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Abstract

We describeConcurrentALisp, alanguagehatal-
lows the augmentatiorof reinforcementiearning
algorithmswith prior knowledge aboutthe struc-
ture of policies,and shav by examplehow it can
be usedto write agentgthatlearnto play a subdo-
mainof the computergameStratagus.

1 Intr oduction

Learningalgorithmshave greatpotentialapplicability to the
problem of writing arti cial agentsfor complex computer
gamed Sproncket al., 200d. In thesealgorithmsthe agent
learnshow to actoptimally in anernvironmentthroughexperi-
ence.Standard at” reinforcement-learninggchniquegearn
very slowly in ervironmentsthe size of moderncomputer
gamesThe eld of hierarchicakeinforcementearning[Parr
andRussell1997;Dietterich,2000;PrecupandSutton,1998;
AndreandRussell 2002 attemptgo scaleRL upto largeren-
vironmentsby incorporatingprior knowledgeaboutthestruc-
ture of goodpoliciesinto thealgorithms.

In this papemwe focusonwriting agentghatplay thegame
Stratagugstratagus.sourcefge.net) In this game,a player
must control a medieval army of units and defeatoppos-
ing forces. It hashigh-dimensionaktateand actionspaces
and successfullyplaying it requirescoordinatingmultiple
comple activities, suchasgatheringresourcesgonstructing
buildings,anddefendingone’s base.We will usethefollow-
ing subgameof Stratagusasa running exampleto illustrate
ourapproach.

Example 1 In this exampledomain,shownin Figure 1, the
agentmustdefeata singleogre (not visiblein the gure). It

startsout with a single peasantmore may be trained),and
mustgatherresoucesin order to train other units. Even-
tually it mustbuild a barradks, and useit to train footman
units. Each footmanunit is mud wealer than the ogre so
multiple footmenwill be neededo win. Thegamedynamics
are suc that footmendo more damage whenattadking asa

group,ratherthanindividually. Theonly evaluationmeasue

is howlong it takesto defeattheogre.

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

footmen

peasants

barracks goldmine

Figurel: An examplesubgamef Stratagus.

peasantshould be trained, or how mary footmen should
be trainedbeforeattackingthe ogre. Oneway to go about
writing an arti cial agentthat 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
infeasiblé for larger domains,however, sincetherewould
be a large numberof parameterswhich are coupled,andso
exponentiallymary differentjoint settingswould have to be
tried. Also, if the gameis stochasticeachparametesetting
would requiremary samplego evaluatereliably.

The eld of reinforcementearning[Kaelbling, 1994 ad-
dressesheproblemof learningto actoptimally in sequential
decision-makingproblemsand would thereforeseemto be
applicableto our situation.However, standard at” RL algo-
rithmsscalepoorlyto domainghesizeof StratagusOnerea-
sonfor thisis thatthesealgorithmswork at thelevel of prim-
itive actionssuchas“move peasan8 north 1 step”. Theseal-
gorithmsalsoprovide nowayto incorporateary prior knowl-
edgeonemay have aboutthedomain.

A more sophisticatedinstantiation of this approach, com-
bined with conventional HRL techniqueshasbeenproposedre-
cently[GhavamzaderandMahadean, 2003.



Hierarchicalreinforcementearning(HRL) canbe viewed
ascombiningthe strengthof the two above approachesys-
ing partial programs A partialprogramis likeacorventional
programexceptthatit may containchoice points at which
thereare multiple possiblestatement$o executenext. The
ideais that the humandesignerwill provide a partial pro-
gramthat re ects high-level knowledgeaboutwhat a good
policy shouldlook like, but leaves somedecisionsunspec-
i ed, suchashow mary peasantgo build in the example.
The systemthenlearnsa completionof the partial program
thatmakesthesechoicesin anoptimalway in eachsituation.
HRL techniquedike MAXQ andALisp alsoprovide anaddi-
tive decompositiorof thevaluefunctionof thedomainbased
on the structureof the partial program. Often, eachcompo-
nentin this decompositiordependon a small subsetof the
statevariables. This candramaticallyreducethe numberof
parameterso learn.

WefoundthatexistingHRL techniquesuchasALisp were
notdirectly applicableto StratagusThis is becausenagent
playing Stratagusmust control several units and buildings,
which are engagedn different actvities. For example,a
peasaninay be carrying somegold to the base,a group of
footmenmay be defendingthe basewhile anothergroupat-
tacksenemyunits. The choicesmadein theseactiities are
correlatedsothey cannotbe solvedsimply by having a sepa-
rateALisp programfor eachunit. Onthe otherhand,asingle
ALisp programthatcontrolledall the unitswould essentially
have to implementmultiple control stacksto dealwith the
asynchronouslgxecutingactiitiesthattheunitsareengaged
in. Also, we would lose the additive decompositiorof the
valuefunctionthatwaspresenin thesingle-threadedase.

We addressedheseproblemsby developingthe Concur
rent ALisp language.The restof the paperdemonstrateby
examplehow this languagecan be usedto write agentsfor
Stratagusiomains.A moreprecisedescriptionof the syntax
andsemanticganbefoundin [Marthi etal., 2005.

2 Concurrent ALisp

Supposeave have thefollowing prior knowledgeaboutwhata
goodpolicy for Examplel shouldlook like. Firsttrain some

peasants.Thenbuild a barracksusing one of the peasants.

Oncethebarrackds complete starttrainingfootmen.Attack
theenemywith groupsof footmen.At all times,peasantsiot
engagedn ary otheractivity shouldgathergold.

We will now explain the syntaxof concurrentALisp with
referenceto a partial program that implementsthis prior
knowledge. Readeranot familiar with Lisp shouldstill be
ableto follow theexample.Themainthingto keepin mindis
thatin Lisp syntax,aparenthesizedxpressiorof theform (f
argl arg2 arg3) meangheapplicationof the function
f tothegivenargumentsParenthesizedxpressionsnayalso
benestedIn ourexamplesall operationghatarenot partof
standard_isp arein boldface.

We will referto the setof buildingsandunitsin a stateas
the effectors in thatstate.In ourimplementationeacheffec-
tor mustbegivenacommandt eachstep(time is discretized
into one stepper 50 cycles of gametime). The command
may be a no-op. A concurrentALisp programcanbe multi-

(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”
(spawn "tactical-decision”

#'barracks-top nil)

#'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: Peasantop-level function

threadedandat ary point, eacheffectoris assignedo some
thread.

Executionbeginswith a singlethread atthefunctiontop ,
shavn in Figure 2. In our case,this threadsimply creates
someotherthreadsusingthe spawn operation. For exam-
ple, the secondine of thefunctioncreatesa new threadwith
ID “allocate peasants”which begins by calling the function
peas-top andis assignecffector*peas-eff*

Next, examinethepeas-top functionshovnin Figure3.
This functionloopsuntil it hasat leastone peasanassigned
toit. Thisis checledusingthe my-effectors operation.
It thenmustmalke a choiceaboutwhetherto usethis peasant
to gathergold or to build the barrackswhich is doneusing
thechoose statement.The agentmustlearnhow to make
sucha choiceasa function of the ernvironmentandprogram
state.For example jt mightbebetterto gathergoldif we have
no gold, but betterto build the barracksif we have plentiful
goldresenres.

Figure 4 shows the gather-gold function and the
navigate  function, which it calls. The navigate func-
tion navigatesto a location by repeatedlychoosinga direc-
tion to move in, and then performingthe move action in
the ervironmentusingtheaction  operation.At eachstep,
it checksto seeif it hasreachedits destinationusing the
get-env-state operation.

We will not give the entire partial programhere,but Fig-
ure 5 summarizeghe threadsand their interactions. The
allocate-gold thread makes decisionsabout whether
the next unit to be trainedis a footman or peasant,and
then communicatests decisionto the train-footmen
andtrain-peasants threadausingsharedsariables.The



(defun  gather-gold 0
(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 Tnav"

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

Figure4: Gathergold andnavigatefunctions
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Figure5: Structureof the partialprogramfor the exampledomain

Controls a set of footmen who
are jointly attacking the
enemy.

tactical-decision threadis wherenew footmanunits
areassigned.At eachstepit choosesvhetherto launchan
attackor wait. The attackis launchedby spavning off a
new threadwith thefootmenin thetacticalthread.Currently,
it just consistsof moving to the enemyand attacking, but
more sophisticatedactical manouering could be incorpo-
ratedasprior knowledge,or learntby having choiceswithin
thisthread.

3 Semantics

We now give aninformal semanticof whatit meansto ex-
ecutea partial program. We view eachstateof the erviron-
mentashaving a setof effectors,suchthatthe setof actions
allowed at that stateis the setof assignment®f individual
actionsto eacheffector Thus,we have to make surethatthe
action statementm all thethreadsexecutesimultaneously
Also, we would like choose statements$o executesimulta-
neouslyasmuchaspossible. This is basedon the intuition
thatit is easierto represenaindlearnthe valuefunctionfor a
singlejoint choicethanfor a setof sequentiachoices,each
dependingon the previousones.Finally, notime is assumed
to elapsan the ervironmentexceptwhentheaction  state-
mentsarebeingexecuted andeachjoint actiontakesexactly

onetime step. Section6 describeshow to t Stratagusnto
this framework.

We build on the standardsemanticdor interleaved execu-
tion of multithreadedprograms.At eachpoint, thereis a set
of threads,eachhaving a call stackanda programcounter
Thereis alsoa setof global sharedvariables.All this infor-
mation togetheris known asthe madine state . We also
referto thejoint state! = (s; ) wheres is theervironment
state.A threadis saidto be anactionthreadin a givenjoint
stateif it isatanaction statementachoicethreadif it ata
choice statementandarunningthreadotherwise.

Given a particularjoint state! , therearethreecasesor
whathappensext. If everythreadwith effectorsassignedo
it is an actionthread,thenwe are at an joint action state
The joint actionis donein the ervironment, and the pro-
gramcounterdfor the actionthreadsareincremented.If ev-
ery threadis eitheran actionthreador a choicethread,but
we are not at an action state,thenwe 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
therunningthreadsvhosenext statemenis thenexecuted.

It can be shavn that a partial programtogetherwith a
Markovian ervironmentyields a semi-Marlov DecisionPro-
cess(SMDP), whosestatespaceconsistsof the joint choice
states. The set of “actions” possibleat a joint statecorre-
spondsto the setof available joint choices,andthe reward
function of making choiceu in ! is the expectedreward
gainedin the ervironmentuntil the next choicestate! °.

The learningtaskis thento learnthe Q-function of this
SMDRP whereQ(! ;u) is the expectedtotal future reward if
we make choiceu in! andactoptimally thereafter Oncea
Q-functionis learnt,at runtimethe agentsimply executeghe
partial program,andwhenit reachesa choicestate! , picks
thechoiceu maximizingQ(! ; u). Wewill discusshow to do
this ef ciently in Section4.

4 Approximating the Q-Function

It is infeasibleto representhe function Q(! ; u) exactly in
large domainsfor two reasons First, the joint statespaceis
huge,resultingin too mary parameterso represenbr learn.
Second,in situationswith mary effectors, the set of joint
choices,exponentialin the numberof effectors,will betoo
largeto directly maximizeover duringexecution.

A solutionto boththeseproblemsis provided by approxi-
matingthe Q-functionasalinearcombinationof features

X
Q(;u) =

k=1

wi (! ;u)

We cancontrolthe numberof parameterso learnby setting
K appropriately Also, if featuresare chosento be “local”,
i.e. to eachdependon a small subsetof the choicethreads,
thenthe maximizationcan,in mary casespe performedef-
ciently [Guestrinetal., 2004 usingnonsequentialynamic
programming.Someexamplefeaturesfor the Stratagusub-
gameare;
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Figure6: Architectureof the system

1. A featuref g that countshow muchgold we have in
state!

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

3. A featuref 4ist 3 thatreturnsthe distanceof peasan8 to
his destinatioraftermakingthe navigationchoicein u.

Thus,featuresnaydependntheernvironmentstate thread
statespr memorystateof thepartialprogram.They mayalso
dependon the choicesmadeby ary subsetof the currently
choosingthreads.

To furtherreducethe numberof parametersye make use
of relationalfeaturetemplateg Guestrinet al., 2003. The
featuref it 3 above refersto a speci ¢ peasantbhut it seems
reasonabléo expectthattheweightof this featureshouldbe
the sameregardlesf theidentity of the peasantTo achiere
this, we allow the speci cationof asingle“featuretemplate”
f gist that resultsin a distancefeaturefor eachpeasanin a
givenstate all sharingthe sameweightwyist.

In ourimplementationthe setof featuretemplatesnustbe
speci edby theuser(asLisp functions).The performancef
thelearningalgorithmscanbestronglydependenbnthespe-
ci ¢ featuresused,andin practicefeatureengineeringakes
muchmoretime thanwriting the partial program.

5 Learning

Figure 6 summarizeshe overall systemarchitecture. The
userprovidesa partial programand featuresto the learning
algorithm,which usesexperiencedn the ervironmentto learn
asetof weights.Thelearntweightscanthenbeused,in con-
junction with the partial programandfeaturesto actin the
ervironment.

Sincethe learningtask is to learn the Q-function of an
SMDP, we can adaptthe standardSMDP Q-learningalgo-
rithm to our case.Thealgorithmassumea streanof samples
of theform (! ;u;r;! 9. Thesecanbe generatedy execut-
ing the partial programin the ervironmentand makingjoint
choicesrandomly or accordingto someexploration policy.
After observinga sample the algorithmperformsthe online
update
woow+  r+maxQ( Sutw)  Q(iuiw) ()
where
time.

Theabove algorithmdoesnot make explicit useof thepro-
ceduralor threadstructureof the partialprogram- learningis

is a learning-rateparameteithat decaysto O over

centralizedandactson the entirejoint stateandjoint choice.
In recentwork, we have developedanimprovedalgorithmin
whichthelearningis doneseparateljor eachthread.Theal-
gorithmalsomakesuseof theprocedurabtructureof thepar
tial programwithin eachthread. To achieve this, the system
designemeeddo specifyin advanceareward decomposition
functionthattakesthe reward at eachtimestepanddividesit
amongthethreads.

6 Experiments

We implementedthe ConcurrentALisp languageand the
above algorithmson top of standard_isp. We interfacedwith
the Strataguggameusinga soclet. Time wasdiscretizedso
thatevery 50 stepsof gametime (typically abouta quarterof
asecondxorrespondso one‘“timestep”in the ervironment.
For simplicity, we madethegamestatic,i.e., it pausesteach
stepandwaitsfor inputfromthe ALisp programput thealgo-
rithmsranfastenoughthatit shouldbe possibleto make the
ernvironmentdynamic. To t Stratagusnto our framework,
in which ajoint actionat a statemustassigranindividual ac-
tion to all the effectors,we addeda noop actionthatcanbe
assignedo ary unit for which thereis no speci c command
onagiventimestep.

We ranthe original learningalgorithmon the domainfrom
Examplel. Videosof thepoliciesoverthe courseof learning
canbe found on the wel?. Theiinitial policy trainsno new
peasantsandthuscollectsgold very slowly. It alsoattacks
immediatelyafter eachfootmanis trained. In contrast,the

nal policy, learntafterabout15000stepsof learning,trains
multiple peasant$o ensurea constansupplyof gold, andat-
tackswith groupsof footmen.Thanksto theseémprovements,
thetime to defeatthe enemyis reducedby abouthalf.

7 Scalingup

It is reasonabléo askhow relevanttheaboveresultsareto the
overall problemof writing agentdor thefull Stratagugame,
sincethe exampledomainis muchsmaller In particular the
full gamehasmary more statevariablesand effectors,and
longer episodeswhich will require more complex policies.
Thesewill increasethe compleity of eachstepof learning
andexecution,the amountof sampledexperienceneededo
learnagoodpolicy, andtheamountof input neededrom the
humanprogrammer

We rst addresghe compleity of eachstepof the algo-
rithms. Sincewe areusingfunctionapproximationthe com-
plexity of ouralgorithmsdoesnt dependirectly onthenum-
berof joint statesput only on onthe numberof featuresWe
believethatit shouldbe possibleto nd goodfeaturesetsthat
arenotsolargeasto bebottlenecksandareworkingto verify
thisempiricallyby handlingincreasinglylargesubdomainsf
Stratagus.

Thelargernumberof effectorswill typically resultin more
threads,which will increasethe compleity of eachjoint
choice. As discussedn Section4, a brute-forcealgorithm
for makingjoint choiceswould scaleexponentiallywith the
numberof threadsut our algorithmgrows exponentiallyin

2http://www.cs.berleley.edu/ bhaskaralijcai05-videos



the tree-width of the coordinationgraphand only linearly
with the numberof threads.By makingeachfeaturedepend
only onasmall“local” subsebf thechoosinghreadswe can
usuallymale the treevidth smallaswell. Occasionallythe
treavidth will still endup beingtoo large. In this case,we
canusean approximatealgorithmto nd areasonabhgood
joint choiceratherthanthe bestone. Our currentimplemen-
tationselectvely removesedgesrom thecoordinatiorgraph.
Methodsbasedon local searchin the spaceof joint choices
areanotherpossibility Onceagain,thisis unlikely to bethe
majorbottleneckwhenscalingup.

The costof executingthepartial programitself is currently
negligible, but aspartialprogramsecomenorecomple<and
startperforminginvolved computationge.g. path-planning),
this may change.It shouldbe notedthatthis issuecomesup
for ary approactto writing controllersfor gameswhetheror
notthey arebasedon reinforcementearning.Oneintriguing
possibility in the HRL approachis to treatthis asa meta-
level contol problem[Russelland Wefald, 1991] in which
the amountof computationis itself decidedusing a choice
statementFor example,anagentmaylearnthatin situations
with few unitsandnoimmediatecombat,t is worth spending
timeto planef cient paths putwhenthereis alargebattlego-
ing on, it' sbetterto quickly nd apathusingacrudeheuristic
andinsteadspendcomputatioron the joint choicesfor units
in the battle.

The amountof experienceneededo learna good policy
is likely to be moreof a concernasthe domainsgetincreas-
ingly complex andthe episodedecomdonger The number
of samplesieededwill usuallyincreaseatleastpolynomially
with the episoddength. This canbe mitigatedby the useof
reward shaping[Ng et al., 1999. Note alsothat concurrent
AlLisp is notweddedo ary oneparticulariearningalgorithm.
For example,we have extendedleast-squaes policy itera-
tion [LagoudakisandParr, 2001], which aimsto make better
useof the samplesto our situation. Algorithmsthatlearna
modelof the ervironmentalongwith the Q-function[Moore
and Atkeson, 1993 are anotherpromising areafor future
work.

Finally, the amountof humaninput neededn writing the
partialprogram featuresrewarddecompositionandshaping
functionwill increaseén morecomplex domains.A usefuldi-
rectionto pursuan themedium-ternis to learnsomeof these
instead. For example,it shouldbe possibleto adda feature
selectionprocedureontop of the currentlearningalgorithm.

8 Conclusion

We have outlinedan approacho writing programshat play
gamedik e Stratagusisingpartialprogrammingwith concur
rent ALisp, and demonstratedts effectivenesson a subdo-
main that would be dif cult for corventionalreinforcement
learningmethods.In the nearfuture, we planto implement
ourimprovedlearningalgorithm,andscaleupto increasingly
largersubgamesvithin Stratagus.

References

[AndreandRussell 2002 D. Andre and S. Russell. State
abstraction for programmable reinforcement learning

agents.In AAAI 2002.

[Dietterich,200d T. Dietterich. Hierarchicalreinforcement
learning with the maxq value function decomposition.
JAIR, 13:227-3032000.

[GhavamzadetandMahad&an,2003 M.  Gharamzadeh
and S. Mahadean. Hierarchical policy-gradientalgo-
rithms. In Proceedingsof ICML 2003 pages226-233,
2003.

[Guestrinetal., 2004 C. Guestrin, M. Lagoudakis, and
R. Parr. Coordinatedreinforcementearning. In ICML,
2002.

[Guestrinetal., 200§ C. Guestrin,D. Koller, C. Gearhart,
andN. Kanodia. Generalizingplansto new ervironments
in relationalmdps.In IJCAI, 2003.

[Kaelbling,1994 L. Kaelbling. Reinforcementearning: A
sunwey. Journal of Arti cial IntelligenceResearh, 1996.

[LagoudakisandParr, 20011 M. Lagoudakisand R. Parr.
Model-freeleastsquareolicy iteration. In Advancesn
Neunl InformationProcessingSystems2001.

[Marthietal., 200§ B. Marthi, S. Russell,D. Latham,and
C. Guestrin.Concurrentierarchicakeinforcementearn-
ing. In Proceeding®f IJCAI 2005 2005.to appear

[MooreandAtkeson, 1993 Andrenv MooreandC. G. Atke-
son. Prioritized sweeping: Reinforcementearningwith
lessdataandlessrealtime. Machine Learning 13, Octo-
ber1993.

[Ngetal.,, 1999 A. Ng, D. Harada,andS. Russell. Policy
invarianceunderreward transformations theoryandap-
plicationto rewardshaping.In ICML, 1999.

[ParrandRussell,1997 R. Parr andS. Russell. Reinforce-
mentlearningwith hierarchiesof machines.In Advances
in Neurl InformationProcessingSystems, 1997.

[PrecupandSutton,1994 D. PrecupandR. Sutton. Multi-
time modelsfor temporallyabstracplanning.In Advances
in Neual InformationProcessingSystem40, 1998.

[RussellandWefald, 1991 StuartRusselland Eric Wefald.
Do the right thing: studiesin limited rationality. MIT
PressCambridgeMA, USA, 1991.

[Sproncketal., 2003 P. Spronck,l. Sprinkhuizen-Kiyper,
and E. Postma. Online adaptionof gameopponentai in
simulationandin practice. In Proceedingsf the Fourth
InternationalConfeenceon Intelligent Gamesand Simu-
lation, 2003.



