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Abstract

We describeConcurrentALisp, a languagethatal-
lows the augmentationof reinforcementlearning
algorithmswith prior knowledgeabout the struc-
ture of policies,andshow by examplehow it can
be usedto write agentsthat learnto play a subdo-
mainof thecomputergameStratagus.

1 Intr oduction
Learningalgorithmshave greatpotentialapplicability to the
problem of writing arti�cial agentsfor complex computer
games[Sproncket al., 2003]. In thesealgorithms,theagent
learnshow to actoptimally in anenvironmentthroughexperi-
ence.Standard“�at” reinforcement-learningtechniqueslearn
very slowly in environmentsthe size of moderncomputer
games.The�eld of hierarchicalreinforcementlearning[Parr
andRussell,1997;Dietterich,2000;PrecupandSutton,1998;
AndreandRussell,2002] attemptstoscaleRL upto largeren-
vironmentsby incorporatingprior knowledgeaboutthestruc-
tureof goodpoliciesinto thealgorithms.

In thispaperwefocusonwriting agentsthatplay thegame
Stratagus(stratagus.sourceforge.net). In this game,a player
must control a medieval army of units and defeatoppos-
ing forces. It hashigh-dimensionalstateandactionspaces,
and successfullyplaying it requirescoordinatingmultiple
complex activities, suchasgatheringresources,constructing
buildings,anddefendingone's base.We will usethefollow-
ing subgameof Stratagusasa runningexampleto illustrate
ourapproach.

Example1 In this exampledomain,shownin Figure 1, the
agentmustdefeata singleogre (not visible in the �gur e). It
startsout with a singlepeasant(more maybe trained),and
mustgather resourcesin order to train other units. Even-
tually it mustbuild a barracks, and useit to train footman
units. Each footmanunit is much weaker than the ogre so
multiple footmenwill beneededto win. Thegamedynamics
are such that footmendo more damage whenattacking asa
group,ratherthanindividually. Theonlyevaluationmeasure
is howlong it takesto defeattheogre.

Despiteits small size, writing a programthat performs
well in this domain is not completely straightforward.
It is not immediately obvious, for example, how many

footmen

peasants

goldminebarracks

Figure1: An examplesubgameof Stratagus.

peasantsshould be trained, or how many footmen should
be trainedbeforeattackingthe ogre. Oneway to go about
writing an arti�cial agent that played this programwould
be to have the program contain free parameterssuch as
num-peasants-to-build-given-single- enemy,
and then �gure out the optimal setting of the parameters,
either “by hand” or in some automatedway. A naive
implementationof this approachwould quickly become
infeasible1 for larger domains,however, sincetherewould
be a largenumberof parameters,which arecoupled,andso
exponentiallymany differentjoint settingswould have to be
tried. Also, if thegameis stochastic,eachparametersetting
would requiremany samplesto evaluatereliably.

The �eld of reinforcementlearning[Kaelbling,1996] ad-
dressestheproblemof learningto actoptimally in sequential
decision-makingproblemsand would thereforeseemto be
applicableto oursituation.However, standard“�at” RL algo-
rithmsscalepoorlyto domainsthesizeof Stratagus.Onerea-
sonfor this is thatthesealgorithmswork at thelevel of prim-
itiveactionssuchas“movepeasant3 north1 step”.Theseal-
gorithmsalsoprovidenowayto incorporateany prior knowl-
edgeonemayhaveaboutthedomain.

1A more sophisticatedinstantiation of this approach,com-
bined with conventional HRL techniques,has beenproposedre-
cently[GhavamzadehandMahadevan,2003].



Hierarchicalreinforcementlearning(HRL) canbeviewed
ascombiningthestrengthsof thetwo above approaches,us-
ing partial programs. A partialprogramis likeaconventional
programexcept that it may containchoicepoints, at which
therearemultiple possiblestatementsto executenext. The
idea is that the humandesignerwill provide a partial pro-
gram that re�ects high-level knowledgeaboutwhat a good
policy shouldlook like, but leaves somedecisionsunspec-
i�ed, suchas how many peasantsto build in the example.
The systemthenlearnsa completionof the partial program
thatmakesthesechoicesin anoptimalway in eachsituation.
HRL techniqueslikeMAXQ andALisp alsoprovideanaddi-
tivedecompositionof thevaluefunctionof thedomainbased
on thestructureof thepartial program.Often,eachcompo-
nentin this decompositiondependson a small subsetof the
statevariables.This candramaticallyreducethe numberof
parametersto learn.

WefoundthatexistingHRL techniquessuchasALisp were
not directly applicableto Stratagus.This is becauseanagent
playing Stratagusmust control several units and buildings,
which are engagedin different activities. For example, a
peasantmay be carryingsomegold to the base,a groupof
footmenmay be defendingthebasewhile anothergroupat-
tacksenemyunits. The choicesmadein theseactivities are
correlated,sothey cannotbesolvedsimplyby having asepa-
rateALisp programfor eachunit. Ontheotherhand,asingle
ALisp programthatcontrolledall theunitswould essentially
have to implementmultiple control stacksto deal with the
asynchronouslyexecutingactivitiesthattheunitsareengaged
in. Also, we would lose the additive decompositionof the
valuefunctionthatwaspresentin thesingle-threadedcase.

We addressedtheseproblemsby developingthe Concur-
rent ALisp language.The restof thepaperdemonstratesby
examplehow this languagecanbe usedto write agentsfor
Stratagusdomains.A moreprecisedescriptionof thesyntax
andsemanticscanbefoundin [Marthi et al., 2005].

2 Concurrent ALisp
Supposewehavethefollowing prior knowledgeaboutwhata
goodpolicy for Example1 shouldlook like. First train some
peasants.Then build a barracksusingoneof the peasants.
Oncethebarracksis complete,starttrainingfootmen.Attack
theenemywith groupsof footmen.At all times,peasantsnot
engagedin any otheractivity shouldgathergold.

We will now explain thesyntaxof concurrentALisp with
referenceto a partial program that implementsthis prior
knowledge. Readersnot familiar with Lisp shouldstill be
ableto follow theexample.Themainthingto keepin mind is
thatin Lisp syntax,aparenthesizedexpressionof theform (f
arg1 arg2 arg3) meanstheapplicationof the function
f to thegivenarguments.Parenthesizedexpressionsmayalso
benested.In our examples,all operationsthatarenotpartof
standardLisp arein boldface.

We will refer to thesetof buildingsandunits in a stateas
theeffectors in thatstate.In our implementation,eacheffec-
tor mustbegivenacommandateachstep(time is discretized
into one stepper 50 cycles of gametime). The command
maybea no-op. A concurrentALisp programcanbemulti-

(defun top ()
( spawn ``allocate-peasants''

#'peas-top nil *peas-eff*)
( spawn ``train-peasants'' #'townhall-top

*townhall* *townhall-eff*)
( spawn ``allocate-gold''
#'alloc-gold nil)
( spawn ``train-footmen'' #'barracks-top nil)
( spawn ``tactical-decision''

#'tactical nil))

Figure2: Top-level function

(defun peas-top ()
(loop

unless (null ( my-effectors ))
do (let ((peas (first ( my-effectors ))))

( choose ``peas-choice''
( spawn (list ``gold'' peas)

#'gather-gold nil peas)
( spawn (list ``build'' peas)

#'build-barracks nil peas)))))

Figure3: Peasanttop-level function

threaded,andat any point, eacheffector is assignedto some
thread.

Executionbeginswith asinglethread,at thefunctiontop ,
shown in Figure 2. In our case,this threadsimply creates
someother threadsusing the spawn operation. For exam-
ple, thesecondline of thefunctioncreatesa new threadwith
ID “allocatepeasants”,which beginsby calling the function
peas-top andis assignedeffector*peas-eff* .

Next, examinethepeas-top functionshown in Figure3.
This function loopsuntil it hasat leastonepeasantassigned
to it. This is checkedusingthemy-effectors operation.
It thenmustmake a choiceaboutwhetherto usethis peasant
to gathergold or to build the barracks,which is doneusing
the choose statement.The agentmust learnhow to make
sucha choiceasa functionof theenvironmentandprogram
state.For example,it mightbebetterto gathergoldif wehave
no gold, but betterto build thebarracksif we have plentiful
gold reserves.

Figure 4 shows the gather-gold function and the
navigate function, which it calls. The navigate func-
tion navigatesto a locationby repeatedlychoosinga direc-
tion to move in, and then performing the move action in
theenvironmentusingtheaction operation.At eachstep,
it checksto seeif it has reachedits destinationusing the
get-env-state operation.

We will not give the entirepartial programhere,but Fig-
ure 5 summarizesthe threadsand their interactions. The
allocate-gold threadmakes decisionsabout whether
the next unit to be trained is a footman or peasant,and
then communicatesits decision to the train-footmen
andtrain-peasants threadsusingsharedvariables.The



(defun gather-gold ()
( call navigate *gold-loc*)
( action *get-gold*)
( call navigate *base-loc*)
( call *dropoff*))

(defun navigate (loc)
(loop

with peas = (first ( my-effectors ))
for s = ( get-env-state )
for current = (peas-loc peas s)
until (equal current loc)
do ( action ``nav''

( choose *N* *S* *W* *E*))))

Figure4: Gather-goldandnavigatefunctions
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Figure5: Structureof thepartialprogramfor theexampledomain

tactical-decision threadis wherenew footmanunits
areassigned.At eachstepit chooseswhetherto launchan
attackor wait. The attack is launchedby spawning off a
new threadwith thefootmenin thetacticalthread.Currently,
it just consistsof moving to the enemyand attacking,but
more sophisticatedtactical manouvering could be incorpo-
ratedasprior knowledge,or learntby having choiceswithin
this thread.

3 Semantics
We now give an informal semanticsof what it meansto ex-
ecutea partial program.We view eachstateof the environ-
mentashaving a setof effectors,suchthat thesetof actions
allowed at that stateis the setof assignmentsof individual
actionsto eacheffector. Thus,we have to make surethatthe
action statementsin all thethreadsexecutesimultaneously.
Also, we would like choose statementsto executesimulta-
neouslyasmuchaspossible.This is basedon the intuition
thatit is easierto representandlearnthevaluefunctionfor a
singlejoint choicethanfor a setof sequentialchoices,each
dependingon thepreviousones.Finally, no time is assumed
to elapsein theenvironmentexceptwhentheaction state-
mentsarebeingexecuted,andeachjoint actiontakesexactly

onetime step. Section6 describeshow to �t Stratagusinto
this framework.

We build on thestandardsemanticsfor interleavedexecu-
tion of multithreadedprograms.At eachpoint, thereis a set
of threads,eachhaving a call stackanda programcounter.
Thereis alsoa setof globalsharedvariables.All this infor-
mation togetheris known as the machine state� . We also
referto thejoint state! = (s; � ) wheres is theenvironment
state.A threadis saidto beanactionthreadin a givenjoint
stateif it is atanaction statement,achoicethreadif it ata
choice statement,anda runningthreadotherwise.

Given a particularjoint state! , thereare threecasesfor
whathappensnext. If every threadwith effectorsassignedto
it is an action thread,then we are at an joint action state.
The joint action is done in the environment, and the pro-
gramcountersfor theactionthreadsareincremented.If ev-
ery threadis eitheran action threador a choicethread,but
we are not at an actionstate,then we are at a joint choice
state. The agentmustsimultaneouslymake a choicefor all
the choicethreads,and their programcountersare updated
accordingly. If neitherof thesetwo casesholds, thensome
externalschedulingmechanismis usedto pick a threadfrom
therunningthreadswhosenext statementis thenexecuted.

It can be shown that a partial programtogetherwith a
Markovianenvironmentyieldsa semi-Markov DecisionPro-
cess(SMDP),whosestatespaceconsistsof the joint choice
states. The set of “actions” possibleat a joint statecorre-
spondsto the setof available joint choices,and the reward
function of making choice u in ! is the expectedreward
gainedin theenvironmentuntil thenext choicestate! 0.

The learningtask is then to learn the Q-function of this
SMDP, whereQ(! ; u) is the expectedtotal future reward if
we make choiceu in ! andactoptimally thereafter. Oncea
Q-functionis learnt,at runtimetheagentsimplyexecutesthe
partial program,andwhenit reachesa choicestate! , picks
thechoiceu maximizingQ(! ; u). We will discusshow to do
this ef�ciently in Section4.

4 Approximating the Q-Function
It is infeasibleto representthe function Q(! ; u) exactly in
largedomainsfor two reasons.First, the joint statespaceis
huge,resultingin too many parametersto representor learn.
Second,in situationswith many effectors, the set of joint
choices,exponentialin the numberof effectors,will be too
largeto directlymaximizeoverduringexecution.

A solutionto boththeseproblemsis providedby approxi-
matingtheQ-functionasa linearcombinationof features:

Q(! ; u) =
KX

k=1

wk f k (! ; u)

We cancontrol thenumberof parametersto learnby setting
K appropriately. Also, if featuresarechosento be “local”,
i.e. to eachdependon a small subsetof the choicethreads,
thenthemaximizationcan,in many cases,beperformedef-
�ciently [Guestrinet al., 2002] usingnonsequentialdynamic
programming.Someexamplefeaturesfor theStratagussub-
gameare:
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1. A featuref gold that countshow muchgold we have in
state!

2. A featuref attack that is 1 if thereareat least3 footmen
in thetacticalthreadandu involveschoosingto startan
attack,and0 otherwise.

3. A featuref dist,3 thatreturnsthedistanceof peasant3 to
his destinationaftermakingthenavigationchoicein u.

Thus,featuresmaydependontheenvironmentstate,thread
states,or memorystateof thepartialprogram.They mayalso
dependon the choicesmadeby any subsetof the currently
choosingthreads.

To further reducethenumberof parameters,we make use
of relationalfeaturetemplates[Guestrinet al., 2003]. The
featuref dist,3 above refersto a speci�c peasant,but it seems
reasonableto expectthattheweightof this featureshouldbe
thesameregardlessof theidentity of thepeasant.To achieve
this,we allow thespeci�cationof asingle“featuretemplate”
f dist that resultsin a distancefeaturefor eachpeasantin a
givenstate,all sharingthesameweightwdist.

In our implementation,thesetof featuretemplatesmustbe
speci�edby theuser(asLisp functions).Theperformanceof
thelearningalgorithmscanbestronglydependentonthespe-
ci�c featuresused,andin practicefeatureengineeringtakes
muchmoretime thanwriting thepartialprogram.

5 Learning
Figure 6 summarizesthe overall systemarchitecture. The
userprovidesa partial programandfeaturesto the learning
algorithm,whichusesexperiencein theenvironmentto learn
asetof weights.Thelearntweightscanthenbeused,in con-
junction with the partial programandfeatures,to act in the
environment.

Since the learning task is to learn the Q-function of an
SMDP, we can adaptthe standardSMDP Q-learningalgo-
rithm to ourcase.Thealgorithmassumesastreamof samples
of the form (! ; u; r; ! 0). Thesecanbe generatedby execut-
ing thepartialprogramin theenvironmentandmakingjoint
choicesrandomly, or accordingto someexplorationpolicy.
After observinga sample,thealgorithmperformstheonline
update

~w  ~w + �
�

r + max
u0

Q(! 0; u0; ~w) � Q(! ; u; ~w)
�

~f (! ; u)

where� is a learning-rateparameterthat decaysto 0 over
time.

Theabovealgorithmdoesnotmakeexplicit useof thepro-
ceduralor threadstructureof thepartialprogram- learningis

centralizedandactson theentirejoint stateandjoint choice.
In recentwork, we havedevelopedanimprovedalgorithmin
whichthelearningis doneseparatelyfor eachthread.Theal-
gorithmalsomakesuseof theproceduralstructureof thepar-
tial programwithin eachthread.To achieve this, thesystem
designerneedsto specifyin advanceareward decomposition
functionthat takestherewardat eachtimestepanddividesit
amongthethreads.

6 Experiments
We implementedthe ConcurrentALisp languageand the
abovealgorithmson topof standardLisp. We interfacedwith
the Stratagusgameusinga socket. Time wasdiscretizedso
thatevery50stepsof gametime(typically abouta quarterof
a second)correspondsto one“timestep” in theenvironment.
For simplicity, wemadethegamestatic,i.e., it pausesateach
stepandwaitsfor inputfrom theALisp program,but thealgo-
rithmsranfastenoughthat it shouldbepossibleto make the
environmentdynamic. To �t Stratagusinto our framework,
in whicha joint actionatastatemustassignanindividualac-
tion to all theeffectors,we addeda noop actionthatcanbe
assignedto any unit for which thereis no speci�c command
onagiventimestep.

Werantheoriginal learningalgorithmonthedomainfrom
Example1. Videosof thepoliciesover thecourseof learning
canbe found on the web2. The initial policy trainsno new
peasants,andthuscollectsgold very slowly. It alsoattacks
immediatelyafter eachfootmanis trained. In contrast,the
�nal policy, learntafterabout15000stepsof learning,trains
multiplepeasantsto ensureaconstantsupplyof gold,andat-
tackswith groupsof footmen.Thanksto theseimprovements,
thetime to defeattheenemyis reducedby abouthalf.

7 Scalingup
It is reasonableto askhow relevanttheaboveresultsareto the
overallproblemof writing agentsfor thefull Stratagusgame,
sincetheexampledomainis muchsmaller. In particular, the
full gamehasmany morestatevariablesandeffectors,and
longer episodeswhich will requiremore complex policies.
Thesewill increasethe complexity of eachstepof learning
andexecution,the amountof sampledexperienceneededto
learnagoodpolicy, andtheamountof inputneededfrom the
humanprogrammer.

We �rst addressthe complexity of eachstepof the algo-
rithms.Sincewe areusingfunctionapproximation,thecom-
plexity of ouralgorithmsdoesn't dependdirectlyonthenum-
berof joint states,but only onon thenumberof features.We
believethatit shouldbepossibleto �nd goodfeaturesetsthat
arenotsolargeasto bebottlenecks,andareworkingto verify
thisempiricallybyhandlingincreasinglylargesubdomainsof
Stratagus.

Thelargernumberof effectorswill typically resultin more
threads,which will increasethe complexity of each joint
choice. As discussedin Section4, a brute-forcealgorithm
for makingjoint choiceswould scaleexponentiallywith the
numberof threads,but our algorithmgrows exponentiallyin

2http://www.cs.berkeley.edu/� bhaskara/ijcai05-videos



the tree-widthof the coordinationgraphand only linearly
with thenumberof threads.By makingeachfeaturedepend
only onasmall“local” subsetof thechoosingthreads,wecan
usuallymake the treewidth small aswell. Occasionally, the
treewidth will still endup beingtoo large. In this case,we
canusean approximatealgorithmto �nd a reasonablygood
joint choiceratherthanthebestone. Our currentimplemen-
tationselectively removesedgesfrom thecoordinationgraph.
Methodsbasedon local searchin the spaceof joint choices
areanotherpossibility. Onceagain,this is unlikely to bethe
majorbottleneckwhenscalingup.

Thecostof executingthepartialprogramitself is currently
negligible,but aspartialprogramsbecomemorecomplex and
startperforminginvolvedcomputations(e.g. path-planning),
this maychange.It shouldbenotedthat this issuecomesup
for any approachto writing controllersfor games,whetheror
not they arebasedon reinforcementlearning.Oneintriguing
possibility in the HRL approachis to treat this as a meta-
level control problem[Russelland Wefald, 1991] in which
the amountof computationis itself decidedusing a choice
statement.For example,anagentmaylearnthatin situations
with few unitsandnoimmediatecombat,it is worthspending
timeto planef�cient paths,but whenthereis alargebattlego-
ing on,it' sbetterto quickly �nd apathusingacrudeheuristic
andinsteadspendcomputationon the joint choicesfor units
in thebattle.

The amountof experienceneededto learna goodpolicy
is likely to bemoreof a concernasthedomainsget increas-
ingly complex andtheepisodesbecomelonger. Thenumber
of samplesneededwill usuallyincreaseat leastpolynomially
with theepisodelength. This canbemitigatedby theuseof
reward shaping[Ng et al., 1999]. Note alsothat concurrent
ALisp is notweddedto any oneparticularlearningalgorithm.
For example,we have extendedleast-squares policy itera-
tion [LagoudakisandParr, 2001], which aimsto make better
useof thesamples,to our situation. Algorithmsthat learna
modelof theenvironmentalongwith theQ-function[Moore
and Atkeson,1993] are anotherpromising areafor future
work.

Finally, theamountof humaninput neededin writing the
partialprogram,features,rewarddecomposition,andshaping
functionwill increasein morecomplex domains.A usefuldi-
rectionto pursuein themedium-termis to learnsomeof these
instead.For example,it shouldbe possibleto adda feature
selectionprocedureon topof thecurrentlearningalgorithm.

8 Conclusion
We have outlinedanapproachto writing programsthatplay
gameslikeStratagususingpartialprogrammingwith concur-
rent ALisp, and demonstratedits effectivenesson a subdo-
main that would be dif�cult for conventionalreinforcement
learningmethods.In the nearfuture,we plan to implement
our improvedlearningalgorithm,andscaleupto increasingly
largersubgameswithin Stratagus.
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