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Abstract

We considerapplying hierarchicalreinforcement
learningtechniquesto problemsin which anagent
hasseveraleffectorsto controlsimultaneously. We
arguethatthekindof prior knowledgeonetypically
hasaboutsuchproblemsis bestexpressedusing
a multithreadedpartial program, andpresentcon-
currentALisp, a languagefor specifyingsuchpar-
tial programs.We describealgorithmsfor learning
andactingwith concurrentALisp that canbe ef�-
cientevenwhenthereareexponentiallymany joint
choicesateachdecisionpoint. Finally, weshow re-
sultsof applyingthesemethodsto a complex com-
putergamedomain.

1 Introduction
Hierarchicalreinforcementlearning (HRL) is an emerging
subdisciplinein which reinforcementlearningmethodsare
augmentedwith prior knowledgeaboutthe high-level struc-
ture of behaviour. Various formalismsfor expressingthis
prior knowledgeexist, including HAMs [Parr and Russell,
1997], MAXQ [Dietterich,2000], options[PrecupandSut-
ton,1998], andALisp [AndreandRussell,2002]. Theideais
that the prior knowledgeshouldenormouslyacceleratethe
searchfor good policies. By representingthe hierarchical
structureof behaviour, thesemethodsmay also exposead-
ditivestructurein thevaluefunction[Dietterich,2000].

All of theseHRL formalismscan be viewed as express-
ing constraintson the behavior of a singleagentwith a sin-
gle threadof control; for example,ALisp extendsthe Lisp
languagewith nondeterministicconstructsto createa single-
threadedpartialprogramminglanguage(seeSection2). Ex-
periencewith programminglanguagesin roboticssuggests,
however, that the behaviour of complex physicalagentsin
realdomainsis bestdescribedin termsof concurrentactivi-
ties.Suchagentsoftenhaveseveraleffectors, sothatthetotal
actionspaceavailableto theagentis theCartesianproductof
theactionspacesfor eacheffector.

Consider, for example,theResourcedomainshown in Fig-
ure1. This is a subproblemof themuchlargerStratagusdo-
main(seestratagus.sourceforge.net).Eachpeasantin theRe-
sourcedomaincanbeviewedasaneffector, partof a multi-
bodyagent.Controllingall thepeasantswith a singlecontrol
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Figure1: A resource-gatheringsubgamewithin Stratagus.Peasants
canmove onestepin theN, S,E, W directions,or remainstationary
(all transitionsaredeterministic).They canpick up woodor gold if
they areata forestor goldmineanddroptheseresourcesat thebase.
A reward of 1 is received whenever a unit of a resourceis brought
backto thebase.A costof 1 is paidpertimestep,andanadditional
costof 5 is paid whenpeasantscollide. The gameendswhenthe
player's reservesof gold andwoodreacha prede�nedthreshold.

threadis dif�cult. First,differentpeasantsmaybeinvolvedin
differentactivitiesandmaybeatdifferentstageswithin those
activities; thus, the threadhasto do complex bookkeeping
thatessentiallyimplementsmultiple control stacks.Second,
with N peasants,thereare8N possiblejoint actions,soaction
selectionis combinatoriallynontrivial evenwhenexactvalue
functionsaregiven. Finally, thereareinteractionsamongall
thepeasants'actions—they maycollide with eachotherand
maycompetefor accessto theminesandforests.

To handleall of theseissues,we introduceconcurrentAL-
isp, a languagefor HRL in multieffector problems. The
languageextendsALisp to allow multithreadedpartial pro-
grams, whereeachthreadcorrespondsto a “task”. Threads
canbecreatedanddestroyedover time asnew tasksareini-
tiatedandterminated.At eachpoint in time, eacheffector is
controlledby somethread,but this mappingcanchangeover
time. Prior knowledgeaboutcoordinationbetweenthreads
canbe includedin the partial program,but even if it is not,
the threadswill coordinatetheir choicesat runtimeto maxi-
mizetheglobalutility function.

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



rent ALisp programand a physicalenvironmentde�nes an
SMDP. Weobtainaresultanalogousto thatfor ALisp: theop-
timal solutionto theSMDPis theoptimalpolicy for theorig-
inal environmentthat is consistentwith the partial program.
Section 4 describesthe methodsused to handle the very
large SMDPsthat we face: we uselinear function approxi-
matorscombinedwith relationalfeaturetemplates[Guestrin
et al., 2003], and for actionselection,we usecoordination
graphs[Guestrinet al., 2002]. We also de�ne a suitable
SMDP Q-learningmethod. In Section5, we show experi-
mentallythatasuitableconcurrentALisp programallowsthe
agentto control a largenumberof peasantsin the resource-
gatheringdomain;we alsodescribea muchlargerStratagus
subgamein which very complex concurrent,hierarchicalac-
tivities arelearnedeffectively. Finally, in Section6, we show
how theadditiverewarddecompositionresultsof Russelland
Zimdars [2003] may be usedto recover the three-partQ-
decompositionresultsfor single-threadedALisp within the
morecomplex concurrentsetting.

2 Background
ALisp [Andre andRussell,2002] is a languagefor writing
partialprograms.It is asupersetof commonLisp, andALisp
programsmay thereforeuseall thestandardLisp constructs
includingloops,arrays,hashtables,etc. ALisp alsoaddsthe
following new operations:
• (choose choices) picks oneof the forms from the

list choices andexecutesit. If choices is empty, it does
nothing.

• (action a) performsactiona in theenvironment.
• (call f args) calls subroutinef with argumentlist

args.
• (get-state) returnsthecurrentenvironmentstate.
Figure2 is a simpleALisp programfor the Resourcedo-

main of Figure1 in the single-peasantcase. The agentex-
ecutesthis programas it actsin the environment. Let ! =
(s; � ) be the joint state, which consistsof the environment
states and the machine state � , which in turn consistsof
the programcounter, call stack,and global memoryof the
partialprogram.Whenthepartial programreachesa choice
state,i.e., a joint statein which the programcounteris at a
choose statement,theagentmustpick oneof thechoicesto
execute,andthelearningtaskis to �nd theoptimalchoiceat
eachchoicepoint asa functionof ! . More formally, anAL-
isp partial programcoupledwith an environmentresultsin
a semi-Markov decisionprocess(a Markov decisionprocess
whereactionstake a randomamountof time) over the joint
choicestates,and �nding the optimal policy in this SMDP
is equivalentto �nding theoptimalcompletionof thepartial
programin theoriginalMDP [Andre,2003].

3 Concurrent ALisp
Now considertheResourcedomainwith morethanonepeas-
ant and supposethe prior knowledgewe want to incorpo-
rateis thateachindividual peasantbehavesasin thesingle-
peasantcase,i.e., it picks a resourceand a location, navi-
gatesto that location,getsthe resource,returnsto the base
anddropsit off, andrepeatstheprocess.

(defun single-peasant-top ()
(loop do

(choose
’((call get-gold) (call get-wood)))))

(defun get-wood ()
(call nav (choose *forests*))
(action ’get-wood)
(call nav *home-base-loc*)
(action ’dropoff))

(defun get-gold ()
(call nav (choose *goldmines*))
(action ’get-gold)
(call nav *home-base-loc*)
(action ’dropoff))

(defun nav (l)
(loop until (at-pos l) do

(action (choose ’(N S E W Rest)))))

Figure2: ALisp programfor Resourcedomainwith asinglepeasant.

(defun multi-peasant-top ()
(loop 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 aconcurrentALisp programfor Resource
domainwith any numberof peasants.The restof the programis
identicalto Figure2.

To incorporatesuchprior knowledge,wehavedevelopeda
concurrentextensionof ALisp thatallowsmultithreadedpar-
tial programs.For themultiple-peasantResourcedomain,the
concurrentALisp partial programis identical to the one in
Figure2, exceptthatthetop-level functionis replacedby the
versionin Figure3. Thenew toplevelwaitsfor anunassigned
peasantandthenchooseswhetherit shouldgetgold or wood
andspawnsoff a threadfor thechosentask.Thepeasantwill
completeits assignedtask,thenits threadwill die andit will
be sentback to the top level for reassignment.The overall
programis not muchlongerthanthe earlierALisp program
anddoesn't mentioncoordinationbetweenpeasants.Never-
theless,whenexecutingthispartialprogram,thepeasantswill
automaticallycoordinatetheir decisionsand the Q-function
will referto joint choicesof all thepeasants.So,for example,
they will learnnot to collide with eachotherwhile navigat-
ing. The joint decisionswill be madeef�ciently despitethe
exponentiallylargenumberof joint choices.Wenow describe
how all this happens.

3.1 Syntax
ConcurrentALisp includesall of standardLisp. Thechoose
and call statementshave the samesyntax as in ALisp.



Threadsandeffectorsare referredto usinguniqueIDs. At
any point during execution, there is a set of threadsand
each thread is assignedsome (possibly empty) subsetof
the effectors. So the action statementnow looks like
(action e1 a1 . . . en an) which meansthateacheffector
ei mustdoai . In thespecialcaseof athreadwith exactlyone
effector assignedto it, the ei canbe omitted. Thus,a legal
programfor single-threadedALisp is also legal for concur-
rentALisp.

Thefollowing operationsdealwith threadsandeffectors.
• (spawn thread-id fn args effector-list) createsa

new threadwith thegiven id which startsby calling fn
with argumentsargs, with thegiveneffectors.

• (reassign effector-list thread-id) reassignsthe
giveneffectors(which mustbecurrentlyassignedto the
calling thread)to thread-id.

• (my-effectors) returns the set of effectors as-
signedto thecalling thread.

Interthreadcommunicationis donethroughconditionvari-
ables,usingthefollowing operations:
• (wait cv-name) waits on the given conditionvari-

able(which is createdif it doesn't exist).
• (notify cv-name) wakesup all threadswaiting on

this conditionvariable.
Every concurrentALisp programshouldcontaina desig-

natedtop level functionwhereexecutionwill begin. In some
domains,the setof effectorschangesover time. For exam-
ple, in Stratagus,existing units may be destroyed and new
onestrained.A programfor sucha domainshouldincludea
functionassign-effectors which will be calledat the
beginningof eachtimestepto assignnew effectorsto threads.

3.2 Semantics
We now describethe statespace,initial state,andtransition
function that obtain when runninga concurrentALisp pro-
gramin an environment. Thesewill be usedto constructan
SMDP, analogousto the ALisp case;actionsin the SMDP
will correspondto joint choicesin thepartialprogram.

The joint statespaceis 
 = {! = (s; � )} wheres is an
environmentstateand� is amachinestate.Themachinestate
consistsof a globalmemorystate� , a list 	 of threads,and
for each ∈ 	 , a uniqueidenti�er � , the setE of effectors
assignedto it, its programcounter� , andits call stack� . We
say a threadis holding if it is at a choose, action, or
wait statement.A threadis calleda choicethreadif it is at
achoose statement.Notethatstatementscanbenested,so
for examplein the last line of Figure2, a threadcouldeither
beaboutto executethechoose, in whichcaseit is a choice
thread,or it could have �nished making the choiceand be
aboutto executetheaction, in whichcaseit is not.

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

Therearethreecasesfor thetransitiondistribution. In the
�rst case,known asan internal state, at leastone threadis
not holding. We needto pick a nonholdingthreadto execute
next, andassumethereis an external schedulerthat makes
this choice.For example,our currentimplementationis built

onAllegro Lisp andusesits scheduler. However, our seman-
tics will be seenbelow to be independentof the choiceof
scheduler, solongasthescheduleris fair (i.e.,any nonholding
threadwill eventuallybechosen).Let  bethethreadchosen
by thescheduler. If thenext statementin  doesnot useany
concurrentALisp operations,its effect is thesameasin stan-
dardLisp. Thecall statementdoesa functioncall andup-
datesthestack;thespawn, reassign, my-effectors,
wait, andnotify operationswork as describedin Sec-
tion 3.1. After executingthis statement,we increment 's
programcounterand,if we have reachedthe endof a func-
tion call, pop the call stackrepeatedlyuntil this is not the
case.If thestackbecomesempty, the initial function of the
threadhasterminated, is removedfrom 	 , andits effectors
arereassignedto thethreadthatspawnedit.

For example,supposethepartialprogramin Figure3 is be-
ing run with threepeasants,with correspondingthreads 1,
 2, and 3, andlet  0 be the initial thread. Considera sit-
uationwhere 0 is at the dummychoose statement, 1 is
at thethird line of get-wood,  2 is at thecall in the�rst
line of get-gold, and 3 is at the last line of get-gold.
This is an internalstate,andthesetof nonholdingthreadsis
{ 1;  2}. Supposetheschedulerpicks 1. Thecall state-
mentwill thenbeexecuted,thestackappropriatelyupdated,
and 1 will now beat thetopof thenav subroutine.

The secondcase,known as a choice state, is when all
threadsareholding, andthereexists a threadwhich hasef-
fectorsassignedto it andis notatanaction statement.The
agentmustthenpick a joint choicefor all thechoicethreads1

giventheenvironmentandmachinestate.Theprogramcoun-
tersof thechoicethreadsarethenupdatedbasedon this joint
choice. The choicesmadeby the agentin this casecanbe
viewed asa completionof the partial program. Formally, a
completionis a mappingfrom choicestatesto joint choices.
In theexample,suppose 0 is at thedummychoose state-
mentasbefore, 1 and 3 areat thechoose in nav, and
 2 is at thedropoff actionin get-wood. This is achoice
statewith choice threads{ 0;  1;  3}. Supposethe agent
haslearntacompletionof thepartialprogramwhichmakesit
choose{() ;N;Rest} here.Theprogramcounterof  0 will
thenmove to thetop of theloop, andtheprogramcounters
of  1 and 3 will moveto theaction statementin nav.

The third case, known as an action state, is when all
threadsare holding, and every threadthat haseffectorsas-
signed to it is at an action statement. Thus, a full
joint action is determined. This action is performed in
the environment and the action threadsare steppedfor-
ward. If any effectors have beenaddedin the new envi-
ronmentstate,theassign-new-effectors function is
called to decidewhich threadsto assignthem to. Contin-
uing wherewe left off in the example,suppose 0 executes
themy-effectors statementandgetsbackto thechoose
statement.We arenow at anactionstateandthe joint action
{N;dropoff;Rest} will be donein the environment.  1
and 3 will returnto theuntil in theloop and 2 will die,
releasingits effectorto top.

1If thereareno choicethreads,theprogramhasdeadlocked. We
leaveit upto theprogrammerto write programsthatavoid deadlock.



Let � beapartialprogramandS ascheduler, andconsider
the following randomprocess.Given a choicestate! and
joint choiceu, repeatedlystepthepartialprogramforwardas
describedabove until reachinganotherchoicestate! ′, and
let N bethenumberof joint actionsthathappenwhile doing
this. ! ′ andN arerandomvariablesbecausetheenvironment
is stochastic.Let P� ;S (! ′; N |! ; u) betheir joint distribution
given! andu.

Wesay� is goodif P� ;S is thesamefor any fair S.2 In this
case,we cande�ne a correspondingSMDP over 
 c, theset
of choicestates.The setof “actions” possiblein theSMDP
at ! is thesetof joint choicesat ! . Thetransitiondistribution
is P� ;S for any fair S. TherewardfunctionR(! ; u) is theex-
pecteddiscountedrewardreceiveduntil thenext choicestate.
Thenext theoremshows thatactingin this SMDPis equiva-
lent to following thepartialprogramin theoriginalMDP.

Theorem 1 Givena goodpartial program� , thereis a bijec-
tive correspondencebetweencompletionsof � andpolicies
for theSMDPwhich preservesthevaluefunction.In particu-
lar, theoptimalcompletionof � correspondsto theoptimal
policy for theSMDP.

Herearesomeof the designdecisionsimplicit in our se-
mantics. First, threadscorrespondto tasksand may have
multiple effectors assignedto them. This helps in incor-
poratingprior knowledgeabout tasksthat requiremultiple
effectors to work together. It also allows for “coordina-
tion threads”that don't directly control any effectors. Sec-
ond, threadswait for eachother at action statements,and
all effectorsact simultaneously. This preventsthe joint be-
haviour from dependingon the speedof execution of the
different threads. Third, choicesare made jointly, rather
thansequentiallywith eachthread'schoicedependingon the
threadsthat chosebeforeit. This is basedon the intuition
thata Q-functionfor sucha joint choiceQ(u1; : : : ; un ) will
be easierto representand learn than a set of Q-functions
Q1(u1); Q2(u2|u1); : : : ; Qn (un |u1; : : : un−1). However,
makingjoint choicespresentscomputationaldif�culties, and
we will addressthesein thefollowing section.

4 Implementation
In this section,we describeour function approximationar-
chitectureandalgorithmsfor makingjoint choicesandlearn-
ing theQ-function.Theuseof linearfunctionapproximation
turnsout to becrucialto theef�ciency of thealgorithms.

4.1 Linear function approximation
We representtheSMDPpolicy for a partialprogramimplic-
itly, usinga Q-function,whereQ(! ; u) representsthe total
expecteddiscountedrewardof takingjoint choiceu in ! and
actingoptimally thereafter. We usethe linearapproximation
Q̂(! ; u; ~w) =

P K
k=1 wk f k (! ; u), whereeachf k is a feature

that maps(! ; u) pairs to real numbers. In the resourcedo-
main, we might have a featuref gold(! ; u) that returnsthe
amountof gold reserves in state! . We might also have a
setof featuresf coll;i;j (! ; u) which returns1 if thenavigation

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

choicesin u will resultin a collision betweenpeasantsi and
j and0 otherwise.

Now, with N peasants,therewill beO(N 2) collision fea-
tures,eachwith acorrespondingweightto learn.Intuitively, a
collisionbetweenpeasantsi andj shouldhavethesameeffect
for any i andj . Guestrinet al. [2003] proposedusinga rela-
tional value-functionapproximation, in whichtheweightsfor
all thesefeaturesareall tied togetherto have a singlevalue
wcoll. This is mathematicallyequivalent to having a single
“feature template”which is the sumof the individual colli-
sionfeatures,but keepingthefeaturesseparateexposesmore
structurein theQ-function,which will becritical to ef�cient
executionasshown in thenext section.

4.2 Choiceselection
Supposewe have a partial programandsetof features,and
have somehow found the optimal setof weights ~w. We can
now runthepartialprogram,andwheneverwereachachoice
state! , we needto pick the u maximizingQ(! ; u). In the
multieffectorcase,this maximizationis not straightforward.
For example,in theResourcedomain,if all thepeasantsare
at navigationchoices,therewill be5N joint choices.

An advantageof using a linear approximationto the Q-
function is that this maximizationcan often be done ef�-
ciently. Whenwereachachoicestate! , we form thecoordi-
nationgraph[Guestrinet al., 2002]. This is a graphcontain-
ing a nodefor eachchoosingthreadin ! . For every feature
f , thereis a clique in thegraphamongthechoosingthreads
that f dependson. Themaximizingjoint choicecanthenbe
foundin timeexponentialin thetreewidth of thisgraphusing
costnetworkdynamicprogramming[Dechter, 1999].

In a naive implementation,the treewidth of the coordina-
tion graphmight be too large. For example,in theResource
domain,thereis a collision featurefor eachpair of peasants,
so the treewidth canequalN . However, in a typical situa-
tion, mostpairsof peasantswill be too far apartto have any
chanceof colliding. To make useof this kind of “context-
speci�city”, we implementa featuretemplateasa function
that takesin a joint state! andreturnsonly the component
featuresthatareactive in ! —the inactive featuresareequal
to 0 regardlessof thevalueof u. For example,thecollision
featuretemplateFcoll(! ) would returnonecollision feature
for eachpair of peasantswho aresuf�ciently closeto each
otherto havesomechanceof colliding on thenext step.This
signi�cantly reducesthetreewidth.

4.3 Learning
Thanksto Theorem1, learningthe optimal completionof a
partial programis equivalent to learning the Q-function in
an SMDP. We usea Q-learningalgorithm,in which we run
thepartialprogramin theenvironment,andwhenwe reacha
choicestate,we pick a joint choiceaccordingto a GLIE ex-
plorationpolicy. We keeptrack of the accumulatedreward
and numberof environmentstepsthat take place between
eachpair of choicestates.This resultsin astreamof samples
of theform (! ; u; r; ! ′; N ). We maintaina runningestimate
of ~w, anduponreceiving a sample,we performtheupdate

~w ← ~w+ �
�

r + 
 N max
u0

Q(! ′; u′; ~w) −Q(! ; u; ~w)
�

~f (! ; u)
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Figure4: Learningcurvesfor the3x3Resourcedomainwith 4 peas-
ants,in which thegoalwasto collect20 resources.Curvesaveraged
over 5 learningruns. Policieswereevaluatedby runninguntil 200
stepsor termination.No shapingwasused.

4.4 Shaping
Potential-basedshaping[Ng et al., 1999] is a way of modi-
fying therewardfunctionR of anMDP to speedup learning
without affecting the �nal learnedpolicy. Given a potential
function� on the statespace,we usethe new reward func-
tion ~R(s;a; s′) = R(s;a; s′) + 
 �( s′) − �( s). As pointed
out in [Andre andRussell,2002], shapingextendsnaturally
to hierarchicalRL, andthepotentialfunctioncannow depend
onthemachinestateof thepartialprogramaswell. In theRe-
sourcedomain,for example,wecouldlet �( ! ) bethesumof
thedistancesfrom eachpeasantto hiscurrentnavigationgoal
togetherwith a termdependingonhow muchgoldandwood
hasalreadybeengathered.

5 Experiments
We now describelearning experiments,�rst with the Re-
sourcedomain,thenwith a morecomplex strategic domain.
Full detailsof thesedomainsand the partial programsand
function approximationarchitecturesusedwill be presented
in a forthcomingtechnicalreport.

5.1 Running example
We begin with a 4-peasant,3x3 Resourcedomain. Though
this world seemsquite small, it hasover 106 statesand84

joint actions in each state, so tabular learning is infeasi-
ble. We compared�at coordinatedQ-learning[Guestrinet
al., 2002] andthe hierarchicalQ-learningalgorithmof Sec-
tion 4.3. Figure4 shows thelearningcurves.Within the�rst
100 steps,hierarchicallearningusually reachesa “reason-
able” policy (onethat movespeasantstowardstheir current
goalwhile avoiding collisions).Theremaininggainsaredue
to improved allocationof peasantsto minesand foreststo
minimizecongestion.A “humanexpert” in this domainhad
anaveragetotal rewardaround−50, sowe believe thelearnt
hierarchicalpolicy is near-optimal,despitetheconstraintsin
the partial program. After 100 steps,�at learningusually
learnsto avoid collisions, but still hasnot learnt that pick-
ing up resourcesis a goodidea. After about75000steps,it
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Figure5: Learningcurvesfor the15x15Resourcedomainwith 20
peasants,in which thegoalwasto collect100 resources.Theshap-
ing functionfrom Section4.4wasused.
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Figure6: Structureof thepartialprogramfor thestrategic domain

makesthis discoveryandreachesa near-optimalpolicy.

Ournext testwasona15x15world with 20peasants,with
learningcurvesshown in Figure5. Becauseof thelargemap
size,weusedtheshapingfunctionfrom Section4.4in thehi-
erarchicallearning.In �at learning,thisshapingfunctioncan-
not beusedbecausethedestinationof thepeasantis not part
of the environmentstate. To write sucha shapingfunction,
the programmerwould have to �gure out in advancewhich
destinationeachpeasantshouldbeallocatedto asa function
of theenvironmentstate.For similar reasons,it is dif�cult to
�nd a goodsetof featuresfor functionapproximationin the
�at case,andwe werenot able to get �at learningto learn
any kind of reasonablepolicy. Hierarchicallearninglearnta
reasonablepolicy in thesensede�nedearlier. The�nal learnt
allocationof peasantsto resourceareasis not yet optimalas
its averagereward wasabout−200 whereasthe humanex-
pertwasableto geta total rewardof −140. We areworking
to implementthe techniquesof Section6, which we believe
will furtherspeedconvergencein situationswith alargenum-
berof effectors.



5.2 Lar ger Stratagusdomain
We next considereda larger Stratagusdomain,in which the
agentstartsoff with asingletown hall, andmustdefeatasin-
gle powerful enemyasquickly aspossible.An experienced
humanwould �rst usethe townhall to train a few peasants,
andas the peasantsarebuilt, usethemto gatherresources.
After enoughresourcesarecollected,shewould thenassign
a peasantto constructbarracks(andreassignthe peasantto
resource-gatheringafter the barracksare completed). The
barrackscanthenbeusedto train footmen.Footmenarenot
verystrong,somultiple footmenwill beneededto defeatthe
enemy. Furthermore,thedynamicsof thegamearesuchthat
it is usuallyadvantageousto attackwith groupsof footmen
ratherthansendeachfootmanto attackthe enemyassoon
asheis trained.Theabove activities happenin parallel. For
example,a groupof footmenmight be attackingthe enemy
while a peasantis in the processof gatheringresourcesto
trainmorefootmen.

Our partial programis basedon the informal description
above. Figure6 shows thethreadstructureof thepartialpro-
gram. The choicesto bemadeareabouthow to allocatere-
sources,e.g.,whetherto train a peasantnext or build a bar-
racks,andwhen to launchthe next attack. The initial pol-
icy performedquitepoorly—it built only onepeasant,which
meansit took a long time to accumulateresources,andsent
footmento attackas soonas they were trained. The �nal
learnedpolicy, ontheotherhand,built severalpeasantsto en-
surea constantstreamof resources,sentfootmenin groups
sothey did moredamage,andpipelinedall theconstruction,
training,and�ghting activitiesin intricateandbalancedways.
We have put videosof thepoliciesat variousstagesof learn-
ing on theweb.3

6 Concurrent learning
Our resultssofar have focusedon theuseof concurrentpar-
tial programsto provide a concisedescriptionof multieffec-
tor behaviour, andonassociatedmechanismsfor ef�cient ac-
tion selection.The learningmechanism,however, is not yet
concurrent—learningdoesnot take placeat thelevel of indi-
vidual threads. Furthermore,the Q-function representation
doesnot take advantageof the temporal Q-decomposition
introducedby Dietterich [2000] for MAXQ and extended
by Andre and Russell [2002] for ALisp. Temporal Q-
decompositiondividesthecompletesequenceof rewardsthat
de�nes a Q-valueinto subsequences,eachof which is asso-
ciatedwith actionstaken within a given subroutine.This is
very importantfor ef�cient learningbecause,typically, the
sumof rewardsassociatedwith a particularsubroutineusu-
ally dependson only a smallsubsetof statevariables—those
that arespeci�cally relevant to decisionswithin the subrou-
tine. For example,the sumof rewards(stepcosts)obtained
while a lone peasantnavigatesto a particularmine depends
only on thepeasant's location,andnoton theamountof gold
andwoodat thebase.

We canseeimmediatelywhy this ideacannotbe applied
directly to concurrentHRL methods:with multiple peasants,

3http://www.cs.berkeley.edu/� bhaskara/ijcai05-videos

thereis nonaturalwayto cutuptherewardsequence,because
rewardsarenot associatedformally with particularpeasants
andbecauseat any point in time differentpeasantsmaybeat
differentstagesof differentactivities. It is as if, every time
somegold is deliveredto base,all thepeasantsjump for joy
andfeel smug—eventhosewho arewanderingaimlesslyto-
wardsa depletedforestsquare.

We sketchthesolutionto this problemin theresourcedo-
main example. Implementingit in the generalcaseis on-
going work. The idea is to make useof the kind of func-
tional reward decompositionproposedby RussellandZim-
dars[2003], in which theglobalrewardfunctionis writtenas
R(s;a) = R1(s; a) + : : : + RN (s; a). Eachsub-rewardfunc-
tion Rj is associatedwith a differentfunctionalsub-agent—
for example,in theResourcedomain,R j might re�ect deliv-
eriesof gold andwood by peasantj , stepstaken by j , and
collisionsinvolving peasantj . Sincethereis onethreadper
peasant,wecanwrite R(s;a) =

P
 ∈	 R (s; a) where	 is

a �x edsetof threads.This givesa thread-baseddecomposi-
tion of theQ-functionQ(! ; u) =

P
 ∈	 Q (! ; u). That is,

Q refersto thetotaldiscountedrewardgainedin thread .
RussellandZimdars[2003] derivedadecomposedSARSA

algorithm for additively decomposedQ-functions of this
form that convergesto globally optimalbehavior. Thesame
algorithmcanbeappliedto concurrentALisp: eachthreadre-
ceivesits own rewardstreamandlearnsits componentof the
Q-function,andglobaldecisionsaretakensoasto maximize
the sum of the componentQ-values. Having localizedre-
wardsto threads,it becomespossibleto restorethetemporal
Q-decompositionusedin MAXQ andALisp. Thus,we ob-
tain fully concurrentreinforcementlearningwithin the con-
currentHRL framework, with both functionalandtemporal
decompositionof theQ-functionrepresentation.

7 Related work
Thereareseveral HRL formalismsasmentionedabove, but
mostaresingle-threaded.Theclosestrelatedwork is by Ma-
hadevan'sgroup[Makaret al., 2001], whohaveextendedthe
MAXQ approachto concurrentactivities (for many of the
samereasonswe have given). Their approachusesa �x ed
set of identical single-agentMAXQ programs,rather than
a �e xible, state-dependentconcurrentdecompositionof the
overall task. However, they do not provide a semanticsfor
the interleaved executionof multiple coordinatingthreads.
Furthermore,the designermuststipulatea �x ed level in the
MAXQ hierarchy, above which coordinationoccursandbe-
low which agentsact independentlyandgreedily. Theintent
is to avoid frequentandexpensive coordinateddecisionsfor
low-level actionsthatseldomcon�ict, but the resultmustbe
thatagentshave to choosecompletelynonoverlappinghigh-
level taskssincethey cannotcoexist safelyat thelow level. In
our approach,the state-dependentcoordinationgraph(Sec-
tion 4.2) reducesthecostof coordinationandappliesit only
whenneeded,regardlessof thetasklevel.

The issueof concurrentlyexecutingseveralhigh-level ac-
tionsof varyingdurationis discussedin [Rohanimaneshand
Mahadevan,2003]. They discussseveralschemesfor whento
make decisions.Our semanticsis similar to their “continue”



scheme,in whichathreadthathascompletedahigh-level ac-
tion picksa new oneimmediatelyandtheotherthreadscon-
tinueexecuting.

8 Conclusions and Further Work
We have describeda concurrentpartial programminglan-
guagefor hierarchicalreinforcementlearningandsuggested,
by example,that it providesa naturalway to specifybehav-
ior for multieffector systems. Becauseof concurrentAL-
isp's built-in mechanismsfor reinforcementlearningandop-
timal, yet distributed, action selection,such speci�cations
neednotdescendto thelevelof managinginteractionsamong
effectors—theseare learnedautomatically. Our experimen-
tal resultsillustrate the potential for scaling to large num-
bersof concurrentthreads.Weshowedeffective learningin a
Stratagusdomainthatseemsto bebeyondthescopeof single-
threadedandnonhierarchicalmethods;thelearnedbehaviors
exhibit animpressive level of coordinationandcomplexity.

To develop a betterunderstandingof how temporaland
functional hierarchiesinteract to yield concisedistributed
valuefunction representations,we will needto investigatea
muchwidervarietyof domainsthanthatconsideredhere.To
achieve fasterlearning,we will needto exploremodel-based
methodsthatallow for lookaheadto improvedecisionquality
andextractmuchmorejuice from eachexperience.
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