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Abstract

This paper addressesthe problem of reinforcement
learning in continuousdomainsthrough teachingby
demonstration.Our approachis basedon the Contin-
uousU-Tree algorithm, which generatesa tree-based
discretizationof a continuousstatespacewhile apply-
ing generalreinforcementlearningtechniques.We in-
troduceamethodfor generatingapreliminarystatedis-
cretizationandpolicy from expertdemonstrationin the
form of a decisiontree. This discretizationis usedto
bootstrapthe ContinuousU-Tree algorithmandguide
the autonomouslearningprocess.In our experiments,
we show how a small numberof demonstrationtrials
providedby anexpertcansigni�cantly reducethenum-
berof trialsrequiredto learnanoptimalpolicy, resulting
in asigni�cant improvementin bothlearningef�ciency
andstatespacesize.

Intr oduction
Reinforcementlearningis a machinelearningframework in
which anagentexploresits environmentthrougha seriesof
actions,andin returnreceivesrewardfrom theenvironment
(Kaelbling,Littman,& Moore1996).Thegoalof theagent
is to ®nd a policy mappingstatesto actionsthatwill maxi-
mizeits cumulative rewardover time. This typeof problem
is typically formalizedasaMarkov DecisionProcess(MDP)
(Howard1960),with discretetimestepsanda ®nite number
of statesandactions.

The above formulation is widely used in the ®eld of
robotics,but its applicationleadsto two considerablechal-
lenges.The®rst is that insteadof discretestates,our world
is morenaturallyrepresentedasa continuous,multidimen-
sionalstatespace.Thesecondis thattherequirednumberof
learningtrials canoftenbeprohibitively largefor execution
on realroboticsystems.

To addressthe problem of continuousstate spaces,a
numberof discretizationtechniqueshave beendeveloped
thatsplit thespaceinto a smallernumberof generalstates.
Known as variable resolution methods,thesealgorithms
generatenon-uniformstateswhereeachdiscretestateregion
generalizesover somenumberof similar real-world states.
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Examplesof suchalgorithmsinclude the Parti-gamealgo-
rithm (Moore& Atkeson1995),theContinuousU-Treeal-
gorithm(Uther& Veloso1998),VQQL (Fernandez& Bor-
rajo 2000), and VariableResolutionDiscretization(VRD)
(Munos& Moore2002).

Additionally, a signi®cant amount of researchhas fo-
cusedon thechallengeof reducingthenumberof trials re-
quiredfor learning.A powerful techniqueexploredover the
yearshasbeenteachingby demonstration,or apprentice-
ship learning(Kaiser& Dillmann 1996;Atkeson& Schaal
1997;Chen& McCarragher2000;Smart& Kaelbling2002;
Nicolescu& Mataric2003;Abbeel& Ng 2004). In this ap-
proach,humandemonstrationis usedin combinationwith
autonomouslearningtechniquesto reducethelearningtime.

In this paper, we presenta generalframework designed
for high level, behavior-basedcontrol in continuousdo-
mains, that naturally combines variable resolution dis-
cretizationtechniqueswith teachingby demonstration.We
validate our approachusing the ContinuousU-Tree dis-
cretizationalgorithm, an extensionof the original U-Tree
algorithmfor discretestatespaces(McCallum 1996). We
show how a smallnumberof demonstrationseffectively re-
ducesthelearningtime of thealgorithm,aswell asthesize
of the®nal statespace.

The ContinuousU-TreeAlgorithm
The ContinuousU-Tree algorithm (Uther & Veloso1998)
is a variable-resolutiondiscretizationmethodfor reinforce-
mentlearningin continuousstatespaces.Thealgorithmcan
be appliedto a mixture of continuousandordereddiscrete
statevalues,andallows theapplicationof any discrete-state
reinforcementlearningalgorithmto continuousdomains.

The ContinuousU-Treealgorithmrelieson two distinct
but relatedconceptsof state. The ®rst type of stateis the
currentstateof theagentin theenvironment,whichwerefer
to asthesensoryinput. Thesensoryinputis characterizedby
theobservation � , a vectorof continuoussensoryattributes.
Thesecondtypeof staterelatesto thediscretizationgener-
atedby thealgorithmthat is usedto form anactionpolicy.
We usethe term stateto refer speci®callyto thesediscrete
states,anduse�����	� to representthestateassociatedwith the
sensoryinput � .

Eachstatetypically generalizesover multiple sensoryin-
puts, and eachsensoryinput can be classi®edinto one of



thestatesusingthestatetree. Thestatetreeis a binarytree
whereeachleafnoderepresentsasinglestate.Eachdecision
nodein thetreeis usedto classifysensoryinputsby splitting
on oneof thesensoryinput attributes.At thebeginning,the
statetreeis composedof asingleleafnodewhichrepresents
the entirestatespace.Thealgorithmrecursively grows the
treeasit iteratesbetweentwo distinctphases:datagathering
andexpansion.

Interactionsbetweenthe agentand the environmentare
recordedas a tuple of observations, actionsand rewards.
Eachaction � belongsto a ®nite setof actions

�

, while re-
ward values � andobservation attribute valuesin � canbe
fully continuous.Eachof theagent's steps,or transitions,is
recordedby thefour-tuple ������������� �
	 � , where� is thestarting
sensoryobservation, � is theactionperformedby theagent,

��	 is the resultingsensoryobservation, and � is the reward
receivedfrom theenvironment.

Table1 summarizestheContinuousU-Treelearningpro-
cess.Thealgorithmbeginswith asinglestatedescribingthe
entirestatespace.During thegatheringphasetheagentac-
cumulatesexperienceandrecordsthetransitiontuples.The
discretizationis thenupdatedby splitting the leaf nodesof
the statetree during the expansionphase. The split loca-
tion within agivenstateis determinedby calculatingtheex-
pectedfuturediscountedreward � ��
���� � of eachtransitiontu-
ple usingequation2. Thealgorithmconsiderseachsensory
attribute in turn, sortingall of the transitiontuplesby this
attribute. The transitiontuplesarethenrepeatedlydivided
into two setsby performinga temporarysplit betweeneach
two consecutivepairsof tuples.Theexpectedrewardvalues

� ��
���� � of eachsetarethencomparedusingtheKolmogorov-
Smirnov (KS) statisticaltest. The trial split that resultsin
the largestdifferencebetweenthe two distributionsis then
testedusingthestoppingcriterion.

The stoppingcriterion is a rule usedto determinewhen
to stopsplitting the tree. The ContinuousU-Treestopping
criterion statesthat the algorithmshouldonly split whena
statisticallysigni®cantdifferenceexistsbetweenthedatasets
formedby thesplit. In our experimentswe de®nestatistical
signi®canceat the ������� ��� level for theKS test.Statesin
which thebesttrial split doesnotpassthestoppingcriterion
arenot split.

The Continuous U-Tree algorithm also maintains an
MDP over the discretization,which is updatedafter every
split. Let � ��
���� � representthe setof all transitiontuples,

� ����������� ��	 � , associatedwith state 
 and the action � . The
statetransitionfunction ��� ��
�������
�	 � andtheexpectedfuture
discountedreward function � ��
���� � areestimatedfrom the
recordedtransitiontuplesusingthefollowing formulas:
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Usingthisdata,any standarddiscretereinforcementlearning
algorithmcanbeappliedto ®nd the ; function ; ��
���� � and
the valuefunction < ��
 � usingthe standardBellmanEqua-
tions(Bellman1957):
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Table1: TheContinuousU-TreeAlgorithm.
C Initialization

– The algorithmbegins with a singlestaterepresenting
theentirestatespace.Thetreehasonly onenode.

– Thetransitionhistoryis empty.
C DataGatheringPhase

– Determinecurrentstate


– Selectaction � to perform:
D With probability E the agentexploresby selectinga

randomaction.
D Otherwise,select� basedon theexpectedrewardas-

sociatedwith theactionsleadingfrom state
 .
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– Performaction � andstorethetransitiontuple( � ,� , �8	 ,� )
in leaf ��� �	�

– Update��� ��
8�����N
(	 � , � ��
���� � and ; ��
���� �

C ExpansionPhase
– For everystate(leafnode):

D For all datapointsin thisstate,updateexpectedreward
value:

� � ����� �)�O�P?A@ ��< � � � �

	

� � � (2)
D Findthebestsplit usingtheKolmogorov-Smirnov test
D If thesplit satis®esthesplittingcriteria:

Q Performsplit.
Q Update ��� ��
�������
(	 � and � ��
8��� � function using the

recordedtransitiontuples.
Q Solve theMDP to ®nd ; ��
���� � and < ��
 � .

< ��
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In our implementationwe have usedPrioritizedSweeping
(Moore& Atkeson1993)for learningthepolicy.

Combining Teachingand the Continuous
U-TreeAlgorithm

In thissection,wepresentamethodfor generatingasupple-
mentarystatediscretizationusingexperttaskdemonstration.
We thenshow how this discretizationcanbe usedto boot-
straptheContinuousU-Treelearningprocessto reduceboth
the numberof learningtrials and the size of the resulting
tree.

Theagentis controlledusingbehavioral primitives(Arkin
1998), de®nedas basicactionsthat can be combinedto-
getherto performthe overall task. The goal of the system
is to learnapolicy over thesebehavioral primitives.

In our approach we use a demonstrationtechnique
calledlearningbyexperienceddemonstrations(Nicolescu&
Mataric2003),in which theagentis fully undertheexpert's
control while continuingto experiencethe taskthroughits
own sensors.We assumetheexpertattemptsto performthe
taskoptimally, without necessarilysucceeding;our goal is
not to reproducetheexactbehavior of theexpert,but instead



to learnthetaskitself with theexpert's guidance.Addition-
ally, thisapproachcanbeextendedto learningfrom observ-
ing theactionsof otheragents.

The Expert Demonstration
During thetaskdemonstration,theexpert fully controlsthe
agent's action while observingits progress. The expert's
perceptionis limited to watchingtheagent,anddoesnotrely
on thenumericalsensorvaluesthattheagentperceives.The
samesetof actionsis availableto the expert andthe agent
for boththedemonstrationandautonomouslearningphases.
During the demonstration,the agentis ableto perceive the
sensoryinput, theselectedaction,andthereward,allowing
it to recordthe transitiontuplesasif it wasperformingthe
taskon its own. All experiencetuplesarerecordedthrough-
out thedemonstration.

Upon the completionof the demonstration,the recorded
transitiontuplesare usedto generatea classi®cationtree,
calledtheexperttree, by applyingtheC4.5algorithm(Quin-
lan1993).Thealgorithm's trainingdatausestheinitial sen-
soryobservationof eachtuple, � , astheinput,andtheaction
selectedby theexpert, � , astheassociatedlabel.As aresult,
the algorithm learnsa mappingfrom the agent's observa-
tions to the actionsselectedby the expert. Eachdecision
nodeof theexpert treeencodesa binarysplit on oneof the
sensoryattributes,andeachleaf nodespeci®estheactionto
beperformedfor all observationsleadingto this leaf.

The amountof trainingdatarequiredto generatethe ex-
pert treevariesdependingon thecomplexity of thedomain
andthe level of noisein thesensoryinputs. For simpledo-
mains,a smallnumberof demonstrationtrials canresultin
a decisiontreethatcanexecutethetaskwith nearlyoptimal
performance.In thesecasesit mayseemsuf®cientto simply
usethedecisiontreeasthecontrolpolicy, but this approach
wouldperformpoorly in dynamicenvironments(Atkeson&
Schaal1997). For complex domains,a signi®cantnumber
of demonstrationsmay be requiredto obtain optimal per-
formance,turningthedemonstrationtaskinto a tediousbur-
denfor theexpert. In thefollowing sectionswedemonstrate
thatalthoughnearlyoptimalexpertperformanceleadsto the
mostsigni®cantimprovement,theperformanceof thealgo-
rithm degradesgracefully for inaccurateor insuf®cient ex-
pertdata.

Bootstrapping The U-TreeAlgorithm
Theexpert treeprovidesa goodapproximatediscretization,
but requireslabeleddatato further re®neor adjustthe tree
in responseto environmentchanges.The statetreeof the
ContinuousU-Treealgorithm,on theotherhand,generates
its statediscretizationfrom unlabeledtrainingdata,but typ-
ically takesalargenumberof trials,andgeneratestreeswith
a statespacefar larger than necessaryeven undera strict
stoppingcriterion. Thematchingstructureof the two trees
enablesusto combinethetwo discretizationsto takeadvan-
tageof thestrengthsof bothapproaches.

We modify the initialization phaseof theContinuousU-
Tree algorithm by replacingthe single statetree with the
experttreestructure,andinitializing thetransitiontuplehis-
tory to includeall of thetuplesrecordedduringthedemon-

Figure1: The3-Evasiondomain.Thelearningagentmoves
alonga straighthorizontalpathfrom the Start to the Goal.
Opponentagentsmovebackandforth alongtheir respective
verticalpathsmarkedby thedottedlines.

strationphase.Theremainderof thelearningphaseremains
unchangedandproceedsnormallyby alternatingthegather-
ing andexpansionphasesandrecursively growing the tree
startingfrom theexpert treebase.Thecombinedtreeis re-
ferredto astheContinuousExpertU-Tree,or EU-Tree.

Thebene®tsof this approacharetwofold. Thebasedis-
cretizationprovidedby theexperttreeprovidesagoodstart-
ing point for the U-Tree algorithm and helps guide fur-
ther splitting, while the transitiontuplesrecodedfrom the
demonstrationdataareusedto initialize the Q-tableof the
reinforcementlearningalgorithm. The demonstrationex-
periencetypically highlights the positive areasof the state
space,especiallythe goal areas,which helpsguidefurther
exploration. Sincethe negative areasof the statespaceare
often avoided by the expert, the examplesdo not always
highlight someof themaindangerzones,andasa resultthe
demonstrationexamplesalonearenotsuf®cientfor learning
agoodpolicy.

Experimental Results
The N-EvasionDomain

To testthealgorithmweintroducetheN-Evasiondomain.
Thedomainenvironmentconsistsof a singlelearningagent
and � opponentagents.Thelearningagent'staskis to move
from thestartinglocationto thegoal location,usingoneof
two availableactions- stopandgo, wherego alwaysmoves
the agentdirectly towardsthe goal. Eachopponentagent
traversesits own path, which intersectsthe main path of
the learningagentat somelocation betweenthe start and
goal.Thelearningagentmustreachthegoalwithoutcollid-
ing with any opponentagents.A small amountof noiseis
addedto theforwardmovementsof all of theagentsto sim-
ulateuncertainty. An exampleof thedomainfor � ��� can
beseenin Figure1.

TheN-Evasiondomaincanprovide a numberof interest-
ing challengesasvariousfactorsaffect the dif®culty of the
problem. In additionto thevalueof � , the frequency with
which an opponentagentintersectsthe main pathalsoaf-
fectsthedif®culty. This factorcanbecontrolledby chang-
ing thepathlengthor speedof theopponent.Theproblem
is simpler if the opponentonly rarely crossesthe path of



thelearningagentascollision becomeslesslikely. Another
possiblefactoris thespacingbetweentheopponentagents.
In our examplethe opponentagentsarespacedfar enough
apartto allow thelearningagentto stopin betweenthemin
orderto timeits approach.Thedomaincanalsobedesigned
without this spaceto force the agentto considermultiple
opponentssimultaneously.

The representationfor the N-Evasiondomaincanbeen-
codedin a varietyof ways.In our implementation,it is rep-
resentedusing � ? � statedimensions- onefor theposition
of the learningagentalongits path,andonefor eachof the

� opponentagents'positionsalongtheirpaths(directionof
movementcanbeignored).

In our experimentswe usethe 3-Evasiondomainshown
in Figure 1, as well as a similar 2-Evasiondomain. The
learningagent's path is 30 meterslong, and its velocity is
®xed at 2.0 m/sec. Opponentagentshave a ®xed velocity
of 3.2 m/sec,andtravel paths22 metersin length that are
directly bisectedby the main path. Eachtrial begins with
the learningagentat the start location,andendswhenthe
goal is reached,a collision occurs,or thetime allocatedfor
thetrial expires.Theagentreceivesarewardof 100for suc-
cessfullycompletingthetrial andreachingthegoal,-50 for
acollision,and-2 eachtime it executestheactionstop. The
performanceof the agentis evaluatedusingthe percentage
of successfultraversalsfrom startto goalwithout any colli-
sions.

Algorithm PerformanceComparison
Theperformanceof theproposedalgorithmwastestedusing
the 2-Evasionand3-Evasiondomains.During the demon-
strationphase,the agentwascontrolledby the humanex-
pertin thesimulatedenvironment.Thedemonstrationphase
consistedof 15 trials, which took approximately®ve min-
utesto generate.In both domainexperimentsthe resulting
expert treepolicy performedperfectly in its respective do-
main,completingall trialswithoutcollisions.

In our analysis,we comparethe performanceof the fol-
lowing threelearningmethods:

C theoriginalContinuousU-Treealgorithm(C. U-Tree)
C theEU-Treewithout thedemonstrationtransitionhistory

(EU-Tree- DT)
C thecompleteEU-Tree,includingthedemonstrationtran-

sitionhistory(EU-Tree)
Eachof the above algorithmswas testedin 15 experi-

mentallearningruns.Duringeachexperiment,learningwas
haltedat 20-trial intervals for evaluation,during which the
stateof the algorithmwasfrozenand100 evaluationtrials
were performedusing the latest policy. Figures2 and 3
presenttheresults,averagedover all experimentalruns,for
the2-Evasionand3-Evasiondomainsrespectively.

In both cases,we seea very signi®cantimprovementin
performanceof theteaching-basedmethodsovertheoriginal
U-Treealgorithm. While theContinuousU-Treealgorithm
is able to learn the correctpolicy in both trial domains,it
takesfar longerto reachtheoptimalpolicy, onethatavoids
all collisions,thantheothermethods.In bothdomains,the
EU-Treemethodsreducethelearningtimeby over 50%.

Figure2: Performanceevaluationof threelearningmethods
in the2-Evasiondomain.

Figure3: Performanceevaluationof threelearningmethods
in the3-Evasiondomain.

Additionally, we note that the performanceof the EU-
Tree methodswith and without the demonstrationtransi-
tion history (DT) is very similar. This result supportsour
hypothesisthat it is not the demonstrationtransitiontuples
themselves,but the expert treediscretizationderived from
that data, that leadsto the greatestimprovementin learn-
ing performance.Comparedto the relatively large number
of experimentaltrials executedby the learningagent,typi-
cally numberingin the hundreds,datafrom 15 extra trials
containsfairly little information. Thetreestructurederived
from thisdata,however, canbeusedto guidethelearningin
a muchmorepowerful way. The expert treebaseprovides
theU-Treealgorithmwith agoodinitial structurewhichacts
asaguidefor furtherdiscretizationsplits.

StateSpaceSizeComparison
As a resultof the shorterlearningtime, the EU-Treealgo-
rithm hastheaddedeffect of producingdiscretizationswith
fewer states. Although the discretizationalgorithm itself



Algorithm # States Avg. Reward
PerTrial

ExpertTree 9 82
C. U-Tree 167 50
EU-Tree 30 80

Table2: Comparisonof the averagenumberof statesand
averagerewardearnedby ®nal policiesof theexperttree,C.
U-TreeandEU-Treealgorithmsin the2-Evasiondomain.

is the samein both cases,an algorithmrunningfor a long
time will tendto performmoresplitsasmoredatabecomes
available. Due to the useof the demonstrationdatain the
EU-Tree algorithm, an optimal policy can be found more
quickly, keepingthestatespacesmallasa result. This fac-
tor is importantbecausereinforcementlearningbecomesin-
creasinglymoredif®cult asthenumberof statesgrows, af-
fectingtheoverall performanceof thealgorithm.

Table 2 comparesthe averagenumberof statesand the
averagerewardearnedpertrial in the®nal policy of theex-
perttree,theContinuousU-TreeandtheEU-Treealgorithms
in the 2-Evasiondomain. This datademonstrateshow the
teachingbasedapproachreducesthesizeof thestatespace
comparedto theContinuousU-Treelearningmethod.

The expert tree generatedfrom demonstrationdatahas
the smallestnumberof statesandthe bestperformanceby
a small margin. However, the EU-Tree is able to nearly
matchtheexpertperformancewhile maintaininga manage-
able numberof states. The ContinuousU-Tree algorithm
generatesa far greaternumberof states,resultingin poorer
overall performance.

EU-Treein Dynamic Envir onments
In this section,we examinetheability of theEU-Treealgo-
rithm to copewith suboptimaldemonstrationsandadaptto
changesin theenvironment.Thealgorithmis testedonmod-
i®ed versionsof the 2-Evasiondomain,in which opponent
velocitiesareassignedvaluesin the2.2-4.2m/secrangein
0.1meterincrements.

Figure4(a)shows theperformanceof theoriginal expert
tree policy in the modi®ed domains. The policy is able
to accommodatesmall changes,andperformswell undera
variety of different conditions. As expected,reducingthe
speedof theopponentssimpli®estheproblem,andthe®xed
policy performswell evenundersigni®cantlydifferentcon-
ditions. Increasingthe speedof the opponentspresentsa
greaterchallenge,andtheperformanceof thepolicy quickly
dropsto anapproximatesuccessrateof 50%.

Figure4(b)presentstheaveragenumberof trials takenby
theEU-Treealgorithmto learnthecorrectpolicy for eachof
the testdomains.In all cases,thealgorithmwasinitialized
with theoriginalexperttreegeneratedby thedemonstration
at 3.2 m/sec. The relationshipbetweengraphs(a) and(b)
showsaclearcorrelationbetweentheaccuracy of theexpert
policy andthelearningtime of thealgorithm.Strongexpert
policy performanceleadsto short learningtimes in all but
onecase,the2.7m/secdomain,wherewe seeanunusually
high learningcost.

Figure4: (a) Expert treeperformanceover a rangeof op-
ponentvelocities. (b) EU-Treelearningperformancesum-
maryover a rangeof opponentvelocities. Theoriginal ex-
pertdemonstrationconditionsaremarkedin lighter color.

Figure5 presentsthe learningcurvesof the samesetof
trials. Dark, solid lines are usedto mark resultsfor ex-
perimentswith opponentvelocitiesdeviating by .1-.5m/sec
from thedemonstratedvelocity(i.e. 2.7-3.7m/sec).Lighter,
dashedlinesmarkexperimentswith velocityvariationin the
.6-1.0m/secrange(i.e. 2.2-2.6and3.8-4.2m/sec).For com-
parison,the learningcurve of theContinuousU-Treealgo-
rithm in theoriginaldomainis alsoprovided.

Theabove graphsdemonstratethatexperttreediscretiza-
tionsthatperformoptimally in theenvironmentresultin the
bestlearningtimes,a factthat is not particularlysurprising.
More importantly, however, we seethat the algorithmper-
formancescalesrelative to the quality of the expert policy.
Suboptimalpoliciescontinueto provide someboostto the
learning,while in theworstcasethealgorithmperformance
is noworsethanthatof theContinuousU-Treealgorithm.

Further Reducingthe StateDiscretization
Readabilityandeaseof interpretationarekey strengthsof
decision tree basedalgorithms. However, as previously
mentioned,one of the drawbacks of the ContinuousU-
Tree algorithm is the large numberof statesin the ®nal
discretization,especiallyin complex multidimensionaldo-
mains. Many of the statesgeneratedby the discretization
are similar in nature,and lead to the sameaction, but the
complexity of thetreemakesit dif®cult to interpretthedata.
Ideally we would like a methodthatcompactsthedatainto
a smallerstructurewithout modifying the behavior of the
algorithm.

This is achievedby againmakinguseof thestandardC4.5
algorithm. The input to the algorithm is formed by the
recordedtransitiontuplesof the statetree,whereeachini-
tial observation � is labeledwith the learnedpolicy action
associatedwith its state�����	� . TheC4.5algorithmoutputsa
mappingfrom observationsto theassociatedpolicy actions,



Figure 5: EU-Tree learning performancecurves over the
rangeof opponentvelocities.

combiningandgeneralizingoverstateswherepossible.This
processgenerallyresultsin a morecompactrepresentation,
andat worstmaintainsthesamenumberof states.Notethat
this processdoesnot try to maintainold stateboundaries
andknows nothingaboutthe structureof the original dis-
cretization. To maintainthe sameobservation-actionmap-
ping,pruningshouldbeturnedoff.

This techniquecanbeappliedat any point in thelearning
processto form amorecompacttree,but is especiallyuseful
for theevaluationof the®nal result.Usingthis method,we
havebeenableto systematicallyreducethenumberof states
to lessthanhalf thesizeof theoriginaldiscretizationwithout
lossof performance.

Conclusion

In thispaper, wepresentedageneralframework for learning
highlevel,behavior-basedactionpoliciesin continuousstate
spaces.Our approachcombinestree-basedstatediscretiza-
tion methodswith teachingby demonstrationto effectively
reducethe overall learningtime. The advantageof our ap-
proachis theuseof apreliminarydiscretizationderivedfrom
demonstrationtransitiondata, in addition to the transition
dataitself, to initialize thestatediscretizationprocess.

Our algorithmwasshown to handlesub-optimaldemon-
strationsandadaptto dynamicenvironments.Additionally,
the ®nal statediscretizationwas shown to be signi®cantly
smallerthanthatof theoriginaldiscretizationalgorithm,fa-
cilitating both easeof learningandhumanreadability. Us-
ing our statetreecompressiontechnique,the statetreecan
bereducedfurtherwithoutmodifyingthebehavior of theal-
gorithm.

We believe this approachcanbe extendedto other tree-
baseddiscretizationmethods,forming a generalframework
for combiningteachingby demonstrationwith otherlearn-
ing techniques.Additionally, a similar approachcanbeap-
plied for anagentthat learnsfrom observingtheactionsof
othersinsteadof itself.
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