20% probabil-
ity. Onceat the startinglocationthe taxi mustperformthe
Pickup action,thennavigateto the destinatiorandperform
the Putdown action,therebycompletingthetrial. A reward
of +20is givenfor asuccessfutlelivery, a penaltyof -10 for
performingPickup or Putdown at the wrong location,and
-1 for all otheractions.

The taxi problem can be formulated as an episodic
Markov decisionprocesgMDP) with the 3 statevariables:

G, Y, B, andTaxig, andDestination 2 f R, G, Y andBg. It
is clearthatthe navigationpolicy to eachstartinganddesti-
nationlocationcanbe the samewhetherthe taxi intendsto
collector frop off the passengerThe usual at formulation
of theMDP will solvethenavigationsub-taskasmary times
asit reoccurdn the differentcontexts of passengelocation
anddestination.

The task canbe solved ef ciently usingthe task hierar
chyin Figure2. For exampleGo(20) canbe usedby Get
to collect the passengefrom Y, and also by Put to drop

‘ Get ‘ ‘ Put ‘

Pickup Go(0 Go(4) ‘ ‘ Go(20) ‘

|
North || South || East || West

Figure2: The MAXQ taxi taskhierarchy

off the passengeat Y. MAXQ usesthis hierarchyto ob-

tain considerablesavings in both storageandlearningtime

over a non-hierarchicalearner (Dietterich 2000). How-

ever MAXQ placesthe burdenof de ning the hierarchyon

the programmerwho must specify the rangeof statesfor

eachsub-task(active states)the terminationstatesfor each
sub-taslclassi edinto undesirablénon-goal)anddesirable
(goal) terminationstates,and the set of primitive and ab-

stractactionsapplicablen eachsub-task.

HEXQ

The HEXQ algorithmautomateshe decompositiorof such
a problemfrom the bottomup by nding repetitive regions
of statesandactions. Theseregions,andthe differentways
the agentcanmove betweerthem, form higherlevel states
andtasks.Thenext level is constructedy nding repetitve
regionsin this higherlevel representationln this way each
level is built uponthe precedinglevel until an entire task
hierarchyis constructed.

Representatioof a primitive states by asetof n arbitrar

asigni cantrole in groundingthetaskhierarchy HEXQ de-
composeshe problemvariableby variable. The individual
statevariablesare usedto constructthe differentlevels of
thehierarchy

Initially the variablesare sortedby frequeng of change.
The motivation behind this heuristicis to use the faster
changingvariablesto constructrepetitve regions and as-
sociatevariablesthat changevalue slowly with the dura-
tive contet. In the taxi domainthe passengelocationand
destinatiorchangdessfrequently The algorithmtherefore
exploresthe behaiour of the taxi location variable rst,
andmalkesthis the lowestlevel statevariablelevel:svs =
f Taxi Locationg.

Theagentexploresthe statespaceprojectedontothetaxi
locationvariableusingprimitive actions.The region shovn
in Figure 3 is formedusingtransitionsthat arefoundto be
invariantwith respecto the context of thehigherlevel vari-
ablesthepassengedbocationanddestination.

Sometransitionsare discoserednot to be invariantwith
respectto this context. For example,a pick up from taxi
location0 may or may not succeedn picking up the pas-
sengerdependingon whetherthe passengeis alsoat that



{Go(0), Pickup}
<Go(0),Putdown}

---------- {Go(4),Pickup}
(Go(4),Putdown)

Region 1

\ 2
\7<Go(zo),Pickup> \: (Go(23),Pickup)
{Go(20),Putdown) {Go(23),Putdown}

Figure3: The statetransitionsfor thetaxi location,showving
the 8 exits.

location. Theseunpredictabldransitionsare declaredexits
andthe correspondingtatesxit states In this exampleex-
its correspondo potentialways of picking up and putting
down the passengetbut they may have a more abstractin-
terpretatiorin otherproblems.

Thelowestlevel of tasksin thehierarchyconsistof reach-
ing theseexit statesand performingthe correspondingexit
action. The policiesfor thesetasksrepresentemporallyex-
tendedor abstractactions. From the viewpoint of anagent
that canonly sensethe passengelocationanddestination,
performingtheseabstractactionsis all thatis necessaryor
it to solve the overall problem.

(Go(20),Pickup)
{Go(23),Pickup)

(Go(4),Pickup)

(Go(0),Pickup)

{Passenger in Taxi,(Go(0),Putdown))

(

Level 2 exit (Passenger in Taxi,(Go(4),Putdown))
cevel £ exits { (Passenger in Taxi,(Go(20),Putdown})
(Passenger in Taxi,(Go(23),Putdown})

Figure4: Statetransitiongfor thepassengecationatlevel
2 in the hierarchy shaving the 4 exits. StateY is expanded
to show thelower level statedetail.

The algorithm will now use the next most frequently
changingvariable,the passengelocation,to de ne level 2
in thehierarchylevel,:svs = f Passenger Locationg. Re-
gionsareformedin asimilarfashionto before but usingthe
level 1 tasksasabstractactions. Figure4 shaws the region
formed by the abstractransitionsinvariantwith respecto
the oneremainingstatevariable,the destination.Eachstate

at this secondevel of the hierarchyis an abstractiorof the
entirelevel 1 navigationregion. Thefour exits representb-
stractactionsthatpick up the passengefwhereverthey are)
andputthemdown at oneof thefour possibledestinations.
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Figure5: Thetop level sub-MDPfor thetaxi domainshow-
ing the abstractctionsleadingto thegoal.

The nal level statesare de ned by the destination,
levels:svs = fDestinationg, andthe policiesto leave the
four exits atthesecondevel form theabstractctionswhich
canbeusedto solve the entireproblem(Figureb).

The constructedtask hierarchyis detailedin Figure 6.
To illustrate its executionassumethat the taxi is initially
located randomly at location 5, the passengelis at G
and wishesto go to Y. At the top level the agentper
ceives the destinationas Y and takes the abstractaction
hPassenger in Taxi; hGo(20),Putdownii . This setsthe
subgoalstateat level 2 to passengelocation 'in' Taxi. At
level 2, the taxi agentpercevesthe passengelocation as
G, andthereforeexecutesabstractaction hGo(4),Pickupi.
This abstractactionsetsthe subgoalstateat level 1 to taxi
location4. Thelevel 1 policy is now executedusingprim-
itive actionsto move the taxi from location5 to location4
andthe Pickup actionis executedto exit. Level 1 returns
control to level 2 wherethe statehastransitionedto Taxi.
Level 2 now completests instructionandtakesabstraciac-
tion hGo(20),Putdowni. Thisagaininvokesalevel 1 policy

Level 3 Taxi Task
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Figure6: The HEXQ graphshaowing the hierarchicalstruc-
tureautomaticallygeneratedy the HEXQ algorithm.

Primitive
Actions




to movethetaxifrom location4 to 20andthenexecutesP ut-
down to exit. Controlis returnedbackup the hierarchyand
thetrial endswith the passengedeliveredcorrectly

Although the HEXQ algorithmis able to automatically
generatea task hierarchyfrom its own experienceijt is un-
ableto updatethe hierarchyif it laterrecevescontradictory
evidence.lt thereforerequiresa domain-speci camountof
initial explorationto determinea valid hierarchywith high
probability. The usermustspecifyin advancethe amount
of explorationto performat eachlevel of the hierarchy If
the algorithm doesnot gatherenoughexperienceto deter
mine all possibleexits, thenperformancemay suffer to the
extentthattheagentcannotreachtherequiredgoal. It is also
unableto tracka non-stationargrnvironment.

The remainderof this paperdescribesand evaluatesa
mechanisnthat allows an agentto concurrentlyconstruct
all levels of a taskhierarchy This concurreng is possible
when the agenthasthe ability to repairits task hierarchy
in thelight of latercontradictoryevidence thereforesigni -
cantlyreducinginitial constructiortime, andimproving ro-
bustness.The new algorithmis referredto as “concurrent
HEXQ'.

Self-repairing Task Hierar chy

In orderto self-repairan agentmustcomparethe response
of theworld aroundit with its own internalmodel. If actual
experienceontradictthe model,thenadjustmentsnustbe
made so that the model more accuratelyre ects the real
world. The sameis true of a taskhierarchy;indeeda task
hierarchycanbeviewedasa hierarchicamodelof theervi-
ronmentthatis speci cally tailoredfor control.

Thereforewhenever the agenttakes an action and ob-
senesits effectupontheworld, thistransitionmustbeanal-
ysed.In thelowestlevel of the hierarchythis will bea prim-
itive action, however at higherlevels the actionwill be ab-
stractand may comprisemary primitive actionsand state
transitions.This ability to analysets own transitionds what
givestheagentthe ability to repairits taskhierarchy

The problemof building aninitial hierarchywill be dis-
cussedater, for now we assumehatanincompletetaskhi-
erarchyhasalreadybeenconstructedoy the agent. As an
examplewe will usethesametaxi problemdescribecarlier
for which the lowestlevel of the hierarchyis shovn in Fig-
ure3. The8 regionexits represen8 abstrachctions,e.g.go
to location™0' andpick up the passenger

Figure7 shavs anagents partialknowledgeof this level,
whereit hasonly discorered4 of the 8 exits. Theseexits
directly correspondo theconcepbf anabstractactionatthe
next level upin thetaskhierarchy(seeFigure4). Theagent
alsoincorrectly believestherearetwo separateegions. In
generathe missinginformationcomprises:

1. Entire stateghatthe agenthasnot yet visited (e.g. states
2to 4).

2. Transitionsthat have not beentraversed(e.g. between
statesl8 and19).

3. An incorrectnumberof regions (in this casethe agent
thinkstherearetwo separateegionsbecausét hasnever
experiencedhetransitionsbetweerstatesl 2 and13).
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Figure7: Partial knowledgeof level 1.

4. Exit transitiondor whichnotenoughexperiencenasbeen
gatheredo determinewith high probability thatthey are
anexit (e.g.theputdown actionin state20).

As aresulttheagentmaydiscover new transitions states,
regionsandexits asit obtainsmoreexperienceandeachof
thesemayhapperatary level of the hierarchy

States

As the agentmoves aroundthe statespacesat eachlevel
of the hierarchy new statescanbe discovered. If theagent
transitionsfrom statesy to a new states?, thenstates; is
simply addedto the sameregion that s belongsto. New
statesdo not changethe action hierarchyin ary way; it is
only new exits or a differentnumberof regionsthathave an
impact.

A statesy atlevel k is uniquelyidenti ed by the state
variablesof thatlevel and,if k > 1, theregionin thelevel
below, regony 1 (e.g.seeline 5in Tablel).

Transitions

At level k in thehierarchywhentheagentakesanactionay
in statesy andtransitionsto states? with rewardr (thelast
primitiverewardreceved- previousrewardsrecevvedduring
atemporallyextendedabstractctionareanalysedy lower
levels of the hierarchy),the experiencecanbe expresseds
thetuplehsy; ay; s2; ri. If thistransitionhaspreviouslybeen
declaredan exit thenno furtheractionis taken (it would be
possibleto storerecentexit statisticsandcloseup exits that
disappeaovertimein anon-stationargnvironment,but this
hasnot beenimplemented). The two stateseachhave an
associatedontext ¢, anch consistingof the statevariables
sv; atall higherlevelsin the hierarchy(seeTable?2 lines 8
and13). If ¢ 6 c? thena higherlevel statevariablehas
changedandthetransitonis anexit.

If the transitionhasnot beendeclaredan exit, thenthe
experiencetakes placein the context ck. If this experi-
encecan be abstractecand form part of a region thenthe
transition probabilitiesdo not dependon the context, and
P(sPjsk; ax; c) = P(sPjsk;ax) andP (rjsk; ax;sd; c) =
P(rjs;ax;sY). If eitherof theseequalitiescanbe shovn
by statisticalteststo be falsewith high probability thenthe



Tablel: TheBuildHierarchyalgorithm.

function BuildHierarchy(no. state variables n)

1 levelk 1
2  state variables levelg:svs  f1;:::;ng
3 frequency of change svf; 0i=1:::;n
4  repeat forever
5 sk hfsviji 2 levely:svsg; regiony 1i
6 choose action ax using current policy
7 ax  PerformAction(ay; k)
8 increment svf; for all changed variables sv;
9 s?  hfsviji 2 levely:svsg;regong 1i
10 add hsk;ak;sﬁ;ri to tr ansitions
11 j  argmaxiziev el svsSvfi
12 if svf; = d
13 levelc+y :svs  levelg:svs sy
14 levelc:svs sy
15 levelc:regions  FormRegions(s;;
tr ansitions )
16 k k+1
17 end if

18 end repeat
end BuildHierarchy

transitioncannotbe abstractedandit is thereforedeclared
anexit. The 2 testis usedfor the discretetransitiondistri-

bution (Chrisman1992),andthe Kolmogoro/-Smirnor test
for thecontinuougrewarddistribution (McCallum 1995).

All of the above analysisis performedby the "Analyse-
Transition'functioncalledin line 14 of Table2.

Regions

Reagionsconsistof setsof stateshatarestronglyconnected
(thereis a policy by which every statecanbe reachedrom
every otherstatewithoutleaving theregion). Thereforeit is
possibleto guarantedeaving aregion by ary speci ed exit.

If atransitionis foundbetweertwo regionsin alevel (e.g.
betweerstatesl2and13in Figure7) thenit maybepossible
to megetheregions. Also whenevera new exit is declared,
it may affect the strongly connectecpropertyof the region
andthereforethe regionsmustbe re-formed. Theseregion
checksarealsoperformedby the "AnalyseTansition' func-
tion.

Whenthenumberof regionschangeatalevel k, thenum-
berof statestlevel k+ 1 mustchangeaccordingly(eachstate
Sk+1 canonly maptoasingleregionatlevelk). Thisrenders
the existing task hierarchyat levels greaterthank useless,
soit is removed andre-gravn. For clarity this mechanism
is not detailedin the algorithms.In the domainsconsidered
thisdrasticmeasurenly happenearlyonin thehierarchy
construction,and proved not to be an issue. The connect-
ednessf the lower levels and the numberof regionswas
quickly establishedThe effort of memging regionspaysoff
asit leadsto areductionin thenumberof higherlevel states,
fastedearning,andlessmemoryusagedueto themorecom-
pactrepresentation.

Table2: The PerformActionfunction.

function PerformAction(action ayo, level k%

1 ifk°=1

2 take primitve action ayo

3 return ayo

4 end if

5 do

6 k k%1

7 Sk hfsviji 2develx:svsg; regiony 1i

8 o fsviji2z ., leveln:svsg

9 while sx 6 ayo:exit _state
10 choose action ax using current policy
11 ay = PerformAction(ax; k)

12 s hfsvji 2devely:svsg; regiong i
13 c fswji2 . level:svsg

14 AnalyseTransition(rs; ax ; SE; ri;cy; cﬁ)
15 if hsy; axi is an exit

16 return ag, for this exit

17 end if

18 sk S

19 end while
20 ay  PerformAction(ayo:exit _action; k)

21  while ax 6 ayo:exit _action
22 return ayo
end PerformAction

Exits

Finding a new exit in region regiony correspondgo the
discovery of an abstractactionay+; at the level above, or
equivalently the task of leaving the region by that particu-
lar exit. As discussedbove this canchangethe numberof
regionsandrenderall higherlevelsin the hierarchyinvalid.
Usually, however, the new exit doesnot alter the number
of regionsandcanbe easilyincorporatednto the hierarchy
The exit requiresthe additionof the abstractactionay+; to
all abstracstatessy+1 in level k+ 1 thatareabstraction®f
theregionregony.

Initial Task Hierarchy Construction

Whena x ed hierarchyis built without the ability to self-
repair the agentmust performenoughexplorationat each
level of the hierarchyto enableit to correctly identify all
region exits beforebuilding the next level of the hierarchy
This explorationis notrequiredwhenthehierarchycanself-
repair However in orderto constructan initial hierarchy
the agentmustdeterminean order over the statevariables.
HEXQ usedaheuristicthatplacedhigherchangingvariables
atlower levelsof the hierarchyandthevariablewith lowest
frequeng of changeat thetop. Experimentallythis worked
well for discreteervironments,andthe sametechniquehas
beenappliedhere.

At eachlevel of the hierarchyactionsare taken (using
primitive actionsat the lowestlevel, or abstractactionsat
higherlevels) until the mostfrequentlychangingstatevari-
ablereachesvalued (Tablelline 11). For ourexperiments
d = 30, buttheresultsarenot sensitve to thisvalue.For ex-
amplein thetaxitaskthis meanghatthetaxi moves30times



beforebuilding level 1. Thenthealgorithmwaitsfor thepas-
sengeiocationto change30 timesbeforecreatinglevel 2.
In this way an entire task hierarchyis quickly established
thatcanbealteredasrequired.

Table1 shawvsthealgorithmfor building aninitial hierar
chy. ConcurrenHEXQ doesnotrequirethedomain-speci c
explorationconstantghatneedto be tunedfor eachlevel in
HEXQ.

Control

Thediscoveredtaskhierarchycanbeusedn severalwaysto
determinghebestbehaiour for theagento take. Theagent
canlearnamodelcorrespondingo eachregion,andusethis
modelto planthe bestrouteto the speci ed exit. Because
the problemhasbeenbroken down hierarchically the size
of themodelcouldbe exponentiallysmallerthanthe sizeof
themodelfor the at problem.

It is alsopossibleto usemodel-fredearning,andin partic-
ular learnan action-\aluefunction that decomposeacross
thedifferenthierarchicalevels,asin the original HEXQ al-
gorithm. A decomposedaluefunction hasbeenshowvn to
signi cantly improve learningtimes(Dietterich2000).

Exploration Actions

Caremustbetakenwhenthe agentis simultaneouslyearn-
ing a policy, whilst concurrentlydiscoreringthetaskhierar
chy. It is possiblefor the agentto becometrappedbecause
whatit thinksis the bestactionfor a particularstate(indeed
it may be the only action),leadsnowhere. For exampleif
the agentis in region 2 of Figure 7 thenthereis only one
exit to take. If the passengeis at undiscweredstated, then
performingthe pick up actionat state23 will notchangehe
state andalthoughthe algorithmexits to the next level up, it
will immediatelyre-entethebottomlevel andtake thesame
exit again,asthis is theonly exit it is awareof. Evencom-
monly usedexploration policieswill not be effective here,
asthe agentmusttake a large numberof off-policy stepsin
orderto discover analternatye exit (in the exampleit needs
to nd its way to state4).

To prevent this behaiour, special exploration actions
have beenincorporatedn eachregion. Whenanexploration
actionis executedthe agentwill take randomactionswithin
theregion until it leavesby aknown exit, or discoversanewv
one. Theseexplorationactionsaretreatedidentically to all
otheractionsandselectedaccordingto the explorationpol-

icy.

Results

The concurrentHEXQ algorithmwill be illustratedin two
domains.The rst domainis thetaxi task,andthe seconds
alarge mazewith only a singlegoal. For both experiments
andall algorithmstherewasno discountingof rewards,the
learningrate = 0:25 andthe policiesweregreedy The
stochasticityin the movementof the agentand optimistic
initialisation of the valuefunctionresultedn all algorithms
convergingto the optimal policy. All resultsshown the aver-
ageof 20 runs,with errorbarsindicatingonestandardievi-
ation.

Table3: Algorithm differences.

Uses Discovers
a task a task
hierarchy hierarchy
Q-learning No No
MAXQ Yes No
HEXQ Yes Level by level
Concurrent HEXQ Yes Concurrently

The Taxi Task

In thisdomainconcurrenHEXQ is comparedvith the orig-
inal HEXQ algorithm,Dietterich's MAXQ algorithmandQ-
learning(Watkins1989). Table3 highlightsthe differences
betweerthesealgorithms,and Figure 8 shaws the different
performancesFigure9 shavs the samedatawith different
scalego highlightthe corvergencecharacteristics.
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Figure8: Performancéor thetaxi task.
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Figure9: Corvergenceor thetaxi task.



MAXQ has good initial performancedue to its prior
knowledgeof the task hierarchy which it usesto rapidly
learnthe optimal policy. HEXQ hasno suchinitial knowl-
edge butis ableto discorerthehierarchylevel by level. The
effort of discoveringthetaskhierarchypaysoff whenit over-
takesthe performanceof Q-learning. ConcurrentHEXQ is
ableto form aninitial taskhierarchymuchquicker, andthen
repairary errorsat eachlevel. This resultsin rapid initial
learning,andits corvergenceds notsigni cantly slowerthan
MAXQ, illustrating the high ef ciency with which it con-
structsits hierarchy

Discovering SparseGoals

This experimentwasdesignedo illustrateataskthatHEXQ
shouldbe ableto solwe ef ciently, but at which it is unable
to obtainsatishctory performancedueto the natureof the
goal. Thetaskis alarge mazeof 49roomsin a7 7 grid.
The agentmay occupy oneof 7 7 locationswithin each
room. In the middle of eachinternalwall is a door allow-
ing the agentto passto anotheroom. The agentcanmaove
north, south, eastand westwith a 20% chanceof moving
perpendiculato its intendeddirection. The goalis to reach
onecornerof theworld andperformaspecial fth action.
HEXQ shouldbe able to quickly form the conceptof a
room, sothatit canleveragethis informationand move ef-
ciently aroundthe maze. However in orderto correctly
specifythis bottomlevel of the hierarchy it mustperform
enoughexplorationto nd thegoalexit.
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X Concurrent HEXQ :--3---
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Figure10: Performancén thelargegrid world.

Figure 10 shaws the performanceof Q-learning,HEXQ
and concurrentHEXQ at this task. All algorithmshave a
similar initial performancawhile they do little morethana
randomwalk. HEXQ mustadequatelyxplore eachlevel of
the hierarchybeforeconstructingthe next, andthis results
in distinctive stepsin its performancehat hinderits learn-
ing rate. ConcurrentHEXQ, however, is able to quickly
form the conceptof a room and usethis to obtain faster
corvergence.Thelog-log graphalsoshaws thatall 3 algo-
rithms eventuallycornvergeto a similar numberof stepsper
trial, with concurrentHEXQ reachingthis optimal perfor

mancewice asquickly asHEXQ andanorderof magnitude
quickerthanQ-learning.

Computational Performance

The BuildHierarchy'algorithmitself is very fast. The ma-
jor calculationsarethe statisticaltestsin the "AnalyseTan-
sition’, however thesecanonly be performedwhenenough
datahasbeencollected. In additionwhenthe existenceor
non-eistenceof anexit hasbeenestablishedo therequired
degreeof con dence, it is no longernecessaryo perform
thesetestsor storetransitionstatistics. Thereforein very
large statespaceshe memoryusagecanbelimited.

In theexperimentgerformanceavaslimited by thepolicy
learningalgorithm,andnot by the building of the hierarchy

Discussionand Related Work

Discovering and constructinga task hierarchyandlearning
a hierarchicalpolicy seemto be separatéut relatedactivi-
ties. Often designergrovide the taskhierarchybeforehand
asbackgroundnowledgeandthenlearnthe policy.

Stone(2000) adwocatesa layeredlearning paradigmto
complex multi-agentsystemsn which learninga mapping
from anagents sensordo effectorsis intractable.The prin-
ciplesadwocatedncludeproblemdecompositiorinto multi-
layersof abstractiorandlearningtasksfrom thelowestlevel
to the highestin a hierarchywherethe output of learning
from onelayer feedsinto the next layer This paperhigh-
lights the distinction betweenthe discovery of a task hier-
archyandlearningan optimal policy over the hierarchy It
appearghat when the value function is decomposeaver
multiple levels,learningtoo early at higherlevelsmay slow
down convergencebecausehe agentmustunlearninitially
sub-optimalpoliciesincorporatedn higherlevel stratgjies
(Dietterich2000;Hengst2000). Whenthe sub-goalsarenot
costedinto the higherlevel stratgjiesandsimply have to be
achieved, learningat multiple levels may be advantageous
(Whiteson& Stone2003).

Utgoff & Stracuzzi(2002) point to the compressionn-
herentin the progressiorof learningfrom simpleto more
comple tasks. They suggesta building block approach,
designedo eliminatereplicationof knowledgestructures.
Agentsareseerto advancetheirknowledgeby moving their
“frontier of receptvity” asthey acquirenew conceptsby
building on earlier onesfrom the bottom up. Their con-
clusionis that the “learning of complec structurescan be
guidedsuccessfullypy assuminghat local learningmeth-
odsarelimited to simpletasks,andthatthe resultingbuild-
ing blocksareavailablefor subsequeriearning’

Digney (1998) useshigh reward gradientand bottleneck
statego distinguishfeaturesworth abstractingn reinforce-
mentlearning. However this methodrelies hearily on the
form of the reward function, andbottleneckstatescanonly
bedistinguishedftertheagentasgainedsomecompetence
atthetaskin hand.

In a practical implementation,Drummond (2002) de-
tectsand reusesmetric sub-space reinforcementearn-
ing problems.He nds thatanagentcanlearnin a similar
situationmuch fasterafter piecing togethervalue function
fragmentdrom previousexperience.



Theideaof re ning alearntmodelbasedon unexpected
behaiour is alsodevelopedby Reid& Ryan(2000).Herea
hierarchicaimodel,RL-TOPs,is speci ed usinga hybrid of
planningandMDP models.Planningis usedat the abstract
level and invokesreactie planningoperators extendedin
time, basedn teleo-reactie programgNilsson1994).

De Jong& Oates(2002)useco-evolution andgenetical-
gorithmsto discover commonbuilding blocks that can be
employed to representarger assemblies. The modularity
repetitve modularity and hierarchicalmodularity bias of
their learneris closelyrelatedto the statespacerepetition
andabstractiorusedby HEXQ andconcurrenHEXQ. This
work suggestghat someconcurreng in hierarchicaltask
constructionis useful. In this case,the building blocks at
a lower level are evaluatedon the extentto which they are
usefulto build higherlevel assemblies.The evaluationis
not possibleuntil therehasbeensomeattemptat discover-
ing higherlevel structures.

Conclusionsand Futur e Work

In this paperwe have presentechn automaticapproacho
taskhierarchycreationthatis applicablewhenthereis only
minimal domainknowledge available. The reinforcement
learning settingrequiresonly a scalarreward signalto be
fed backto theagentwhichis typically positive whenagoal
is reachedandnegative or zerootherwise.

The concurrentconstructionof multiple layersin a task
hierarchycan give betterresultsthan building the hierar
chy level by level. The initial guidancegivento the agent
by the higher levels can signi cantly improve initial per
formance,even beforethe lower levels have beenfully de-
ned. Discovery of ataskhierarchyis distinctfrom learning
a behaioural policy constrainedy this hierarchy however
learningtechniqueshatdecomposehe valuefunctionover
the hierarchycan be applied effectively to learna control
policy, evenwhile thetaskhierarchyis still beingbuilt.

Comple actionsmay be representedh a factoredform.
For example,speakingwalking and headmovementsmay
be representedby threeindependentctionvariables. The
actionspaceis de ned by the Cartesiamproductof eachof
the variables. Decomposinga problemby factoring over
statesand actionssimultaneouslyresultsin parallelhierar
chicaldecompositionsyherethe MDP is brokendown into
asetof sub-MDPghatare“run in parallel” (Boutilier, Dean,
& Hanks1999). Factoringover actionsalonehasbeencon-
sideredby PineauRoy, & Thrun(2001).

We concludethatwhile the discovery of ataskhierarchy
will proceedrom the bottomup, therecanalsobeasigni -
cantadwantagen concurrentlybuilding higherlayersin the
hierarchybeforethe lower layersare complete. The abil-
ity to improve or repairthe lower layersalsoprovidesfor a
morerobustsolution.
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