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Abstract

We considerapplying hierarchicalreinforcement
learningtechniquego problemsin which anagent
hasseveral effectorsto controlsimultaneouslyWe
arguethatthekind of prior knowledgeonetypically
has about such problemsis bestexpressedusing
a multithreadedpartial program, and presentcon-
currentALisp, alanguag€dor specifyingsuchpar
tial programs.We describealgorithmsfor learning
andactingwith concurrentALisp thatcanbeef -
cientevenwhenthereareexponentiallymary joint
choicesateachdecisionpoint. Finally, we show re-
sultsof applyingthesemethodgo a complex com-
putergamedomain.

1 Introduction

Hierarchicalreinforcementiearning (HRL) is an emeging
subdisciplinein which reinforcementearning methodsare
augmentedvith prior knowledgeaboutthe high-level struc-
ture of behaiour. Variousformalismsfor expressingthis
prior knowledgeexist, including HAMs [Parr and Russell,
1997, MAXQ [Dietterich,200d, options[Precupand Sut-
ton, 1994, andALisp [AndreandRussell 2004. Theideais
that the prior knowledge should enormouslyacceleratehe
searchfor good policies. By representinghe hierarchical
structureof behaiour, thesemethodsmay also exposead-
ditive structurein thevaluefunction[Dietterich,200d.

All of theseHRL formalismscan be viewed as express-
ing constrainton the behaior of a singleagentwith a sin-
gle threadof control; for example,ALisp extendsthe Lisp
languagawith nondeterministiconstructgo createa single-
threadedpartial programminganguageseeSection2). Ex-
periencewith programminglanguagesn roboticssuggests,
however, that the behaiour of complex physicalagentsin
realdomainsis bestdescribedn termsof concurentactivi-
ties. Suchagentftenhave severaleffectors, sothatthetotal
actionspaceavailableto the agentis the Cartesiarproductof
theactionspacedgor eacheffector.

Considerfor example theResoucedomainshovnin Fig-
urel. Thisis a subproblenof the muchlarger Strataguslo-
main(seestratagus.sourcefge.net) Eachpeasanin the Re-
sourcedomaincanbe viewed asan effector, partof a multi-
bodyagent.Controllingall the peasantsvith a singlecontrol
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Figurel: A resource-gatheringubgamewithin StratagusPeasants
canmove onestepin theN, S, E, W directions,or remainstationary
(all transitionsaredeterministic).They canpick up woodor gold if
they areataforestor goldmineanddroptheseresourcestthebase.
A reward of 1 is receved wheneer a unit of a resources brought
backto thebase.A costof 1 is paid pertimestepandanadditional
costof 5 is paid whenpeasantgollide. The gameendswhenthe
playersreseresof gold andwoodreacha prede nedthreshold.

threadis dif cult. First,differentpeasantsnaybeinvolvedin
differentactiities andmaybeat differentstageswithin those
actiities; thus, the threadhasto do complex bookkeeping
that essentiallimplementsmultiple control stacks.Second,
with N peasantghereare8N possiblgoint actionssoaction
selectionis combinatoriallynontrivial evenwhenexactvalue
functionsaregiven. Finally, thereareinteractionsamongall
the peasantsactions—thg may collide with eachotherand
may competdor accesdo the minesandforests.

To handleall of theseissueswe introduceconcurientAL-
isp, a languagefor HRL in multieffector problems. The
languageextendsALisp to allow multithreadedpartial pro-
grams whereeachthreadcorrespondso a “task”. Threads
canbe createdanddestrged over time asnew tasksareini-
tiatedandterminated.At eachpointin time, eacheffectoris
controlledby somethread but this mappingcanchangeover
time. Prior knowledgeaboutcoordinationbetweenthreads
canbeincludedin the partial program,but evenif it is not,
thethreadswill coordinatetheir choicesat runtimeto maxi-
mizetheglobalutility function.

We begin by brie y describingALisp (Section2) andits
theoreticalfoundationsin semi-Marlov decisionprocesses
(SMDPs). Section3 de nes the syntaxof concurrentAL-
isp andits semantics—i.e how thecombinationof aconcur



rent ALisp programand a physicalervironmentde nes an
SMDP We obtainaresultanalogouso thatfor ALisp: theop-
timal solutionto the SMDPis the optimalpolicy for the orig-
inal ervironmentthatis consistenwith the partial program.
Section4 describesthe methodsusedto handlethe very
large SMDPsthat we face: we uselinear function approxi-
matorscombinedwith relationalfeaturetemplated Guestrin
et al., 2003, andfor action selection,we usecoordination
graphs[Guestrinet al., 2004. We also de ne a suitable
SMDP Q-learningmethod. In Section5, we shav experi-
mentallythata suitableconcurrentALisp programallowsthe
agentto control a large numberof peasantsn the resource-
gatheringdomain;we alsodescribea muchlarger Stratagus
subgamen which very complex concurrenthierarchicalac-
tivities arelearnedeffectively. Finally, in Section6, we show
how theadditive rewvarddecompositiomesultsof Russelland
Zimdars[2003 may be usedto recover the three-partQ-
decompositiorresultsfor single-threaded\Lisp within the
morecomple concurrensetting.

2 Background

ALisp [Andre and Russell, 2007 is a languagefor writing
partialprogramslt is a supersebf commonLisp, andALisp
programsmay thereforeuseall the standard_isp constructs
includingloops,arrays,hashtables,etc. ALisp alsoaddsthe
following new operations

e (choose choices) picks one of the forms from the
list choices andexecutest. If choices is empty it does
nothing.

e (acti on a) performsactiona in theervironment.

e (call f args) calls subroutinef with argumentlist
args.

e (get - st ate) returnsthecurrentervironmentstate.

Figure2 is a simple ALisp programfor the Resourcedo-
main of Figurel in the single-peasantase. The agentex-
ecutesthis programasit actsin the ervironment. Let! =
(s; ) bethejoint state which consistsof the ervironment
states and the madine state , which in turn consistsof
the programcounter call stack,and global memory of the
partial program. Whenthe partial programreachesa choice
state,i.e., a joint statein which the programcounteris at a
choose statementtheagentmustpick oneof thechoiceso
executeandthelearningtaskis to nd theoptimalchoiceat
eachchoicepoint asa functionof ! . More formally, an AL-
isp partial programcoupledwith an ervironmentresultsin
a semi-Marlov decisionprocesqa Markov decisionprocess
whereactionstake a randomamountof time) over the joint
choicestates,and nding the optimal policy in this SMDP
is equivalentto nding the optimal completionof the partial
programin the original MDP [Andre,2009.

3 Concurrent ALisp

Now considethe Resourcalomainwith morethanonepeas-
ant and supposethe prior knowledgewe want to incorpo-
rateis thateachindividual peasanbehaesasin the single-
peasantase,i.e., it picks a resourceand a location, navi-
gatesto that location, getsthe resourceyeturnsto the base
anddropsit off, andrepeatdhe process.

(defun singl e-peasant-top ()
(1 oop do
(choose

" ((call

get-gold) (call get-wood)))))

(defun get-wood ()

(call nav (choose *forests*))
(action ' get-wood)

(call nav *home-base-| oc*)
(action ' dropoff))

(defun get-gold ()

(call nav (choose *gol dmi nes*))
(action ' get-gold)

(call nav *homne-base-| oc*)
(action ' dropoff))

(defun nav (1)
(loop until
(action  (choose

(at-pos |) do
"(N'S EWRest)))))

Figure2: ALisp programfor Resource&lomainwith asinglepeasant.

(defun nulti-peasant-top ()

(1 oop do
(loop until (my-effectors ) do
(choose '()))
(setf p (first (my-effectors)))
(choose

(spawn p # get-gold () (list p))
(spawn p # get-wood () (list p)))))

Figure3: New toplevel of aconcurrenfALisp programfor Resource
domainwith ary numberof peasants.The restof the programis
identicalto Figure2.

To incorporatesuchprior knowledge we have developeda
concurrenextensionof ALisp thatallows multithreadedpar
tial programs For the multiple-peasaniResourcelomain,the
concurrentALisp partial programis identicalto the onein
Figure2, exceptthatthetop-level functionis replacedby the
versionin Figure3. Thenew toplevel waitsfor anunassigned
peasanandthenchoosesvhetherit shouldgetgold or wood
andspavnsoff athreadfor the chosertask. The peasantill
completeits assignedask,thenits threadwill die andit will
be sentbackto the top level for reassignment.The overall
programis not muchlongerthanthe earlier ALisp program
anddoesnt mentioncoordinationbetweenpeasantsNever-
thelessywhenexecutingthis partialprogram thepeasantwiill
automaticallycoordinatetheir decisionsand the Q-function
will referto joint choicesof all thepeasantsSo,for example,
they will learnnotto collide with eachotherwhile navigat-
ing. Thejoint decisionswill be madeef ciently despitethe
exponentiallylargenumberof joint choices We now describe
how all this happens.

3.1 Syntax

ConcurrenALisp includesall of standardLisp. Thechoose
and cal | statementshave the samesyntax as in ALisp.



Threadsand effectorsarereferredto usinguniquelDs. At
ary point during execution, there is a set of threadsand
eachthreadis assignedsome (possibly empty) subsetof
the effectors. So the acti on statementow looks like
(action ej;a;...e,a, whichmeanghateacheffector
e; mustdoa; . Inthespecialcaseof athreadwith exactlyone
effectorassignedo it, the e; canbe omitted. Thus,a legal
programfor single-threaded\Lisp is alsolegal for concur
rentALisp.
Thefollowing operationsiealwith threadsandeffectors.

e (spawn thread-id fn args effector-list) createsa
new threadwith the givenid which startsby calling fn
with argumentsargs, with the giveneffectors.

e (reassign effector-list thread-id) reassignsthe
giveneffectors(which mustbe currentlyassignedo the
calling thread)to thread-id.

e (my-effectors) returnsthe set of effectors as-
signedto thecalling thread.

Interthreaccommunications donethroughconditionvari-
ables,usingthefollowing operations

e (wait cv-name) waits on the given condition vari-
able(whichis createdf it doesnt exist).

e (notify cv-name) wakesup all threadswaiting on
this conditionvariable.

Every concurrentALisp programshouldcontaina desig-
natedtop level functionwhereexecutionwill begin. In some
domains,the setof effectorschangesver time. For exam-
ple, in Stratagusgxisting units may be destrgyed and new
onestrained. A programfor sucha domainshouldincludea
functionassi gn- ef f ect or s which will be calledat the

beginningof eachtimestepo assigmew effectorsto threads.

3.2 Semantics

We now describethe statespacejnitial state,andtransition
function that obtain when running a concurrentALisp pro-
gramin an ervironment. Thesewill be usedto constructan
SMDRP, analogougo the ALisp case;actionsin the SMDP
will correspondo joint choicesin the partialprogram.

Thejoint statespaceis = {! = (s; )} wheresis an
ervironmentstateand is amachinestate.Themachinestate
consistsof a globalmemorystate , alist of threadsand
foreach € , auniqueidentier ,thesetf of effectors
assignedo it, its programcounter , andits call stack . We
say a threadis holding if it is at a choose, acti on, or
wai t statementA threadis calleda choicethreadif it is at
achoose statementNotethatstatementsanbe nestedso
for examplein thelastline of Figure2, athreadcouldeither
beaboutto executethechoose, in which caseit is achoice
thread,or it could have nished makingthe choiceand be
aboutto executetheact i on, in which caseit is not.

In the initial machinestate,global memoryis emptyand
thereis a singlethreadstartingat the top level functionwith
all theeffectorsassignedo it.

Therearethreecasedor thetransitiondistribution. In the
rst case,known asaninternal state at leastonethreadis
not holding. We needto pick a nonholdingthreadto execute
next, and assumehereis an external schedulerthat makes
this choice.For example,our currentimplementatioris built

on Allegro Lisp andusesits schedulerHowever, our seman-
tics will be seenbelon to be independentf the choice of
schedulersolongastheschedulers fair (i.e.,arny nonholding
threadwill eventuallybechosen)Let bethethreadchosen
by theschedulerlf the next statemenin  doesnot useary
concurrentALisp operationsits effectis the sameasin stan-
dardLisp. Thecal | statementloesafunctioncall andup-
datesthe stack;thespawn, r eassi gn, ny- ef f ect or s,
wai t, andnot i fy operationswork as describedin Sec-
tion 3.1. After executingthis statementwe increment 's
programcounterand, if we have reachedhe endof a func-
tion call, pop the call stackrepeatedlyuntil this is not the
case. If the stackbecomesmpty theinitial function of the
threadhasterminated, isremovedfrom ,andits effectors
arereassignedbo the threadthatspavnedit.

For example supposehepartialprogramin Figure3 is be-
ing run with threepeasantswith correspondindghreads 1,

2, and 3, andlet ¢ betheinitial thread. Considera sit-
uationwhere o is atthe dummychoose statement, ; is
atthethird line of get - wood, ; isatthecal | inthe rst
line of get - gol d, and 3 is atthelastline of get - gol d.
This is aninternalstate, andthe setof nonholdingthreadss
{ 1, 2}. Supposeéheschedulepicks ;. Thecal | state-
mentwill thenbe executed the stackappropriatelyupdated,
and ; will now beatthetop of thenav subroutine.

The secondcase,known as a choice state is when alll
threadsare holding, andthereexists a threadwhich hasef-
fectorsassignedo it andis notatanact i on statementThe
agentmustthenpick ajoint choicefor all thechoicethreads
giventheervironmentandmachinestate.Theprogramcoun-
tersof the choicethreadsarethenupdatedbasedn this joint
choice. The choicesmadeby the agentin this casecanbe
viewed asa completionof the partial program. Formally, a
completionis a mappingfrom choicestatego joint choices.
In the example,suppose g is atthedummychoose state-
mentasbefore, ; and 3 areatthechoose in nav, and

2 isatthedr opof f actionin get - wood. Thisis achoice
statewith choicethreads{ o; 1; 3}. Supposehe agent
haslearnta completionof thepartialprogramwhich makesit
choose{(); N; Rest } here. The programcounterof ¢ will
thenmoveto thetop of thel oop, andthe programcounters
of 1 and 3 will movetotheacti on statemenin nav.

The third case, known as an action state is when all
threadsare holding, and every threadthat has effectorsas-
signedto it is at an acti on statement. Thus, a full
joint action is determined. This action is performedin
the ervironment and the action threadsare steppedfor-
ward. If ary effectors have beenaddedin the new ervi-
ronmentstate,the assi gn- new ef f ect or s functionis
called to decidewhich threadsto assignthemto. Contin-
uing wherewe left off in the example,suppose ( executes
theny- ef f ect or s statemenandgetsbacktothechoose
statementWe arenow at anactionstateandthe joint action
{N; dr opof f ; Rest } will bedonein the ervironment. ;
and 3 will returntotheunti | intheloopand , will die,
releasingts effectortot op.

LIf thereareno choicethreadsthe programhasdeadlocled. We
leaveit upto theprogrammeto write programshatavoid deadlock.



Let beapartialprogramandS aschedulerandconsider
the following randomprocess. Given a choicestate! and
joint choiceu, repeatediystepthe partialprogramforwardas
describedabove until reachinganotherchoicestate! /, and
let N bethenumberof joint actionsthathappernwhile doing
this.! “andN arerandomvariablesbecausé¢he ervironment
is stochasticLet P .s(! /;N|! ; u) betheirjoint distribution
given! andu.

Wesay isgoodif P .s isthesamefor ary fair S.? In this
case,we cande ne acorrespondingMDP over ., theset
of choicestates.The setof “actions” possiblein the SMDP
at! isthesetof joint choicesat! . Thetransitiondistribution
isP .s for ary fair S. TherewardfunctionR(! ; u) istheex-
pecteddiscountedewardreceveduntil the next choicestate.
The next theoremshaows thatactingin this SMDP is equiva-
lentto following the partialprogramin theoriginal MDP.

Theorem 1 Givenagoodpatrtial program , thereis a bijec-
tive correspondenceetweercompletionof  andpolicies
for the SMDPwhich preserveshevaluefunction.In particu-
lar, the optimal completionof ~ correspondgo the optimal
policy for the SMDP

Here are someof the designdecisionsmplicit in our se-
mantics. First, threadscorrespondo tasksand may have
multiple effectors assignedto them. This helpsin incor
porating prior knowledge abouttasksthat require multiple
effectorsto work together It also allows for “coordina-
tion threads”that don't directly control ary effectors. Sec-
ond, threadswait for eachother at action statementsand
all effectorsact simultaneously This preventsthe joint be-
haviour from dependingon the speedof execution of the
different threads. Third, choicesare madejointly, rather
thansequentiallywith eachthreads choicedependingn the
threadsthat chosebeforeit. This is basedon the intuition

However,
makingjoint choicespresentcomputationatif culties, and
we will addresghesein thefollowing section.

4 Implementation

In this section,we describeour function approximationar
chitectureandalgorithmsfor makingjoint choicesandlearn-
ing the Q-function. The useof linearfunctionapproximation
turnsoutto becrucialto theef ciency of thealgorithms.

4.1 Linear function approximation

We representhe SMDP policy for a partial programimplic-
itly, usinga Q-function, whereQ(! ; u) representshe total
expecteddiscountedeward of takingjoint choiceu in! and
acting optimall_.ythereafter We usethelinear approximation
A ;u;w) = sz1 wifi (! ;u), whereeachf ¢ is afeature
thatmaps(! ; u) pairsto real numbers.In the resourcedo-
main, we might have a featuref yoq(! ; u) that returnsthe
amountof gold resenesin state! . We might also have a
setof featured coni;ij (! ;u) whichreturnsl if the navigation

2This is analogousto the requirementthat a standardmulti-
threadedprogramcontainno raceconditions.

choicesin u will resultin a collision betweerpeasants and
j andO otherwise.

Now, with N peasantstherewill be O(N ?) collision fea-
tures,eachwith acorrespondingveightto learn.Intuitively, a
collisionbetweempeasantsandj shouldhavethesameeffect
for any i andj . Guestrinetal. [2003 proposedisingarela-
tional value-functiorapproximation in whichtheweightsfor
all thesefeaturesareall tied togetherto have a single value
Weon-  This is mathematicallyequivalentto having a single
“feature template”which is the sumof the individual colli-
sionfeatureshut keepingthefeaturesseparatexposeanore
structurein the Q-function,which will be critical to ef cient
executionasshavn in the next section.

4.2 Choiceselection

Supposewe have a partial programand setof featuresand
have somehav found the optimal setof weightsw. We can
now runthe partialprogram,andwheneerwe reachachoice
state! , we needto pick the u maximizingQ(! ;u). In the
multieffector case this maximizationis not straightforvard.
For example,in the Resourcadlomain,if all the peasantsre
atnavigationchoicestherewill be5N joint choices.

An adwantageof using a linear approximationto the Q-
function is that this maximization can often be done ef -
ciently. Whenwe reacha choicestate! , we form the coordi-
nationgraph[Guestrinetal., 2004. Thisis agraphcontain-
ing a nodefor eachchoosingthreadin ! . For every feature
f, thereis a cliqguein the graphamongthe choosingthreads
thatf depend®on. The maximizingjoint choicecanthenbe
foundin time exponentialin thetreewidth of this graphusing
costnetworkdynamicprogramming[Dechter 1999 .

In a naive implementationthe treewidth of the coordina-
tion graphmight be too large. For example,in the Resource
domain,thereis a collision featurefor eachpair of peasants,
sothe treawidth canequalN . However, in a typical situa-
tion, mostpairsof peasantsvill betoo far apartto have ary
chanceof colliding. To make useof this kind of “context-
speci city”, we implementa featuretemplateas a function
thattakesin ajoint state! andreturnsonly the component
featuresthatareactive in ! —the inactive featuresareequal
to 0 regardlessof the valueof u. For example,the collision
featuretemplateF (! ) would returnone collision feature
for eachpair of peasantsvho are sufciently closeto each
otherto have somechanceof colliding onthenext step.This
signi cantly reduceghetreewidth.

4.3 Learning

Thanksto Theoreml, learningthe optimal completionof a
partial programis equialentto learningthe Q-functionin
an SMDP. We usea Q-learningalgorithm,in which we run
the partialprogramin the ervironment,andwhenwe reacha
choicestate,we pick a joint choiceaccordingto a GLIE ex-
plorationpolicy. We keeptrack of the accumulatedeward
and numberof ervironmentstepsthat take place between
eachpair of choicestates.Thisresultsin astreamof samples
of theform (! ;u;r;!’;N). We maintaina runningestimate
of w, anduponreceving a sample we performthe update

Wo— W+ I+ Nm%le(! uliw) — QY upw) (1 u)
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Figure4: Learningcurvesfor the 3x3 Resourcalomainwith 4 peas-
ants,in whichthegoalwasto collect20 resourcesCurvesaveraged
over 5 learningruns. Policieswere evaluatedby runninguntil 200
stepsor termination.No shapingwasused.

4.4 Shaping

Potential-baseghaping[Ng et al., 1999 is a way of modi-

fying therewardfunctionR of anMDP to speedup learning
without affectingthe nal learnedpolicy. Givena potential
function on the statespacewe usethe new reward func-

tion R(s;a;8') = R(s;a;8') + (') — ( s). As pointed
outin [Andre andRussell, 2002, shapingextendsnaturally
to hierarchicaRL, andthe potentialfunctioncannow depend
onthemachinestateof the partialprogramaswell. In theRe-

sourcedomain for example,wecouldlet ( ! ) bethesumof

thedistancedrom eachpeasanto his currentnavigationgoal

togethemith atermdependingon how muchgold andwood

hasalreadybeengathered.

5 Experiments

We now describelearning experiments, rst with the Re-

sourcedomain,thenwith a more complex stratgyic domain.

Full detailsof thesedomainsand the partial programsand

function approximationarchitecturesisedwill be presented
in aforthcomingtechnicalreport.

5.1 Running example

We begin with a 4-peasant3x3 Resourcedomain. Though
this world seemsquite small, it hasover 10° statesand 8*
joint actionsin each state, so takular learning is infeasi-
ble. We comparedat coordinatedQ-learning[Guestrinet
al., 2004 andthe hierarchicalQ-learningalgorithmof Sec-
tion 4.3. Figure4 shavs the learningcurves. Within the rst
100 steps, hierarchicallearning usually reachesa “reason-
able” policy (onethat movespeasantsowardstheir current
goalwhile avoiding collisions). Theremaininggainsaredue
to improved allocation of peasantgo minesand foreststo
minimize congestion.A “humanexpert” in this domainhad
anaveragetotal reward around—50, sowe believe thelearnt
hierarchicalpolicy is nearoptimal, despitethe constraintdn
the partial program. After 100 steps, at learningusually
learnsto avoid collisions, but still hasnot learntthat pick-
ing up resourcess a goodidea. After about75000steps,it
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Figure5: Learningcurvesfor the 15x15Resourcelomainwith 20
peasantsin which the goalwasto collect 100 resourcesThe shap-
ing functionfrom Sectiond4.4wasused.
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malkesthis discovery andreaches nearoptimalpolicy.

Our next testwason a 15x15world with 20 peasantsyith
learningcurvesshown in Figure5. Becausef thelargemap
size,we usedtheshapingunctionfrom Section4.4in the hi-
erarchicalearning.In at learningthisshapingunctioncan-
not be usedbecausehe destinatiorof the peasants not part
of the environmentstate. To write sucha shapingfunction,
the programmemwould have to gure out in advancewhich
destinatioreachpeasanshouldbe allocatedto asa function
of theervironmentstate.For similar reasonsit is dif cult to

nd agoodsetof featuredfor function approximationin the
at case,andwe werenot ableto get at learningto learn
ary kind of reasonablgolicy. Hierarchicallearninglearnta
reasonabl@olicy in thesensale ned earlier The nal learnt
allocationof peasantso resourceareads notyet optimalas
its averagereward was about—200 whereasthe humanex-
pertwasableto getatotal reward of —140. We areworking
to implementthe techniqueof Section6, which we believe
will furtherspeedtonvergencen situationswith alargenum-
berof effectors.



5.2 Larger Stratagusdomain

We next considereda larger Stratagusdiomain,in which the
agentstartsoff with a singletown hall, andmustdefeata sin-
gle powerful enemyasquickly aspossible.An experienced
humanwould rst usethe townhall to train a few peasants,
and asthe peasantsre built, usethemto gatherresources.
After enoughresourcesre collected,shewould thenassign
a peasanto constructbarracks(andreassigrthe peasanto
resource-gatheringfter the barracksare completed). The
barrackscanthenbe usedto train footmen. Footmenarenot
very strong,somultiple footmenwill be neededo defeatthe
enemy Furthermorethe dynamicsof the gamearesuchthat
it is usuallyadvantageouso attackwith groupsof footmen
ratherthan sendeachfootmanto attackthe enemyas soon
asheis trained. The above actities happenin parallel. For
example,a group of footmenmight be attackingthe enemy
while a peasanis in the processof gatheringresourcego
train morefootmen.

Our partial programis basedon the informal description
above. Figure6 shawvsthethreadstructureof the partial pro-
gram. The choicesto be madeare abouthow to allocatere-
sourcesg.g.,whetherto train a peasannext or build a bar
racks,andwhento launchthe next attack. The initial pol-
icy performedquite poorly—it built only onepeasantwhich
meansit took a long time to accumulateesourcesandsent
footmento attack as soonas they were trained. The nal
learnedpolicy, ontheotherhand built severalpeasantto en-
surea constantstreamof resourcessentfootmenin groups
sothey did moredamageandpipelinedall the construction,
training,and ghting actwitiesin intricateandbalancedvays.
We have put videosof the policiesat variousstageof learn-
ing ontheweh?

6 Concurrent learning

Our resultssofar have focusedon the useof concurrenpar
tial programgo provide a concisedescriptionof multieffec-
tor behaiour, andon associate@nechanismsor ef cient ac-
tion selection. The learningmechanismhowever, is not yet
concurrent—learningoesnot take placeat thelevel of indi-
vidual threads. Furthermore the Q-function representation
doesnot take advantageof the tempoal Q-decomposition
introducedby Dietterich [2000 for MAXQ and extended
by Andre and Russell [2004 for ALisp. Temporal Q-
decompositiorividesthecompletesequencef rewardsthat
de nes a Q-valueinto subsequencesachof which is asso-
ciatedwith actionstaken within a givensubroutine.This is
very importantfor efcient learningbecausetypically, the
sum of rewardsassociatedvith a particularsubroutineusu-
ally depend®n only a smallsubsebf statevariables—those
that are speci cally relevantto decisionswithin the subrou-
tine. For example,the sumof rewards(stepcosts)obtained
while a lone peasanhavigatesto a particularmine depends
only onthe peasans location,andnot on theamountof gold
andwoodatthebase.

We canseeimmediatelywhy this ideacannotbe applied
directly to concurrenHRL methodswith multiple peasants,

3http://www.cs.berleley.edu/ bhaskaralijcai05-videos

thereis nonaturalwayto cutuptherewardsequencejecause
rewardsare not associatedormally with particularpeasants
andbecausat ary pointin time differentpeasantsnaybe at
differentstagesof differentactiities. It is asif, every time
somegold is deliveredto base all the peasantgump for joy
andfeel smug—eenthosewho arewanderingaimlesslyto-
wardsa depletedorestsquare.

We sketchthe solutionto this problemin the resourcedo-
main example. Implementingit in the generalcaseis on-
going work. The ideais to make useof the kind of func-
tional reward decompositiorproposedby Russelland Zim-
dars[2003, in whichtheglobalrewardfunctionis written as
R(s;a) = Ri(s;a) + :::+ Ry (s;a). Eachsub-revardfunc-
tion R; is associateavith a differentfunctionalsub-agent—
for example,in the Resource&lomain,R; mightre ect deliv-
eriesof gold andwood by peasani, stepstakenby j, and
collisionsinvolving peasant . Sicethereis onethreadper
peasantwe canwrite R(s;a) = ¢ R (s;a) where is
a x edsetof threads.This givesgthread-basedecomposi-
tion of the Q-functionQ(! ;u) = ¢ Q (!;u). Thatis,
Q refersto thetotal discountedewardgainedin thread .

RussellandZimdars[2003 dervedadecompose8ARSA
algorithm for additively decomposedQ-functions of this
form that corvergesto globally optimal behaior. The same
algorithmcanbeappliedto concurrenfLisp: eachthreadre-
ceivesits own reward streamandlearnsits componenbdf the
Q-function,andglobaldecisionsaaretakensoasto maximize
the sum of the componentQ-values. Having localizedre-
wardsto threadsjt becomesgpossibleto restorethe temporal
Q-decompositiorusedin MAXQ andALisp. Thus,we ob-
tain fully concurrentreinforcementearningwithin the con-
currentHRL framawork, with both functionalandtemporal
decompositiorof the Q-functionrepresentation.

7 Reated work

Thereare several HRL formalismsas mentionedabove, but
mostaresingle-threadedT he closestrelatedwork is by Ma-
haderan'sgroup[Makaretal., 2001], who have extendecdthe
MAXQ approachto concurrentactiities (for mary of the
samereasonsve have given). Their approachusesa x ed
set of identical single-agentMAXQ programs,ratherthan
a exible, state-dependertoncurrentdecompositiorof the
overall task. However, they do not provide a semanticgor
the interleaved execution of multiple coordinatingthreads.
Furthermorethe designemuststipulatea x edlevel in the
MAXQ hierarchy above which coordinationoccursand be-
low which agentsactindependentlyandgreedily Theintent
is to avoid frequentand expensve coordinateddecisionsfor
low-level actionsthat seldomcon ict, but the resultmustbe
thatagentshave to choosecompletelynonoverlappinghigh-
level taskssincethey cannotcoexist safelyatthelow level. In
our approachthe state-dependeroordinationgraph (Sec-
tion 4.2) reduceghe costof coordinationandappliesit only
whenneededregardlesof thetasklevel.

Theissueof concurrentlyexecutingseveral high-level ac-
tions of varying durationis discussedn [Rohanimaneshnd
Mahad&an,200d. They discusssereralschemesor whento
make decisions.Our semanticgs similar to their “continue”



schemein which athreadthathascompleteda high-level ac-
tion picksa new oneimmediatelyandthe otherthreadscon-
tinueexecuting.

8 Conclusionsand Further Work

We have describeda concurrentpartial programminglan-
guagefor hierarchicakeinforcementearningandsuggested,
by example,thatit providesa naturalway to specifybeha-
ior for multieffector systems. Becauseof concurrentAL-
isp's built-in mechanismsor reinforcementearningandop-
timal, yet distributed, action selection,such speci cations
neednotdescendo thelevel of managingnteractionsamong
effectors—thesarelearnedautomatically Our experimen-
tal resultsillustrate the potentialfor scalingto large num-
bersof concurrenthreads We shavedeffectivelearningin a
Strataguslomainthatseemgo bebeyondthescopeof single-
threadedandnonhierarchicainethodsthe learnedbehaiors
exhibit animpressve level of coordinationandcomplexity.
To develop a better understandingpf how temporaland
functional hierarchiesinteractto yield concisedistributed
valuefunction representationsye will needto investigatea
muchwider variety of domainsthanthatconsideredere.To
achieve fasterlearning,we will needto explore model-based
methodghatallow for lookaheado improve decisionquality
andextractmuchmorejuice from eachexperience.
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