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Abstract

Reinforcementlearninghasreceived muchattentionin thepastdecade.Theprimary thrustof this researchhas
focusedon tabula rasa learningmethods. That is, the learningagentis initially unawareof its environmentand
mustlearnor re-learneverything. We feel that this is neitherrealisticnor effective. While theagentmaystartout
with little or no knowledgeof its environment,it mustbe ableto incorporatenew informationinto the learningof
subsequenttasksotherwisethelearningeffort is largelywasted.To addresstheshortcomingsof tabula rasalearning,
wepresentageneralandintuitiveapproachfor incorporatingpreviouslylearnedinformationandpriorknowledgeinto
thereinforcementlearningprocess.Wedemonstratethepotentialof thismethodonlearningproblemsin themobile-
robotandgrid-world domains,whereresultsindicatethatlearningtime canbedecreased.We alsodemonstratethat
multipleknowledgesourcescanbeincorporatedinto thelearningprocess.



1 Introduction

Incorporatingprior knowledgeandpreviously learned
informationin machinelearningtasksis a subjectthat
is receiving increasedattention. In theseproblems,a
learningagentattemptsto designa controllerthatmax-
imizessomeperformancemetric. For many tasks,tab-
ula rasalearningmaynot beappropriate.Thedesigner
of a systemmay have somea priori , domain-specific
knowledgeor theagentitself mayhave alreadylearned
a task that may prove useful to the problemat hand.
A methodfor incorporatingthis knowledgeinto a rein-
forcementlearningcontroller, which learnsby actively
exploring its environment,wouldbeparticularlyuseful.

Throughthepastforty years,themainthrustof ma-
chinelearningresearchhasbeentowardimproving the
performanceof tabula rasa systems. Many sophisti-
catedandpowerful techniqueshavebeendevelopedthat
allow a machineto learna taskquickly. Therearesev-
eral noteworthy examplesof machinessurpassingthe
performanceof theirhumancreator(e.g.,[TS92]and[Sam59]).
However, theseprogramsusuallylearnthe task tabula
rasa. This is not alwaysdesirable;the designerof a
systemmayhavesomea priori , domain-specificknowl-
edgeor theagentitself mayhave alreadylearneda task
that may prove useful to the problemat hand. Often-
times, tabula rasa learningis utilized becausethe in-
ternalrepresentationsin the learningalgorithmarenot
well understood.Thus,incorporatingprior knowledge
into suchsystemscan be extremelydifficult [Bax94].
Recently, researchershave startedto focuson learning
agentsexploitingpreviouslylearnedinformation[Pra94].

Weproposeamethodfor embeddingpreviouslylearned
informationandprior knowledgeinto the controllerof
areinforcementlearningagent.Thismethodutilizesan
intuitive representation,scaleswell to large problems
andallowsfor easyanalysis.

In this paper, we give an introductionto reinforce-
mentlearningin Section2, describeourmethodfor em-
beddingprior knowledgein Section3,applyourmethod
to a coupleproblemsandgive experimentalresultsin
Section4, discussrelatedwork in Section5, andstate
ourconclusionsandfuturework in Section6.

2 Reinforcement Learning

In thereinforcementlearning(RL) paradigm,anagent
exists in anenvironment,whetherembodiedin thereal
world or in a simulatedworld [KLM96]. Theagentcan
sensethestateof theenvironmentthroughsensorsand
affect its environmentby executingactionsthroughac-
tuators. Furthermore,at every discretetime step, the
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Figure1: Conceptualdiagramof a RL agent.

agentreceivesanexternalscalarrewardsignalfrom the
environment(seeFigure1).

2.1 Markov Decision Processes

In reinforcementlearningalgorithms,the environment
is implicitly assumedto have theMarkov property. The
state-to-statetransitionprobabilitiesof the underlying
Markov chainareconditionedon the actionexecuted.
This type of systemis calleda Markov DecisionPro-
cess(MDP).A MDP is specifiedby afinite setof states,�

, a finite setof actions,� , andthestate-to-statetran-
sitionprobabilities,��� ��� � ���
	�
��� �������

. In words,������������ �! is theprobabilityof enteringstate2 by execut-
ing action0 in state1. MDPsalsohave a scalarreward
function, "#� �$� � ���%	�&�

. In words, "'�( )�*�+�,�+!
is therewardfor enteringstate0 by executingaction1
in state2. A visualizationof a simpleMDP is givenin
Figure2. At eachdiscretetimestep,theagentexecutes
an actiongiven by a policy, -.� �/	� � . The model
of the environmentis consideredto be the functions�
and " , sincethesefunctionsdescribehow theactionsof
anagentaffect theenvironmentandtherewardthatthe
agentreceives.

Markov DecisionProcesseswith reward functions
giveriseto two naturalvaluefunctions.First is thestate
value function, 01� �/	�&�

, definedasthe expected
sumof discountedfuture rewardsfor a givenstateand
policy
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Figure2: A three-stateMDP with two actionsin each
state.
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Where G�R �(�)�*�TS is a discountfactor, similar to an
inflation rate. To the agent,future rewardsarenot as
greatas immediaterewardswhen GVU � . Intuitively,0 2 �(5 � ! is the amountof reward the agentexpectsto
receivestartingfromstate5 � until theendof time,under
thepolicy - .

The othervalue function is called the W -function.
This function, WX� �#� � 	�Y�

, is definedsimilarly to
thestatevaluefunction

W 2 �(5 � ��Z'! 68 > ? E F "'�(5 � ��Z[�,5 � !�\ G 0 2 �(5 � ! JJJ -H��5 � ��Z L8 ;? EBN�O ����5 � �,Z[��5 � !']*"'�(5 � �,Z[��5 � !^\ G 0_2^��5 � !a`
Intuitively, W 2 �(5 � ��Z'! is the amountof reward the

agentexpectsto receive by executingaction Z starting
in state5 � andthenfollowing thepolicy - until theend
of time.

Theoptimalvaluefunctionsaredenotedby0cb���5*! 8#dfePg2 032^��5*!��ah^5 R �W b ��5���Z'! 8idjeKg2 W 2 �(5+��Zk!��ah^5 R �
For non-pathologicalMDPs,thereexistsanoptimalpol-
icy -^b+�(5l! 8meKn�opdjeKgq W_b+�(5+�,Z'!Q�rhs5 R �
thatmaynot benecessarilyunique[BT96].

2.2 Computing the Optimal Policy

Severaltechniquesexist for computingtheoptimalpol-
icy, - b . The two mostpopularmethodsareDynamic
Programming(DP)[Bel57] andreinforcementlearning.
DP requiresan exact model of the environment (the
functions � and " ) and finds the globally optimal so-
lution andRL doesnot requirea modelof theenviron-
mentandfindsa locally optimalsolution. RL tendsto
scalebetterto larger real-worldproblemsthanDP for
thesereasons.Thusfor thiswork,wewill consideronly
RL algorithmsto computepolicies.

As statedearlier, theenvironmentin reinforcement
learningalgorithmsis implicitly assumeto beaMarkov
DecisionProcessandamodelof theenvironmentis not
required.Severalalgorithmsexist thatcancomputean
optimal policy. Q-Learning[Wat89] hasreceived the
bulk of attentionby researchers,mostlikely for its sim-
plicity andconvergenceproofs, thoughthe guarantees
onconvergencearenotpractical.Q-Learningiteratively
approximatesthe W -functionasfollows

tWu�(5+�,Z'!wv1�B�Pxzy{! tW|�(5+��Zk!�\cy_]Q}'\ G djeKg~q tW|���5����Z'!a` (1)

Where y R �(�)�*�TS is a step-sizeparameter, G is thedis-
count rate, } is the reward received from the environ-
ment(thisshouldbeanunbiasedsamplingof thereward
function " ), and �5 is theresultantstateafter thecurrent
time step. Watkinsshowed that

tWu�(5+�,Z'! from (1) is an
asymptoticallyunbiasedestimatorof W b �(5+�,Z'! for real-
istic assumptions.Thus, the following policy will be
optimalin thelimitt-H��5*! 8�ePnBo7dfeKgq tW|��5���Z'!
Note that a modelof the environment(the functions�
and " ) is not usedto computethis unbiasedestimate.
This meansthat with no prior knowledgeor dynami-
calmodel,anagentcancomputetheoptimalpolicy. In
practice,however, we usuallysettlefor a locally opti-
mal policy dueto time considerations.Sinceno model
of theenvironmentis usedin RL, theenvironmentmust
beexploredthroughtrial-and-errorso that thesamples
of the reward signal, } , approximatethe true expecta-
tion of therewardfunction, " .
2.3 Reinforcement Learning Controllers

In reinforcementlearning, the controller of an agent
is eitheron-policy or off-policy. On-policy controllers
(Figure3) executeactionsthataffect the environment.
Thus, the RL algorithm is determiningwhich actions
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Figure3: An on-policy RL controllerexecutesactions
thataffect theenvironment.
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Figure4: An off-policy RL controllercancomputean
optimalpolicy but thestaticcontrollerexecutesactions
thataffect theenvironment.

theagentwill executein a givenstate.Off-policy con-
trollers(Figure4) observe theactionsthata staticcon-
troller executesanddonot determinewhich actionsthe
agentwill execute. The off-policy controlleris not at-
temptingto mimic thestaticcontroller, but determining
whichactionswill maximizetherewardsignalfrom the
state-actionexamplesthestaticcontrollerpresentsit.

2.4 Generalization and Function Approx-
imators

Typically, generalizationacrosssimilarstatesis desired.
To this end, controllersnormally representthe value
functionin aparameterizedfunctionapproximator, such
asanartificial neuralnetwork(ANN). This mayallow
theagentto visit thestateslessoftento geta goodesti-
mateof theexpectationof therewardfunction, " , from
thesamples,} . However, thereareno convergencere-
sultsfor eitheron- or off-policy controllerswhennon-
linear approximators(e.g., sigmoidalmulti-layer per-
ceptrons)are used. Furthermore,the useof function
approximation,evenlinearmappings,mayresultin di-
vergenceor oscillationin off-policy controllers[Bra93,
Bai95, BM95, TVR95]. The fundamentalcauseof di-
vergenceis thatthestatesthestaticcontrollervisits are
drawn from a differentdistribution thanthe off-policy
controller would generate. Thus, as the distributions
becomefurtherapart,theoff-policy controllermaybe-

comemorelikely todiverge.However, researchershave
continuedto usefunctionapproximatorssincetheben-
efitsof generalizationnormallyout-weightthesepoten-
tial problems.

2.5 Exploration of the Environment

Sincea reinforcementlearningagentmustexplore its
environmentthroughtrial-and-error,many methodshave
beendevised to bias this exploration. Thesemethods
rangefrom quite simple to exceedinglycomplex, and
eachhasits advantagesanddrawbacks.

Themostsimpleexplorationstrategy is to takeran-
dom actionsperiodically [Luc59, Wat89]. However,
thesemethodsdo a poor job of reachingstatesthatare
difficult to enterandtendto bemyopic.

More elaboratemethodsattemptto build a model
of the environment,primarily the � -function, and de-
terminewhich exploratoryactionsto takebasedon this
model[MA93, WS98].Constructingamodelof theen-
vironmentcanbedifficult in termsof memoryandcom-
putationandcanbeproblematicwhentheenvironment
is dynamic.

Anothermethodof biasingthe exploration is aug-
mentingtherewardfunction, " , to alterthebehavior of
the agent[Mat94]. When maximizing the alteredre-
ward signal, the agentmay not be improving its true
performancemetric, just the augmentationof the re-
wardfunction.Sothedesignermayspendaninordinate
amountof time trying to get the reward function “just
right”, asopposedto having theagentlearnthetask.

For furtheranalysisof variousexplorationtechniques,
thereaderis referredto [Whi91, KS93,Lin92, Thr92].

2.6 Incorporating Prior Knowledge

Incorporatingprior knowledge into machinelearning
taskshasreceivedanincreasingamountof attentionin
recentyears. Primarily, knowledgetransferbetween
prior knowledgeand a new, unlearnedtask hasdealt
with ANNs. Most researchershave focusedon trans-
ferring the synapticweightsof the ANN usedin the
prior task andmappingthem to help the agentin the
new task. The weights from the first ANN typically
passthroughatask-specificstatemappingfunctionthat
transformsthe weightsinto the state-spaceof the new
task(seeFigure5). This methodof incorporatingpre-
vious knowledgesuffers from two seriousdrawbacks.
First, andmostcritically, is that constructingthe state
mappingfunction is taskspecificandcanbequitedif-
ficult. For all but the most trivial tasks,the function
will be non-linearand not convex. Second,transfer-
ringweightscandegradetheperformanceof theagentif
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theprior knowledgeandmappingfunctionarenot cho-
senproperly[SS93]. Thisphenomenonis called“catas-
trophicinterference”.

Furthermore,therepresentationusedby mostANNs
isnotwell understood.Therefore,transfermethodstend
to besomewhatadhoc.

3 Embedding Prior Knowledge

We proposeto embedprior knowledgeandpreviously
learnedtasksdirectlyinto thecontrollerof thereinforce-
ment learningagent. The methodsdescribedhereare
scalable,general,intuitive and can be smoothly inte-
gratedwith existing reinforcementlearningtechniques.

3.1 Knowledge Transfer via Guided Explo-
ration

Using an off-policy RL controller scheme(Figure 4),
we canembedtheprior knowledgeinto the staticcon-
troller while learningthevaluefunctionestimatetabula
rasa. In essence,we guide the exploration of the RL
agenttoward an expectedinterestingareaof the state
space(i.e., a region of high rewardor high knowledge
gain).A majorbenefitof this approachis thatany con-
troller thatmapsstatesto actionscanbeusedasa prior
knowledgesource. Neither the representationnor the
statespaceof the prior knowledgecontrollerneedbe
thesameasthatof thelearningcontroller.

In orderfor knowledgetransfertooccurbetweenthe
controllers,the learningagentmustbe capableof ob-
servingrelevantenvironmentfeaturesandableto repre-
senttheknowledgeinternally. For example,if theprior
knowledgeinstructstheagentto rechargeits powersup-
ply every dayat noon,but theRL controllercannotob-
serve the time of day, then the learningagentcannot
learnthisbehavior. Wecall thisastate-spacedeficiency.
On the other hand, if the prior knowledgecontroller
usesa history of eventsto makea decision,a reactive
RL agentwill not be able to learn this taskeven if it
canobserve all of the relevant environmentalfeatures.
Wecall thisarepresentationaldeficiency. While thede-
signermustconsidertheabove issues,theoveralltaskis
greatlysimplified whencomparedto otherapproaches
(cf. Section2.6). No longerdoesthedesignerhave to
determinethe exact mappingbetweenoneknowledge

representationandanother. With this method,the de-
signeronly needdeterminewhethersuchamappingex-
ists.Anotherbenefitof thismethodis thatnorestriction
is placedonthenumberof prior knowledgesourcesthat
canbepresentedto theagent.

Anotherbenefitof this methodis that it allows the
agentto utilize morethanoneprior knowledgesource.
While it maybepossibleto createa functionthatmaps
informationfrom onerepresentationto another, thetask
is madeeven moredifficult whenmultiple sourcesof
informationareconsidered.Themethodwepresental-
lows for the possibility of having multiple knowledge
sourcesguide the exploration of the RL agent. This
mayinvolve multiplexing thesourcesfor controlof the
agentor fusingtheactionselectiondistributionsof the
sources.Thisallowsthelearningagentto sampleall the
actionssuggestedby theknowledgesourcesanddeter-
minewhich, if any, is best.

As describedin Section2.4, an off-policy method
maycausetheRL controllerto diverge.This is because
theprior knowledgewill visit the statesaccordingto a
differentdistribution than would the policy that max-
imizes the current reward function. If this were not
the casethen the prior knowledgemaximizesthe re-
wardfunctionandthetaskis solvedanyway. Thus,we
slightly augmentthisschemein orderto bring thestate-
visitationdistributionscloserin-line.

3.2 Exploration Control Module

We have augmentedtheoff-policy RL agentto include
an explorationcontrol module(Figure6). The explo-
rationcontrolmoduleselectstheactionsto beexecuted
in the environmentfrom any numberof input sources.
The selectionsmadeby this modulereflect the distri-
butions of all input controllers(i.e., the prior knowl-
edgeandRL controllers). Thus, the exploration con-
trol modulecan be designedto have a state-visitation
distribution that is arbitrarily similar to that of the RL
controller. This alleviatesthe divergenceproblemsof
strict off-policy controllers.Sincethis methodusesan
augmentedoff-policy controller, the body of research
developedfor improving exploration(discussedin Sec-
tion 2.5) canbe usedin the controller. The off-policy
controllerneednotnecessarilyselectthegreedyaction,
but may incorporatethe moresophisticatedstrategies,
whentheexplorationcontrolmoduleselectstheactions
from off-policy controller.

Theobjectivesof theexplorationcontrolmoduleare
simple: heavily biasthe initial exploration toward the
actionsselectedby the prior knowledgeandmove the
state-visitationdistributioncloserto thatof theRL con-
troller asit learnsmoreinformation. Theseobjectives
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Figure6: This schemeallows the embeddingof prior
knowledgedirectly into thestaticcontroller. Theselec-
tion criterionof theExplorationControlModulecanbe
adjustedto eliminatedivergenceconcerns.

canbe achieved by a variety of methods.Two differ-
ent implementationsof the exploration controller are
describedin Section4.

The first methodis presentedin the context of an
incrementallearningproblem. The agentslearnmore
difficult problemsincrementallywith the learnedcon-
troller from onestepactingas the prior knowledgeto
learnthenext, moredifficult problem.Theexploration
controlmoduleusedis a multiplexor thatalternatesbe-
tweenoneof the two controllersfor a fixednumberof
learningsteps.

Thesecondexplorationcontrollerexaminedis in the
context of composableskill synthesis.A setof source
skills is usedasprior knowledge.Thesourceskills are
tasksrelatedto thetargettask.A skill is viewedasare-
activemappingof statesto actions.Theaction-selection
distributionof eachskill, alongwith thedistributionof
theRL controller, arelinearly combinedto form anex-
plorationdistribution. The explorationcontroller then
selectsactionsfrom thisdistribution.

4 Applications

In this section,we demonstratethat our approachfor
embeddingprior knowledgecanbeusedto improvethe
performanceanddecreasethelearningtimeof RL agents.
Oneexampleis takenfrom thesimulatedmobile-robot
domain,the other from the grid-world arena. In Sec-
tion 4.1, we useour approachto solve a complex task
incrementallyand,in Section4.2, to utilize previously
learnedskills to composenew skills.

4.1 Incremental Learning

In incrementallearning,alarge,complex taskis decom-
posedinto smallersub-tasks.If thetaskis decomposed
properly then solving all the sub-tasksmay be easier
than solving the entire task, and by solving the sub-
tasks,a solutionto the target taskis found. By easier,
wemeanthatsomeobjectivemeasureof performanceis
greaterthan(or lessthan,asthecasemaybe)thesame
objectivemeasureresultingfromusinganothermethod-
ology.

4.1.1 Description of Problem

To demonstrateour approachin the incrementallearn-
ing domain,we selecteda gameof mobilerobot“tag”.
In this game,therethreemobile robots: two Runners
andoneDefender. The Runnersattemptto move to a
goal locationandthe Defenderattemptsto stopeither
Runnerfrom reachingthegoal.Thegameis picturedin
Figure7. The taskis to find a policy for bothRunners
thatmaximizesits expectedsumof futurerewards.The
policy for the Defenderis fixed and doesnot change
duringthecourseof this experiment.Therewardfunc-
tion for theRunnersis +1 for reachingthegoal, -1 for
beingtagged(i.e.,within onemeterof theDefender)or
moving too far away (greaterthantenmeters)from the
goal,andzerootherwise.A gamebeginswith theRun-
nersrandomlydistributedaroundadisctenmetersaway
from thegoalandtheDefenderin thegoal location. A
gameendswheneitherRunnerentersthegoal location
or theDefendertagsoneof theRunners.All robotsare
restartedandtheprocessis repeated.Therewardfunc-
tion is not sharedbetweentheRunners;a Runneronly
receives a reward whenit scores,is tagged,or moves
too far from the goal, and receives no credit for what
the other Runnerdoes. Thus, thereis no explicit at-
temptto encouragetheRunnersto collaborate.Collab-
orationmustbe learnedthroughattemptsto maximize
theindividual rewardfunctionof theRunner. Thecon-
trol softwarewaswritten usingthe Port-BasedAdapt-
ableAgent Architecture[DPK00] andthe simulations
wereexecutedusingtheRealandVirtual Environment
engine[DDH

I
99].

4.1.2 Experimental Setup

To comparetheperformanceof theincrementalmethod
versustabula rasa, we decidedthat both setsof Run-
nerswould learnfor 4,000games.For the incremental
method,the taskwasmanuallydecomposedinto three
steps.First, oneRunnerplays100gamesby itself (no
Defenders).Basically, theRunnerwill learnto movedi-
rectly for thegoal. Next, theRunnerusestheability to
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Figure7: Thetaggameusedto demonstrateincremen-
tal learning.

goto thegoalasthepreviouslylearnedinformationin a
seriesof 1,900gameswhereoneRunnerplaysagainst
oneDefender. This incrementallows therobotto learn
how to scorewhena Defenderis attemptingto tag it.
Finally, two Runnersusethis asthepreviously learned
informationfor 2,000gamesagainstoneDefender.

The simulatedrobotswereequippedwith a omni-
directionalcamerathat allows the robot to determine
the relative distanceand bearingto the Runners,De-
fender, andgoal (orientationandvelocity of thoseob-
jectscannotbe determinedwithout further processing
of the sensorinformation and was disregarded). The
distanceswerediscretizedinto eight concentriccircles
andthebearingswerediscretizedinto eightpie-wedges
(Figure8) andeach“bin” in thestate-spaceis assigned
a uniquenumber. Usingthis schemerequires �� states
to representthedistanceandbearingof a singleobject.
Sincetherearethreeobjectsin thegame(thegoaland
the two other robots),thereare  ��� 8  +�� ��l�Q�+� states
in thesystem.Q-LearningwasselectedastheRL algo-
rithm anda single-layerperceptronwaschosento rep-
resentthe W -function.

It is importantto note that all the above decisions
weremadeprior toany resultsfromthesemethods.Four-
thousandgamesseemedlike a reasonablenumberof
gamesto allow the Runnersto develop a sufficiently
goodstrategy for scoring.Similarly, thenumberof games
at eachincrement(100 then1,900then2,000)seemed
like areasonablenumberof gamesto learnthesub-task
andwaschosenbeforeresultswereobtained.

4.1.3 Experimental Results

After both the incrementaland tabula rasacontrollers
hadlearnedfor 4,000games,we computeperformance

Robot

Figure 8: The statesfor the Runners:distanceswere
discretizedinto eight concentriccircles and bearings
into eightpie-wedges.

metricsby allowing the Runnersplay againstthe De-
fenderfor 2,500games.Eachgameis viewedasaBernoulli
trial, andtheprobabilityof scoringfrom the Bernoulli
trial is viewedastheperformancemetric.Theprobabil-
ity of scoringfor the tabula rasaRunnerswas0.2916
while the incrementallearningRunnershad a 0.5724
probabilityof scoring.This is almosta 100percentim-
provementin performance.Theerrorbarson Figure9
indicatethe95percentconfidenceintervalsontheprob-
ability of scoring. Furthermore,the tabula rasa Run-
nerstook 9.6 simulationdaysto learnduringthe4,000
games,while theincrementallearningRunnerstook3.6
simulationdays,asshown in Figure10. This is an im-
provementof 166percent.(A simulationday is equiv-
alent to the numberof daysof executionin real time,
multiplied by the simulationrate. Thus, a simulation
thattookonedayof realtime to complete,andthesim-
ulation ratewasten to one,would beequivalentto ten
simulationdays.)

Fromtheseresults,it is clearthatincrementallearn-
ing usingour methodcandrasticallyimprove the per-
formanceanddecreasethetimerequiredto learnatask.

4.2 Composable Skill Synthesis

In composableskill synthesis,aproblemisbrokendown
into a setof basicskills that the agentmustpossessin
order to completethe task. Using the knowledgeof
thesebasicskills, theagentmaylearnthemorecomplex
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Figure10: The numberof simulationdaysrequiredto
play the4,000gamesin thelearningphase.

targetproblemmorequickly thanif therewasno prior
skill knowledge.The motivationof this work is to en-
couragethereuseof previouslyacquiredknowledgeand
promotethecomposablilityof autonomoussystems.In
thecontext of this work, a skill is definedasa reactive
mappingof statesto actions.Hence,any policy learned
by a RL agentqualifiesas a skill. Additionally, this
mappingpolicy neednotbedeterministic.

In the incrementallearningproblemof the previ-
oussection,thepolicy from a particularlearningincre-
mentcanbe considereda skill that is provided to the
agentlearningthe next, more difficult problem. The
contrastbetweenthework in this sectionandtheincre-
mental learningwork is that this sectionassumesthe
pre-existenceof somesetof skills from whichtheagent
candraw knowledge.Now, thetaskof thedesignerbe-
comestheselectionof appropriatelyrelatedskills from
this knowledgebaseandthe incorporationof theskills
into thelearningprocess.This createstheneedto inte-
gratethe knowledgefrom any numberof sourceskills
into thelearningprocess.

4.2.1 Exploration Control for Multiple Knowledge
Sources

Theoptimalmethodto integrateknowledgefrom mul-
tiple sourcesis not clear. In somecases,a temporally
controlledmultiplexor, suchasthatin Section4.1,may
work well. Note that themultiplexor methodcouldbe
extendedto incorporatemultipleknowledgesources.How-
ever, in somesituationsthatapproachmaynotbeappro-
priate.Considertheexampleof amobilerobotlearning
to navigatethroughaclutteredofficebuilding to deliver
mail. Theprior skills might beavoidanceof staticob-
jects,avoidanceof dynamicobjects,andgoal homing.
It is difficult to know a priori wheneachskill wouldbe
neededin a dynamicenvironment.Thus,this would be
a situationwherethe agentshouldnot be constrained
to useoneskill for somepredeterminedlengthof time.
Also, it is highly desirablefor the agentto incorporate
newly acquiredinformationassoonasit becomesavail-
able.

We proposethat knowledgefrom multiple sources
canbecombinedin the form of weightedactionselec-
tion probabilitydistributions. Thus,theagentcancon-
siderall skills simultaneouslyandnewly learnedinfor-
mationcanbepromptlyincorporatedinto thecontrolof
theagent.

Define ���(Z^� 5*! astheprobabilityof selectingactionZ given the agentis in state 5 . Thus, �����B��� 5*! is the
actionselectiondistribution for skill � R%� ���l�*�l�B����� ,
where � is the numberof sourceskills. Similarly, we
define �

< � ����� 5l! as the distribution for the target skill at
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time � . Let �H� be the weight applied to distribution� R�� ���l�l�*���,��� . Definingthevectors� < 68.� �
< � �B��� 5l!Q���

< � �B��� 5*!��*�l�l�,���
<� �B��� 5*!�SD�� 68V� � � �,� � �l�l�*����� � SD�

andassumingall weightsaregreaterthanor equalto
zero, we can statethe distribution of the exploration
controllermoduleas�)�{�^�
����� 5l! 8 ���� = �[� �

� � �
<

Actions to be executedin the environmentarese-
lectedfrom ���H�^� . Oneapproachis toselectactionsdi-
rectly baseduponthedistribution. A secondapproach,
called � -greedy, is to selectthe greedyaction(i.e., the
actionwith the highest W -value)from this distribution
with aprobabilityof �(�.x��l�(�.x
�*!B!� *� andto selecta
non-greedyactionwith uniformdistributionotherwise.

Clearly, both � -greedyselectionanddirectselection
from � �{�4� have benefitsanddrawbackswhich must
beconsideredduringthedesignof theagent.

4.2.2 Experimental Setup

Thissectiondescribestheexperimentsconductedusing
the experimentalcontroller describedin the previous
section. The task is to navigatethe grid world shown
in Figure 11. The agentmustnavigate from the start
position,markedwith anS, to thegoalposition,marked
with a G without runninginto any objects(shadedar-
eas).

While learning,a reward of +1 is received by the
agentfor enteringthe goalpositionanda rewardof -1
for striking any of thewalls. A rewardof 0 is received
afterall othermoves.Grid world sizesof 10by 10 and
25 by 25 wereused. The learningtask is simplebut
provessufficientto demonstrateknowledgetransfer.

The stateof the agentis composedof the coordi-
natesof the grid squareit occupiesandits orientation.
Theagenthaseightpossibleorientationscorresponding
to theprimaryandsecondarycompassdirections(Fig-
ure 12). This meansthat for a 10 by 10 grid world,
the agenthas �*�¢¡£�l�¢¡3¤ 8 ¤��+� possiblestates.For
a 25 by 25 grid world the numberof statesis 5000.
Theactionsavailableto theagentareto move forward
(FWD),turnclockwise(CW) oneorientationpositionor
turncounter-clockwise(CCW)oneorientationposition.

One must be conscientiousof the differencesbe-
tweenthisstatespaceandothergrid-worldstatespaces.
In this construction,the grid position directly behind

G

S

Figure11: Thegrid world usedin theskill transferex-
periments. The agentstartsat S andnavigatesto the
goalpointG.

theagentis nota neighboringstate.While it is a neigh-
boringgrid position,it takesa sequenceof five actions
to reachthis position(a sequenceof four turns to the
samedirectionfollowedby oneforwardaction).Thus,
thegrid positionsandthe systemstatesdo not have as
obviousof a relationshipasthey do in someothergrid-
worldexamples.Thistypeof representationwaschosen
to betterreflect the behavior of an actualrobot,which
typically hasa distinct front that facesthe directionof
translation.

Theexperimentscomparedrelativelearningratesof
two typesof agents.Oneagentis supplementedwith
skill knowledge(theskill-basedagentor SBA) andthe
otheris not (thetabula rasaagentor TRA). In all other
respects,the agentsarethe identical. Both agentsuti-
lize tabularQ-learningmethods.Thetabularversionof
thealgorithmdoesnot performgeneralizationandwas
chosenfor its simplicity andeaseof analysis.To speed
thelearningprocess,bothagentswesubjectedto expe-
riencereplay[Lin92]. In experiencereplay, the agent
updatesits parameterestimatesaccordingto its previ-
ousepisode,playedin reverseorder. Theagentstill up-
datesits estimatesduringtheepisode.In thework that
Lin performed,only theactionsthatcorrespondedto the
currentpolicy wereusedin theexperiencereplay. We
utilize tabular Q-learningandhenceareableto replay
theentireepisode.

Theskills usedin theSBA areobjectavoidanceand
goalhoming. Objectavoidance(OA) is a hand-written
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W

Figure12: Possibleagentorientationswithin the grid
world (N, NE, E, SE,S,SW, W, NW).

skill thatdirectstheagentaway from objects.Thisskill
assumesthat the agentpossessa sensorthat canview
theeightneighboringgridpositionsanddeterminewhether
or not thereis an obstaclepresent. If thereis no ob-
ject directly in front of theagent,theoutputof theOA
skill is a deterministicpolicy giving probabilityoneto
theFWD actionandprobabilityzeroto theturnactions
(CW andCCW). If thereis an objectdirectly in front
of theagent,theskill givesprobabilityzeroto theFWD
action. The skill thenidentifiesthe non-occupiedgrid
position nearestto forward direction from amongthe
seven remainingneighborcells. The skill policy is to
turnin thedirectionof theunoccupiedcell. In theevent
of atie eachof theturns(CWandCCW)aregivenequal
probabilities(of one-half).

Thestateinformationutilizedby theOA skill is not
directly fed into the learningcontroller. However, the
learningcontrollerwouldeventuallydevelopanequiva-
lentto thisinformationin itsownrepresentationwhether
the object avoidanceskill is provided a priori or not.
The primary differencebetweenthe OA skill and the
representationthat the learningcontrollerwill acquire
is that theOA skill is moregeneral.The learningcon-
trollerwill obtainarepresentationof theexactgridworld
presented.In a sense,it will learna mapof theobject
locationsin this particularworld. TheOA skill is more
generaland is representative of a skill that we might
keepin a skill-base.

Thegoalhoming(GH) skill, unlike theOA skill, is
learned. It is the result of learninga simplified grid-

G

S

Figure 13: grid-world usedto learn the goal homing
skill.

world thatis partially relatedto thetarget learningtask
(Figure13). Theagentlearnsto reachthegoalposition
from the startposition,but thereareno objectsin the
course(except the outerwalls). The skill wastrained
until theagentconvergedupontheoptimalpolicy from
the start position given. It is not necessarilyoptimal
from all pointsin thestatespace.Thepolicy produced
by theGH skill is computedusinga Boltzmandistribu-
tion suchthat

���(Z^� 5*! 8 ¥l¦H§ ? � qQ¨�qQ© NKª ¥ ¦H§ ? � q © ¨
is the probabilityof taking anaction, Z , in a particular
state,5 .
4.2.3 Experimental Results

The resultsof the experimentsshow the SBA outper-
forming theTRA. Weassumeherethatsomecostis as-
sociatedwith eachactiontakenin theenvironmentdur-
ing learning(perhapscomputingexpensesor execution
time). Thus,thenumberof actionsneededto reachthe
goal is usedasa performancemetric. Whencounting
actionstakenby theagent,weoftenusethetermsteps.

Figure14showstherelativeperformanceof thetwo
learningagents.Every 250 learningsteps,the current
greedypolicy of theRL controlleris evaluatedbyrecord-
ing thenumberof stepsneededto reachthegoalstate.

9
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Figure14: Rewardearnedfor a testrunversusthenum-
berof learningstepstakenfor the10 by 10 grid-world.
The skill-basedagentclearly outperformsthe tabula
rasaagent. The resultsarean averageof 30 different
experimentsfor eachagenttype.

Evaluationtiesfor thegreedyactionareresolvedstochas-
tically. At thetimeof actionselection,oneactionis cho-
senwith uniformdistributionover thesetof actionsthat
the controllerhasdeemedequally good. This means
that the agentmay strike many walls beforereaching
thegoalandinitially performswhatis essentiallya ran-
domwalk.

The SBA convergesto the optimal solutionin less
than 2,500 learningsteps(seeFigure 14). The TRA
eventuallyobtainsthesamesolution,but it takesnearly
47,500steps.TheSBA is fasterby nearlya factorof 20
in a world with only 1,224reachablestate-actionpairs.
(Grid positionsthatcontainobjectsareunreachableby
theagentandresultin severalunreachablestate-action
pairs.)

The differenceis even moredramaticin the 25 by
25 tests. This world has9,744reachablestate-action
pairsmakingthis world almosteight timesascomplex
asthe10by 10case.Overthecourseof 20differentex-
periments,theSBA convergesto anoptimalsolutionin
anaverageof lessthan4,000stepswhile theTRA was
found to takewell over 300,000stepson the average.
TheSBA is fasterby a factorof morethan75.

5 Related Work

Muchresearchhasbeenconductedin theareaof explo-
rationfor reinforcementlearningagents.Whitehead[Whi91]
showedthatrandomexplorationin adeterministicworld
was yields a learning time that is exponential in the

numberof states.Thrun [Thr92] showed that directed
explorationcanlearnin time that is polynomialin the
numberof statesfor deterministicenvironments. Di-
rectedexplorationmethodsdonotexplorebasedonran-
domness,but insteaduseotherinformation,suchasstate
visitation counts,to guide the search. Note that di-
rectedexploration may causean off-policy controller
(Figure 4) to diverge. In the samepaper, Thrun also
provesthatlearningtimecanbeexponentialin stochas-
tic environmentsno matterwhatexplorationmethodis
used.Therole of thestate-spacerepresentationhason
explorationandlearningcomplexity hasbeenstudiedin
[KS93].

Therehasbeensomepriorwork in theareaof incor-
poratingprior knowledgeinto a reinforcementlearning
agent.Lin [Lin92] addressestheissueof teachinga RL
agent.In his work, a teacherprovidestheagentwith a
“lesson”.A lessonis ademonstrationof how to achieve
the target taskfrom a given initial state. The learning
information from this demonstratedepisodeis played
backfor theRL agentwhich, in turn,updatesits utility
estimates.This work is limited to using teachersthat
know how to accomplishtheentiretask.A teacherthat
is only sufficient in certainaspectsof the taskmaynot
beof any benefitto the learningagent.Thework also
doesnot addresstheissueof multiple teachers.

Maclin andShavlik [MS96] have createda system
thatincorporatesuser-givenadviceinto areinforcement
learningagent. The user provides adviceby issuing
commandsin animperativeprogramminglanguage.This
adviceis convertedfromrulestoweightsfor anartificial
neuralnetwork(ANN) usingknowledge-basedANN (KBANN)
methodsandis directly installedinto theANN thates-
timatesthevaluefunction.Theirmethodswereempiri-
cally foundto performwell. In anotherstudy, [Mac95]
demonstratesanability toovercome“bad” advice.How-
ever, theirapproachis complex, involving aspecialized
programminglanguageandKBANNs which areoften
have severalhiddenlayers.

Whitehead[Whi91] alsostudiesmethodsfor incor-
poratingprior knowledgeinto thereinforcementlearn-
ing process. He describestwo approaches:learning
with anexternalcritic (LEC) andlearningby watching
(LBW). In LEC, a critic providesfeedbackto theagent
in supplementto the trueenvironmentalrewardsignal.
TheLBW approachis similar to thatusedby Lin.

6 Conclusions and Future Work

We have proposedan intuitive methodfor embedding
previouslylearnedinformationandpriorknowledgeinto
the controllerof a reinforcementlearningagent. This
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methodpromisesdrastic improvementsin the perfor-
manceof the RL agent,reductionsin learning time,
andutilizesa representationthateasesanalysisandin-
creasesintuition into the problem. Furthermore,we
have demonstratedthat this methodcan be appliedto
severaltypesof relevantproblems.

Theresultsof theincrementallearningsection(Sec-
tion 4.1)demonstratethefeasibilityof this approachto
improve theperformanceandreducethe learningtime
of complex taskssignificantly. However, thetargettask
wasdecomposedmanuallyandeachincrementwascho-
senbecauseit appearedto berelevantto accomplishthe
target task. Theperformanceof the incrementallearn-
ing methodis very sensitive to theincrementsselected.
If theincrementswerechosenin amoreByzantinefash-
ion, thentheresultswould decline(comparisionexper-
imentshave beencompletedbut not enoughdatahave
beencollectedat this time). However, theprimarydif-
ferencein resultsis in thelearningtime,not in theper-
formanceof thesystemitself.

Futurework in this areawill involve the automa-
tion of the decompositionof the target task. Though
not mentionedin the resultsportion (Section4.1.3of
theincrementallearningsection,aconsiderableamount
of timewasspentmanuallyselectinganddesigningthe
incrementsfor thetargettask.This automationwill de-
creasetheamountof humaninterventionin thelearning
process,andwould hopefully increasetheoverall time
requiredto learna task.

The resultsof the composableskills section(Sec-
tion 4.2) demonstratethat it is feasibleto incorporate
knowledgefrom multipleskill sourcesinto a reinforce-
ment learningagent. The rateof learningwassignif-
icantly improved whenprior skill knowledgewasem-
beddedin theagent.Thedecreasein learningtime,rel-
ativeto a tabula rasasystem,wasfoundto begreateras
thestatespacesizewasincreased.

It is clearthat the skills utilized in this experiment
(goalhomingandobjectavoidance)arenot bothappli-
cablein all statesof thesystem.It maybemoreappro-
priateto have a weightingfunction thatvariesover the
statespace.However, sucha variationin theweighting
function would be difficult to design. If the designer
knew thebestweightingfunctionbeforehand,theprob-
lem of composingtheskills is alreadysolved. Thus,it
becomesusefulfor theagentto adjustits weightsasit
learnsmoreaboutits environment. The way in which
the agentmodifiesits weightsandthe way in which it
determineswhich weightsto modify are importantis-
sues.Futurework is plannedin thisarea.

The skills utilized werealso highly relatedto the
target skill (finding the goal without collisions). This
high relatednessleadsto a large improvementin learn-

ing rate.If inappropriateskills areselected,it is doubt-
ful that theagentwill outperforma tabula rasasystem
by sucha largemargin. Thus,eitherthedesignermust
alwaysmakegooddecisionsaboutwhich skills to in-
cludeor the agentmustbeableto disregardskills that
turn out to bepoorselections.This behavior, the abil-
ity to ignorebadadvice,would be importantin anau-
tonomousagent. The problemis oneof lowering the
weightof a sourceskill thatprovidesbadactionselec-
tions andis thereforerelatedto the above problemof
varyingweightsin general.

It is notclearfrom thisstudyhow eachskill effected
thelearningprocess.Wefeel thattheinclusionof either
of the skills alonewould have dramaticallyincreased
the speedof learning. The inclusionof a secondskill
may have only offered a small increasebeyond that.
Theeffectsof eachskill mustbebetterunderstoodbe-
fore any weightupdaterule canbe derivedandbefore
cleardesignguidelinescanbelaid out.
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