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Abstract

Reinforcementearninghasrecevved muchattentionin the pastdecade.The primary thrustof this researcthas
focusedon tabula rasalearningmethods. Thatis, the learningagentis initially unavare of its environmentand
mustlearnor re-learneverything. We feel thatthis is neitherrealisticnor effective. While the agentmay startout
with little or no knowledgeof its environment,it mustbe ableto incorporatenew informationinto the learningof
subsequettasksotherwisethelearningeffort is largely wasted.To addresshe shortcoming®f tabula rasalearning,
we presentigenerabndintuitive approachor incorporatingpreviously learnednformationandprior knowledgeinto
thereinforcementearningprocessWe demonstrat¢he potentialof this methodon learningproblemsn the mobile-
robotandgrid-world domainswhereresultsindicatethatlearningtime canbe decreasedWe alsodemonstratéhat
multiple knowledgesourcesanbeincorporatednto thelearningprocess.



1 Introduction

Incorporatingprior knowledgeand previously learned
informationin machinelearningtasksis a subjectthat
is receving increasedhttention. In theseproblems,a
learningagentattemptdo designa controllerthatmax-
imizessomeperformancenetric. For mary tasks,tab-
ularasalearningmaynot be appropriate The designer
of a systemmay have somea priori, domain-specific
knowledgeor the agentitself may have alreadylearned
a task that may prove usefulto the problemat hand.
A methodfor incorporatingthis knowledgeinto arein-
forcementearningcontroller which learnsby actively
exploringits ervironment,would be particularlyuseful.
Throughthe pastforty yearsthe mainthrustof ma-
chinelearningresearcthasbeentowardimproving the
performanceof tabula rasa systems. Mary sophisti-
catedandpowerfultechnique$iave beendevelopedhat
allow a machineto learnataskquickly. Thereareser-
eral notevorthy examplesof machinessurpassinghe
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Figurel: Conceptuatliagramof a RL agent.

agentrecevesanexternalscalarewardsignalfrom the

performancef theirhumancreator(e.g.,[TS92]and[Sam59]grvironment(seeFigurel).

However, theseprogramsusuallylearnthe tasktabula
rasa This is not alwaysdesirable;the designerof a
systemmayhave somea priori, domain-specifiknowl-

edgeor theagentitself mayhave alreadylearnedatask
that may prove usefulto the problemat hand. Often-
times, tabula rasa learningis utilized becausehe in-

ternalrepresentationm the learningalgorithmarenot
well understood.Thus,incorporatingprior knowledge
into suchsystemscan be extremely difficult [Bax94.

Recently researcherbave startedto focuson learning

agentsxploiting previouslylearnednformation[Pra94].

2.1 Markov Decision Processes

In reinforcementearningalgorithms,the ervironment
is implicitly assumedo have the Markov property The
state-to-statéransition probabilitiesof the underlying
Markov chainare conditionedon the action executed.
This type of systemis called a Markov DecisionPro-
cesYMDP). A MDP is specifiedby afinite setof states,
S, afinite setof actions,A, andthe state-to-statéran-
sition probabilitiesp : S x A x S+ [p 13. In words,

We proposeamethodor embeddingreviouslylearned  p(1, 0, 2) istheprobabilityof enteringstate2 by execut-

informationandprior knowledgeinto the controllerof

areinforcementearningagent.This methodutilizesan

intuitive representationscaleswell to large problems
andallows for easyanalysis.

In this paper we give an introductionto reinforce-
mentlearningin Section?, describeour methodfor em-
beddingprior knowledgein Section3, applyourmethod
to a coupleproblemsand give experimentalresultsin
Section4, discussrelatedwork in Section5, andstate
our conclusionsandfuturework in Section6.

2 Reinforcement L earning

In thereinforcementearning(RL) paradigman agent
existsin anernvironment,whetherembodiedn thereal
world or in asimulatedworld [KLM96]. Theagentcan
sensdhe stateof the ervironmentthroughsensorsand
affectits environmentby executingactionsthroughac-
tuators. Furthermore at every discretetime step, the

ing actionO in statel. MDPsalsohave a scalarreward
function,» : S x A x S — R. In words,»(2,1,0)
is the rewardfor enteringstate0 by executingaction1
in state2. A visualizationof a simpleMDP is givenin
Figure2. At eachdiscretetime step,theagentexecutes
an actiongiven by a policy, 7 : S — A. The model
of the ervironmentis consideredo be the functionsp
andr, sincethesefunctionsdescribehow the actionsof
anagentaffect the ervironmentandthe rewardthatthe
agentreceves.

Markov DecisionProcessesvith reward functions
giveriseto two naturalvaluefunctions.Firstis thestate
valuefunction,V : S — R, definedasthe expected
sumof discounteduture rewardsfor a given stateand

policy
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Figure2: A three-stateMDP with two actionsin each
state.
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Wherey € (0, 1] is a discountfactor, similar to an
inflation rate. To the agent,future rewardsare not as
greatasimmediaterewardswhen~y < 1. Intuitively,
V™ (sg) is the amountof reward the agentexpectsto
receve startingfrom states, until theendof time,under
thepolicy .

The othervalue functionis calledthe @-function.
Thisfunction,@ : S x A — R, is definedsimilarly to
the statevaluefunction

A
Q" (s, a) = Es, <r(s0, a,51) + 'YVW(Sl)‘ﬂ', S0, a}

= 3 plsosa, ) (r(so.a,51) + 9V (51))

s1ES

Intuitively, @ (sg, @) is the amountof reward the
agentexpectsto receve by executingactiona starting
in statesy, andthenfollowing the policy = until theend
of time.

The optimalvaluefunctionsaredenotedoy

V*(s) = maxV7"(s),Vs € S

T

Q*(s,a) = m:LXQ”(s, a),Vs € S

For non-pathologicaliDPs,thereexistsanoptimalpol-

icy
m*(s) = argmax@Q*(s,a),Vs € S

thatmaynot bennecessarilyinique[BT96].

2.2 Computing the Optimal Policy

Severaltechniquegxist for computingthe optimalpol-
icy, #*. Thetwo most popularmethodsare Dynamic
ProgrammingDP)[Bel57] andreinforcementearning.
DP requiresan exact model of the ervironment (the
functionsp andr) andfinds the globally optimal so-
lution andRL doesnot requirea modelof the erviron-
mentandfindsalocally optimal solution. RL tendsto
scalebetterto larger real-world problemsthan DP for
thesereasonsThusfor thiswork, we will consideronly
RL algorithmsto computepolicies.

As statedearlier the ervironmentin reinforcement
learningalgorithmsis implicitly assumeo beaMarkov
DecisionProcesandamodelof theervironmentis not
required. Several algorithmsexist thatcancomputean
optimal policy. Q-Learning[Wat89 hasreceved the
bulk of attentionby researchersnostlikely for its sim-
plicity and corvergenceproofs,thoughthe guarantees
oncorvergencearenotpractical.Q-Learningteratively
approximateshe @-functionasfollows

Q(s,a) < (1-0)Q(s, a)+a (p+y maxQ(5,a)) (1)

Wherea € (0, 1] is a step-sizeparametery is the dis-
countrate, p is the reward receved from the environ-
ment(thisshouldbeanunbiasedamplingof thereward
functionr), ands is the resultantstateafterthe current
time step. WatkinsshavedthatQ(s, a) from (1) is an
asymptoticallyunbiasecdestimatorof Q* (s, «) for real-
istic assumptions.Thus, the following policy will be
optimalin thelimit

7(s) = arg maxQ(s, a)

Note that a model of the ervironment(the functionsp
andr) is not usedto computethis unbiasedestimate.
This meansthat with no prior knowledgeor dynami-
cal model,anagentcancomputethe optimalpolicy. In
practice,however, we usually settlefor a locally opti-
mal policy dueto time considerationsSinceno model
of theervironmentis usedin RL, theervironmentmust
be exploredthroughtrial-and-errorso that the samples
of the reward signal, p, approximatethe true expecta-
tion of therewardfunction,r.

2.3 Reinforcement Learning Controllers

In reinforcementlearning, the controller of an agent
is eitheron-policy or off-policy. On-policy controllers
(Figure 3) executeactionsthat affect the environment.
Thus, the RL algorithmis determiningwhich actions
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Figure3: An on-policy RL controllerexecutesactions
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Figure4: An off-policy RL controllercancomputean
optimal policy but the staticcontrollerexecutesactions
thataffecttheervironment.

theagentwill executein a givenstate.Off-policy con-
trollers (Figure4) obsenre the actionsthat a staticcon-
troller executesanddo not determinavhich actionsthe
agentwill execute. The off-policy controlleris not at-
temptingto mimic the staticcontroller, but determining
whichactionswill maximizetherewardsignalfrom the
state-actiorxamplesthe staticcontrollerpresentst.

2.4 Generalization and Function Approx-
imators

Typically, generalizatiomcrossimilarstatess desired.
To this end, controllersnormally representhe value
functionin aparameterizetiinctionapproximatorsuch
asan artificial neuralnetwork (ANN). This may allow
theagentto visit the statedessoftento geta goodesti-
mateof the expectationof the rewardfunction, r, from
the samplesp. However, thereareno convergencere-
sultsfor eitheron- or off-policy controllerswhennon-
linear approximatorge.g., sigmoidal multi-layer per
ceptrons)are used. Furthermorethe useof function
approximationgvenlinearmappingsmay resultin di-
vergenceor oscillationin off-policy controllers[Bra93
Bai95 BM95, TVR95. The fundamentatauseof di-
vergenceis thatthe stateghe staticcontrollervisits are
dravn from a differentdistribution than the off-policy
controllerwould generate. Thus, as the distributions
becomefurtherapart,the off-policy controllermay be-

comemorelikely to diverge. However, researchersave
continuedo usefunctionapproximatorsincethe ben-
efitsof generalizatiomormally out-weightthesepoten-
tial problems.

2.5 Exploration of the Environment

Sincea reinforcementearningagentmust explore its

ervironmentthroughtrial-and-erroymary method$have
beendevisedto biasthis exploration. Thesemethods
rangefrom quite simpleto exceedinglycomple, and
eachhasits advantagesanddravbacks.

The mostsimpleexplorationstratey is to takeran-
dom actionsperiodically [Luc59, Wat89. However,
thesemethodsdo a poorjob of reachingstateshatare
difficult to enterandtendto be myopic.

More elaboratemethodsattemptto build a model
of the ervironment, primarily the p-function, and de-
terminewhich exploratoryactionsto takebasedon this
model[MA93, WS98]. Constructinga modelof theen-
vironmentcanbedifficult in termsof memoryandcom-
putationandcanbe problematiovhenthe environment
is dynamic.

Another methodof biasingthe explorationis aug-
mentingthe rewardfunction, r, to alterthe behaior of
the agent[Mat94]. When maximizing the alteredre-
ward signal, the agentmay not be improving its true
performancemetric, just the augmentatiorof the re-
wardfunction. Sothedesignemayspendaninordinate
amountof time trying to get the reward function “just
right”, asopposedo having theagentearnthetask.

For furtheranalysioof variousexplorationtechniques,
thereadeiis referredto [Whi91, KS93,Lin92, Thr92].

2.6 Incorporating Prior Knowledge

Incorporatingprior knowledge into machinelearning
taskshasreceved anincreasingamountof attentionin
recentyears. Primarily, knowledge transferbetween
prior knowledgeand a new, unlearnedtask hasdealt
with ANNs. Most researcherfave focusedon trans-
ferring the synapticweightsof the ANN usedin the
prior task and mappingthemto help the agentin the
new task. The weightsfrom the first ANN typically
pasgthroughatask-specifistatemappingfunctionthat
transformsthe weightsinto the state-spacef the new
task (seeFigure5). This methodof incorporatingpre-
vious knowledgesuffers from two seriousdravbacks.
First, and mostcritically, is that constructingthe state
mappingfunctionis task specificand canbe quite dif-
ficult. For all but the mosttrivial tasks,the function
will be non-linearand not corvex. Second,transfer
ring weightscandegradethe performancef theagentf
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Figure5: Transferringthe synapticweightsof an ANN
betweertasks.

the prior knowledgeandmappingfunctionarenot cho-
senproperly[SS93. Thisphenomenois called“catas-
trophicinterference”.

Furthermoretherepresentationsedoy mostANNs
isnotwell understoodThereforetransfermethodgend
to besomeavhatad hoc

3 Embedding Prior Knowledge

We proposeto embedprior knowledgeand previously
learnedaskddirectlyinto thecontrollerof thereinforce-
mentlearningagent. The methodsdescribedhereare
scalable,general,intuitive and can be smoothlyinte-
gratedwith existing reinforcementearningtechniques.

3.1 KnowledgeTransfer viaGuided Explo-
ration

Using an off-policy RL controller scheme(Figure 4),
we canembedthe prior knowledgeinto the staticcon-
troller while learningthe valuefunctionestimateabula
rasa In essencewe guidethe exploration of the RL
agenttoward an expectedinterestingareaof the state
space(i.e., aregion of high reward or high knowledge
gain). A major benefitof this approachs thatary con-
troller thatmapsstatego actionscanbeusedasa prior
knowledgesource. Neitherthe representatiomor the
statespaceof the prior knowledgecontroller needbe
thesameasthatof thelearningcontrollet

In orderfor knowledgetransferto occurbetweerthe
controllers,the learningagentmustbe capableof ob-
servingrelevantervironmentfeaturesandableto repre-
sentthe knowledgeinternally. For example,if the prior
knowledgeinstructstheagento rechageits powersup-
ply every dayat noon,but the RL controllercannotob-
sene the time of day, thenthe learningagentcannot
learnthisbehaior. We call thisastate-spaceeficiency
On the other hand, if the prior knowledge controller
usesa history of eventsto makea decision,a reactve
RL agentwill not be ableto learnthis taskeven if it
canobsere all of the relevant ervironmentalfeatures.
We callthisarepresentationatieficiency While thede-
signemustconsidetheabove issuesthe overalltaskis
greatlysimplified whencomparedo otherapproaches
(cf. Section2.6). No longerdoesthe designethave to
determinethe exact mappingbetweenone knowledge

representatiomnd another With this method,the de-
signeronly needdeterminavhethersucha mappingex-

ists. Anotherbenefitof this methodis thatnorestriction
is placedonthe numberof prior knowledgesourceghat
canbe presentedo theagent.

Anotherbenefitof this methodis thatit allows the
agentto utilize morethanone prior knowledgesource.
While it may be possibleto createa functionthatmaps
informationfrom onerepresentatioto anotherthetask
is madeeven more difficult when multiple sourcesof
informationareconsideredThe methodwe presentl-
lows for the possibility of having multiple knowledge
sourcesguide the exploration of the RL agent. This
may involve multiplexing the sourcedor controlof the
agentor fusingthe actionselectiondistributionsof the
sourcesThisallowsthelearningagento sampleall the
actionssuggestedy the knowledgesourcesanddeter
minewhich, if ary, is best.

As describedn Section2.4, an off-policy method
maycauseheRL controllerto diverge. Thisis because
the prior knowledgewill visit the statesaccordingto a
differentdistribution thanwould the policy that max-
imizes the currentreward function. If this were not
the casethen the prior knowledge maximizesthe re-
wardfunctionandthetaskis solvedaryway. Thus,we
slightly augmenthis schemen orderto bring the state-
visitationdistributionscloserin-line.

3.2 Exploration Control Module

We have augmentedhe off-policy RL agentto include
an exploration control module (Figure 6). The explo-
rationcontrolmoduleselectgheactionsto beexecuted
in the ervironmentfrom ary numberof input sources.
The selectionanadeby this modulereflectthe distri-
butions of all input controllers(i.e., the prior knowl-
edgeand RL controllers). Thus,the exploration con-
trol modulecan be designedo have a state-visitation
distribution thatis arbitrarily similar to that of the RL
controller This alleviatesthe divergenceproblemsof
strict off-policy controllers. Sincethis methodusesan
augmentedff-policy controller, the body of research
developedfor improving exploration(discussedh Sec-
tion 2.5) canbe usedin the controller The off-policy
controllerneednot necessarilygelectthe greedyaction,
but may incorporatethe more sophisticatedstratgies,
whentheexplorationcontrolmoduleselectgheactions
from off-policy controllet

Theobjectivesof theexplorationcontrolmoduleare
simple: heavily biasthe initial explorationtoward the
actionsselectedvy the prior knowvledgeand move the
state-visitatiordistribution closerto thatof theRL con-
troller asit learnsmoreinformation. Theseobjectives
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Figure 6: This schemeallows the embeddingof prior
knowledgedirectly into the staticcontroller Theselec-
tion criterionof the ExplorationControlModulecanbe
adjustedo eliminatedivergenceconcerns.

canbe achieved by a variety of methods. Two differ-
ent implementationf the exploration controller are
describedn Sectioré4.

The first methodis presentedn the context of an
incrementalearningproblem. The agentslearnmore
difficult problemsincrementallywith the learnedcon-
troller from one stepacting asthe prior knowledgeto
learnthe next, moredifficult problem. The exploration
controlmoduleusedis a multiplexor thatalternatede-
tweenone of the two controllersfor a fixed numberof
learningsteps.

Thesecondxplorationcontrollerexamineds in the
contet of composableskill synthesis.A setof source
skills is usedasprior knowledge. The sourceskills are
tasksrelatedto thetargettask. A skill is viewedasare-
active mappingof statedo actions.Theaction-selection
distribution of eachskill, alongwith the distribution of
theRL controller arelinearly combinedto form anex-
plorationdistribution. The exploration controllerthen
selectsactionsfrom this distribution.

4 Applications

In this section,we demonstratehat our approachfor
embeddingrior knowledgecanbeusedto improve the

performancanddecreasghelearningtimeof RL agents.

Oneexampleis takenfrom the simulatedmobile-robot
domain, the otherfrom the grid-world arena. In Sec-
tion 4.1, we useour approacho solve a comple task
incrementallyand,in Section4.2,to utilize previously
learnedskills to composenew skills.

4.1 Incremental Learning

Inincrementalearningalarge,complex taskis decom-
posednto smallersub-taskslf thetaskis decomposed
properlythen solving all the sub-taskamay be easier
than solving the entire task, and by solving the sub-
tasks,a solutionto the target taskis found. By easier
we meanthatsomeobjectve measuref performancés
greaterthan(or lessthan,asthe casemaybe)thesame
objectve measureesultingfrom usinganothemethod-

ology.

4.1.1 Description of Problem

To demonstrat@ur approachn the incrementalearn-
ing domain,we selecteca gameof mobilerobot“tag”.
In this game,therethreemobile robots: two Runners
andone Defender The Runnersattemptto move to a
goal locationandthe Defenderattemptsto stopeither
Runnerfrom reachinghegoal. Thegameis picturedin
Figure7. Thetaskis to find a policy for both Runners
thatmaximizedts expectedsumof futurerewards.The
policy for the Defenderis fixed and doesnot change
duringthe courseof this experiment. Therewardfunc-
tion for the Runnerds +1 for reachingthe goal, -1 for
beingtagged(i.e., within onemeterof the Defender)r
moving too far awvay (greaterthantenmeters)rom the
goal,andzerootherwise. A gamebeginswith the Run-
nersrandomlydistributedaroundadisctenmetersaway
from the goalandthe Defendetin the goallocation. A
gameendswheneitherRunnerentersthe goallocation
or the Defendettagsoneof theRunners All robotsare
restartedandthe processs repeatedThe rewardfunc-
tion is not sharedbetweerthe Runnersia Runneronly
receves a reward whenit scores,is tagged,or moves
too far from the goal, and receves no credit for what
the other Runnerdoes. Thus, thereis no explicit at-
temptto encouragéhe Runnergo collaborate Collab-
orationmustbe learnedthroughattemptsto maximize
theindividual reward functionof the Runner The con-
trol softwarewaswritten usingthe Port-BasedAdapt-
able Agent Architecture[DPKOQ] andthe simulations
were executedusingthe Realand Virtual Environment
enginel]DDH*99].

4.1.2 Experimental Setup

To compareheperformancef theincrementamethod
versustahbula rasg we decidedthat both setsof Run-
nerswould learnfor 4,000games.For theincremental
method,the taskwasmanuallydecomposedhto three
steps.First, oneRunnerplays 100 gamesby itself (no
Defenders)Basically theRunnewill learnto move di-
rectly for the goal. Next, the Runnerusesthe ability to
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Figure7: Thetaggameusedto demonstraténcremen-
tal learning.

gotothegoalasthe previouslylearnednformationin a
seriesof 1,900gameswhereone Runnerplaysagainst
oneDefender This incrementallows therobotto learn
how to scorewhen a Defenderis attemptingto tag it.
Finally, two Runnersusethis asthe previously learned
informationfor 2,000gamesagainsioneDefender

The simulatedrobotswere equippedwith a omni-
directionalcamerathat allows the robot to determine
the relative distanceand bearingto the Runners,De-
fender andgoal (orientationand velocity of thoseob-
jects cannotbe determinedwithout further processing
of the sensorinformation and was disregarded). The
distanceaverediscretizednto eight concentriccircles
andthebearingsverediscretizednto eightpie-wedges
(Figure8) andeach'bin” in the state-spaces assigned
auniquenumber Usingthis schemeequires2® states
to representhe distanceandbearingof a singleobject.
Sincetherearethreeobjectsin the game(the goaland
the two otherrobots),thereare2'® = 262, 144 states
in thesystem.Q-Learningwasselectedasthe RL algo-
rithm anda single-layerperceptrorwaschoseno rep-
resenthe )-function.

It is importantto notethatall the above decisions
weremadeprior to ary resultfrom thesamethodsFour-
thousandgamesseemedike a reasonablenumberof
gamesto allow the Runnersto develop a sufficiently

goodstratgy for scoring.Similarly, thenumbernf games

at eachincrement(100then1,900then2,000)seemed
like areasonableumberof gamego learnthe sub-task
andwaschoserbeforeresultswereobtained.

4.1.3 Experimental Results

After both the incrementalandtabula rasacontrollers
hadlearnedfor 4,000gameswe computeperformance

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

metricsby allowing the Runnersplay againstthe De-

fenderfor 2,500games Eachgames viewedasaBernoulli

trial, andthe probability of scoringfrom the Bernoulli
trial is viewedasthe performancenetric. The probabil-
ity of scoringfor the tabula rasaRunnerswas0.2916
while the incrementallearningRunnershad a 0.5724
probabilityof scoring.This is almosta 100percenim-
provementin performance.The error barson Figure9
indicatethe95 percentonfidencentervalsontheprob-
ability of scoring. Furthermorethe tabula rasa Run-
nerstook 9.6 simulationdaysto learnduringthe 4,000
gameswhile theincrementalearningRunnergook 3.6
simulationdays,asshavn in Figure10. Thisis anim-
provementof 166 percent.(A simulationdayis equi-
alentto the numberof daysof executionin real time,
multiplied by the simulationrate. Thus, a simulation
thattook onedayof realtime to complete andthe sim-
ulationratewastento one,would be equialentto ten
simulationdays.)

Fromtheseesultsit is clearthatincrementalearn-
ing using our methodcandrasticallyimprove the per
formanceanddecreaséhetime requiredo learnatask.

4.2 Composable Skill Synthesis

In composablekill synthesisaproblemis brokendown
into a setof basicskills thatthe agentmustposses
orderto completethe task. Using the knowledge of
thesebasicskills, theagentmaylearnthemorecomplex
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Figure 10: The numberof simulationdaysrequiredto
play the4,000gamesdn thelearningphase.

target problemmorequickly thanif therewasno prior

skill knowledge. The motivationof this work is to en-
couragehereuseof previously acquirecknowledgeand
promotethe composablilityof autonomousystemsin

the context of this work, a skill is definedasa reactve

mappingof statego actions.Hence ary policy learned
by a RL agentqualifiesas a skill. Additionally, this
mappingpolicy neednotbedeterministic.

In the incrementallearning problemof the previ-
oussection the policy from a particularlearningincre-
mentcan be considered skill thatis provided to the
agentlearningthe next, more difficult problem. The
contrastetweerthework in this sectionandtheincre-
mentallearningwork is that this sectionassumeshe
pre-e&istenceof somesetof skills from whichtheagent
candrav knowledge.Now, thetaskof the designeibe-
comesthe selectionof appropriatelyrelatedskills from
this knowledgebaseandtheincorporationof the skills
into thelearningprocess.This createghe needto inte-
gratethe knowledgefrom ary numberof sourceskills
into thelearningprocess.

421 Exploration Control for Multiple Knowledge
Sources

The optimal methodto integrateknowledgefrom mul-
tiple sourceds not clear In somecasesatemporally
controlledmultiplexor, suchasthatin Section4.1, may
work well. Note thatthe multiplexor methodcould be
extendedo incorporatemultiple knowledgesourcesHow-
ever, in somesituationghatapproachmaynotbeappro-
priate.Considethe exampleof amobilerobotlearning
to navigatethrougha clutteredoffice building to deliver
mail. The prior skills might be avoidanceof staticob-
jects,avoidanceof dynamicobjects,andgoal homing.
It is difficult to know a priori wheneachskill would be
neededn a dynamicernvironment. Thus,this would be
a situationwherethe agentshouldnot be constrained
to useoneskill for somepredeterminedengthof time.
Also, it is highly desirablefor the agentto incorporate
newly acquirednformationassoonasit becomeswvail-
able.

We proposethat knowledgefrom multiple sources
canbe combinedin theform of weightedactionselec-
tion probability distributions. Thus,the agentcancon-
siderall skills simultaneouslyandnewnly learnedinfor-
mationcanbe promptlyincorporatednto the controlof
theagent.

Definep(a|s) asthe probability of selectingaction
a given the agentis in states. Thus, p;(+|s) is the
actionselectiondistribution for skill i € {1,..., N},
where N is the numberof sourceskills. Similarly, we
definepl,(+|s) asthe distribution for the target skill at



time ¢. Let w; be the weight appliedto distribution
j €10,..., N}. Definingthevectors
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and assumingall weightsare greaterthanor equalto
zero, we can statethe distribution of the exploration
controllermoduleas

PECM('|S) =~ WP

Actions to be executedin the ervironmentare se-
lectedfrom pgc . Oneapproachsto selectactionsdi-
rectly baseduponthedistribution. A secondapproach,
callede-greedy is to selectthe greedyaction(i.e., the
actionwith the highest@-value)from this distribution
with aprobabilityof (N — ¢(N — 1))/N andto selecta
non-greedyactionwith uniform distribution otherwise.

Clearly, bothe-greedyselectiomanddirectselection
from pgcar have benefitsand dravbackswhich must
be consideredluringthedesignof theagent.

4.2.2 Experimental Setup

This sectiondescribeshe experimentonductedising
the experimentalcontroller describedin the previous
section. The taskis to navigatethe grid world shavn
in Figure11. The agentmustnavigate from the start
position,markedwith anS to thegoalposition,marked
with a G without runninginto ary objects(shadedar
eas).

While learning,a reward of +1 is receved by the
agentfor enteringthe goal positionanda reward of -1
for striking ary of thewalls. A reward of O is receved
afterall othermoves. Grid world sizesof 10 by 10 and
25 by 25 were used. The learningtaskis simple but
provessufiicientto demonstrat&nowledgetransfer

The stateof the agentis composedf the coordi-
natesof the grid squareit occupiesandits orientation.
Theagenthaseightpossibleorientationsorresponding
to the primary andsecondarycompasglirections(Fig-
ure 12). This meansthatfor a 10 by 10 grid world,
theagenthas10 % 10 * 8 = 800 possiblestates. For
a 25 by 25 grid world the numberof statesis 5000.
The actionsavailableto the agentareto move forward
(FWD), turn clockwise(CW) oneorientatiorpositionor
turncounterclockwise(CCW)oneorientationposition.

One must be conscientiousof the differencesbe-
tweenthis statespaceandothergrid-world statespaces.
In this construction,the grid position directly behind

Figure11: Thegrid world usedin the skill transferex-
periments. The agentstartsat S and navigatesto the
goalpointG.

theagentis nota neighboringstate.While it is a neigh-
boringgrid position, it takesa sequencef five actions
to reachthis position (a sequencef four turnsto the
samedirectionfollowed by oneforwardaction). Thus,
the grid positionsandthe systemstatesdo not have as
obviousof arelationshipasthey doin someothergrid-

world examples.Thistypeof representatiowaschosen
to betterreflectthe behaior of an actualrobot, which

typically hasa distinctfront that facesthe direction of

translation.

Theexperimentcomparedelative learningratesof
two typesof agents. One agentis supplementedvith
skill knowledge(the skill-basedagentor SBA) andthe
otheris not (thetabula rasaagentor TRA). In all other
respectsthe agentsarethe identical. Both agentsuti-
lize talular Q-learningmethods.The takular versionof
the algorithmdoesnot performgeneralizatiorandwas
choserfor its simplicity andeaseof analysis.To speed
thelearningprocesshothagentave subjectedo expe-
riencereplay[Lin92]. In experiencereplay the agent
updatedts parameteestimatesaccordingto its previ-
ousepisodeplayedin reverseorder Theagentstill up-
datesits estimategluringthe episode.In the work that
Lin performedpnly theactionsthatcorrespondetb the
currentpolicy wereusedin the experiencereplay We
utilize takular Q-learningandhenceare ableto replay
theentireepisode.

Theskills usedin the SBA areobjectavoidanceand
goalhoming. Objectavoidance(OA) is a hand-written
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Figure 12: Possibleagentorientationswithin the grid
world (N, NE, E, SE,S,SW, W, NW).

skill thatdirectstheagentaway from objects.This skill
assumeshat the agentpossess sensoithat canview

theeightneighboringgrid positionsanddeterminavhether

or not thereis an obstaclepresent. If thereis no ob-

jectdirectly in front of the agent,the outputof the OA

skill is a deterministicpolicy giving probability oneto

the FWD actionandprobabilityzeroto theturnactions
(CW and CCW). If thereis an objectdirectly in front

of theagenttheskill givesprobabilityzeroto the FWD

action. The skill thenidentifiesthe non-occupiedyrid

position nearesto forward direction from amongthe
seven remainingneighborcells. The skill policy is to

turnin thedirectionof theunoccupiectell. In theevent
of atie eachof theturns(CW andCCW) aregivenequal
probabilities(of one-half).

The stateinformationutilized by the OA skill is not
directly fed into the learningcontroller However, the
learningcontrollerwould eventuallydevelopanequia-
lentto thisinformationin its own representatiowhether
the object avoidanceskill is provided a priori or not.
The primary differencebetweenthe OA skill andthe
representatiothat the learningcontrollerwill acquire
is thatthe OA skill is moregeneral. The learningcon-
trollerwill obtainarepresentationftheexactgrid world
presentedin a senseijt will learna mapof the object
locationsin this particularworld. The OA skill is more
generalandis representate of a skill that we might
keepin askill-base.

The goalhoming(GH) skill, unlike the OA skill, is
learned. It is the resultof learninga simplified grid-

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

world thatis partially relatedto the targetlearningtask
(Figure13). Theagentlearnsto reachthe goalposition
from the start position, but thereare no objectsin the

course(exceptthe outerwalls). The skill wastrained
until the agentcorvergeduponthe optimal policy from

the start position given. It is not necessarilyoptimal

from all pointsin the statespace.The policy produced
by the GH skill is computedusinga Boltzmandistribu-

tion suchthat

¢Q(s,0)
plals) = I

a'€cA

is the probability of taking anaction, a, in a particular
state,s.

4.2.3 Experimental Results

The resultsof the experimentsshov the SBA outper
formingthe TRA. We assumdnerethatsomecostis as-
sociatedwvith eachactiontakenin the ervironmentdur-
ing learning(perhapsomputingexpense®r execution
time). Thus,the numberof actionsneededo reachthe
goalis usedasa performanceametric. Whencounting
actionstakenby theagentwe oftenusethetermsteps
Figurel4 shavstherelative performancef thetwo
learningagents. Every 250 learningsteps,the current
greedypolicy of theRL controlleris evaluatedby record-
ing the numberof stepsneededo reachthe goalstate.
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Figurel4: Rewvardearnedor atestrunversughenum-
berof learningstepstakenfor the 10 by 10 grid-world.
The skill-basedagentclearly outperformsthe tabula
rasaagent. The resultsarean averageof 30 different
experimentdor eachagenttype.

Evaluationtiesfor thegreedyactionareresohedstochas-
tically. At thetime of actionselectionpneactionis cho-
senwith uniformdistributionover the setof actionsthat
the controller has deemedequally good. This means
that the agentmay strike mary walls beforereaching
thegoalandinitially performswhatis essentiallyaran-
domwalk.

The SBA corvemesto the optimal solutionin less
than 2,500 learning steps(seeFigure 14). The TRA
eventuallyobtainsthe samesolution,but it takesnearly
47,500steps.The SBA is fasterby nearlyafactorof 20
in aworld with only 1,224reachablestate-actiompairs.
(Grid positionsthat containobjectsareunreachabld&y
the agentandresultin severalunreachablstate-action
pairs.)

The differenceis even more dramaticin the 25 by
25 tests. This world has 9,744 reachablestate-action
pairsmakingthis world almosteight timesascomple
asthe10by 10 case.Overthecourseof 20 differentex-
perimentsthe SBA corvergesto anoptimalsolutionin
anaverageof lessthan4,000stepswhile the TRA was
found to take well over 300,000stepson the average.
The SBA is fasterby a factorof morethan75.

5 Related Work

Muchresearcthasbeenconductedn theareaof explo-

rationfor reinforcementearningagents WhiteheadWhi91]

shavedthatrandomexplorationin adeterministiovorld
was yields a learningtime that is exponentialin the
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numberof states. Thrun[Thr92] shoved that directed
explorationcanlearnin time thatis polynomialin the
numberof statesfor deterministicervironments. Di-
rectedexplorationmethodslo notexplorebasednran-
domnesshutinsteaduseotherinformation,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
provesthatlearningtime canbe exponentialin stochas-
tic ervironmentsno matterwhat exploration methodis
used. Therole of the state-spaceepresentatiomason
explorationandlearningcompleity hasbeenstudiedn
[KS93].

Therehasbeensomeprior work in theareaof incor
poratingprior knowledgeinto a reinforcementearning
agent.Lin [Lin92] addressetheissueof teachinga RL
agent.In hiswork, ateacheprovidesthe agentwith a
“lesson”. A lessoris ademonstratiof how to achieve
the tamgettaskfrom a giveninitial state. The learning
information from this demonstrate@pisodeis played
backfor the RL agentwhich, in turn, updatests utility
estimates. This work is limited to usingteacherdhat
know how to accomplisithe entiretask. A teachethat
is only sufficientin certainaspectof the taskmay not
be of ary benefitto the learningagent. The work also
doesnot addressheissueof multipleteachers.

Maclin and Sharlik [MS96] have createda system
thatincorporatesisergivenadviceinto areinforcement
learningagent. The user provides advice by issuing
commands$n animperatve programmindanguageThis
adviceis corvertedfromrulesto weightsfor anartificial

neuralnetwork(ANN) usingknowledge-baseANN (KBANN)

methodsandis directly installedinto the ANN thates-

timatesthevaluefunction. Their methodsvereempiri-

cally foundto performwell. In anotherstudy [Mac95]

demonstrateanability to overcome'bad” advice.How-

ever, theirapproachs comple, involving aspecialized
programminganguageand KBANNSs which are often

have several hiddenlayers.

WhiteheadWhi91] alsostudiesmethoddor incor-
poratingprior knowledgeinto the reinforcementearn-
ing process. He describeswo approaches:learning
with an externalcritic (LEC) andlearningby watching
(LBW). In LEC, acritic providesfeedbacko theagent
in supplemento the true ervironmentalreward signal.
The LBW approachs similarto thatusedby Lin.

6 Conclusionsand Future Work

We have proposedan intuitive methodfor embedding
previouslylearnednformationandprior knowledgeinto
the controller of a reinforcementearningagent. This



methodpromisesdrasticimprovementsin the perfor
manceof the RL agent,reductionsin learningtime,
andutilizes a representatiothateasesanalysisandin-
creasedntuition into the problem. Furthermore,we
have demonstratedhat this methodcan be appliedto
severaltypesof relevantproblems.

Theresultsof theincrementalearningsection(Sec-
tion 4.1) demonstrat¢he feasibility of this approacho
improve the performanceandreducethe learningtime
of complex taskssignificantly However, thetargettask
wasdecomposethanuallyandeachincrementvascho-
senbecausé appearedo berelevantto accomplistthe
targettask. The performanceof the incrementalearn-

ing methodis very sensitve to theincrementselected.

If theincrementsverechoserin amoreByzantinefash-
ion, thenthe resultswould decline(comparisiorexper
imentshave beencompletedout not enoughdatahave
beencollectedat this time). However, the primary dif-
ferencen resultsis in the learningtime, notin theper
formanceof the systemitself.

Futurework in this areawill involve the automa-
tion of the decompositiorof the tamget task. Though
not mentionedin the resultsportion (Section4.1.3 of
theincrementalearningsectionaconsiderablamount
of time wasspentmanuallyselectinganddesigninghe
incrementdor thetargettask. This automatiorwill de-
creaseheamountof humaninterventionin thelearning
processandwould hopefully increasehe overall time
requiredto learnatask.

The resultsof the composableskills section(Sec-
tion 4.2) demonstratehat it is feasibleto incorporate
knowledgefrom multiple skill sourcesnto areinforce-
mentlearningagent. The rate of learningwas signif-
icantly improved when prior skill knowledgewasem-
beddedn theagent.Thedecreasén learningtime, rel-
ativeto atabularasasystemwasfoundto begreateras
the statespacesizewasincreased.

It is clearthatthe skills utilized in this experiment
(goalhomingandobjectavoidance)arenot both appli-
cablein all statesf the system.Ilt maybe moreappro-
priateto have a weightingfunctionthatvariesover the
statespace However, sucha variationin theweighting
function would be difficult to design. If the designer
knew thebestweightingfunction beforehandthe prob-
lem of composingheskills is alreadysolved. Thus, it
becomeasefulfor the agentto adjustits weightsasit
learnsmore aboutits ervironment. The way in which
the agentmodifiesits weightsandthe way in which it
determineswvhich weightsto modify areimportantis-
sues Futurework is plannedn thisarea.

The skills utilized were also highly relatedto the
target skill (finding the goal without collisions). This
high relatednesteadsto a large improvementin learn-
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ing rate. If inappropriateskills areselectedit is doubt-
ful thatthe agentwill outperformatabula rasasystem
by sucha large magin. Thus,eitherthe designemust
alwaysmakegood decisionsaboutwhich skills to in-

cludeor the agentmustbe ableto disregardskills that
turn out to be poor selections.This behaior, the abil-

ity to ignorebadadvice,would beimportantin anau-
tonomousagent. The problemis one of lowering the
weightof a sourceskill thatprovidesbadactionselec-
tions andis thereforerelatedto the above problemof

varyingweightsin general.

It is notclearfrom this studyhow eachskill effected
thelearningprocessWefeelthattheinclusionof either
of the skills alonewould have dramaticallyincreased
the speedof learning. The inclusionof a secondskill
may have only offered a small increasebeyond that.
The effectsof eachskill mustbe betterunderstoode-
fore ary weightupdaterule canbe derived andbefore
cleardesignguidelinescanbelaid out.
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