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Abstract

This paper addressedhe problem of reinforcement
learning in continuousdomainsthrough teachingby
demonstration.Our approachs basedon the Contin-
uous U-Tree algorithm, which generatesa tree-based
discretizationof a continuousstatespacewhile apply-
ing generalreinforcementearningtechniques.We in-
troducea methodfor generating preliminarystatedis-
cretizationandpolicy from expertdemonstratiorn the
form of a decisiontree. This discretizationis usedto
bootstrapthe ContinuousU-Tree algorithm and guide
the autonomoudearningprocess.In our experiments,
we shov how a small numberof demonstratiortrials
providedby anexpertcansigni cantly reducethenum-
berof trialsrequiredto learnanoptimalpolicy, resulting
in asigni cant improvementin bothlearningef ciency
andstatespacesize.

Intr oduction

Reinforcementearningis a machindearningframework in
which anagentexploresits ervironmentthrougha seriesof
actions,andin returnrecevesrewardfrom the ervironment
(Kaelbling, Littman, & Moore 1996). The goal of theagent
is to ®nd a policy mappingstatesto actionsthatwill maxi-
mizeits cumulative reward overtime. This type of problem
is typically formalizedasa Markov DecisionProcesgMDP)
(Howard 1960),with discretetimestepsanda ®nite number
of statesandactions.

The above formulation is widely usedin the ®eld of
robotics,but its applicationleadsto two considerablehal-
lenges.The®rst is thatinsteadof discretestatespur world
is more naturallyrepresente@sa continuous multidimen-
sionalstatespace.Theseconds thattherequirednumberof
learningtrials canoftenbe prohibitively large for execution
onrealroboticsystems.

To addressthe problem of continuousstate spaces,a
numberof discretizationtechniqueshave beendeveloped
that split the spaceinto a smallernumberof generalstates.
Known as variable resolution methods,these algorithms
generat@on-uniformstatesvhereeachdiscretestateregion
generalize®ver somenumberof similar real-world states.
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Examplesof suchalgorithmsinclude the Parti-gamealgo-
rithm (Moore & Atkeson1995),the ContinuousU-Treeal-
gorithm (Uther & Velos01998),VQQL (Fernandez. Bor-
rajo 2000), and Variable ResolutionDiscretization(VRD)
(Munos& Moore2002).

Additionally, a signi®cantamountof researchhas fo-
cusedon the challengeof reducingthe numberof trials re-
quiredfor learning.A powerful techniquesxploredover the
yearshasbeenteachingby demonstrationpr apprentice-
shiplearning(Kaiser& Dillmann 1996;Atkeson& Schaal
1997;Chen& McCarragheR000;Smart& Kaelbling2002;
Nicolescu& Mataric2003;Abbeel& Ng 2004).In this ap-
proach,humandemonstrationis usedin combinationwith
autonomougearningtechniqueso reducethelearningtime.

In this paper we presenta generalframewnork designed
for high level, behaior-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 discretestatespaceqMcCallum 1996). We
shav how a smallnumberof demonstrationgffectively re-
ducesthelearningtime of the algorithm,aswell asthe size
of the®nal statespace.

The Continuous U-TreeAlgorithm

The ContinuousU-Tree algorithm (Uther & Veloso1998)
is a variable-resolutioriscretizatiormethodfor reinforce-
mentlearningin continuousstatespacesThealgorithmcan
be appliedto a mixture of continuousandordereddiscrete
statevalues,andallows the applicationof ary discrete-state
reinforcementearningalgorithmto continuousiomains.

The ContinuousU-Tree algorithmrelies on two distinct
but relatedconceptsof state. The ®rst type of stateis the
currentstateof theagentin the environment,whichwe refer
toasthesensoninput Thesensorynputis characterizetly
theobsenation , avectorof continuoussensornyattributes.
The secondype of staterelatesto the discretizationgener
atedby the algorithmthatis usedto form an actionpolicy.
We usethe term stateto refer speci®callyto thesediscrete
statesanduse to representhestateassociateavith the
sensoryjinput .

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



the statesusingthe statetree The statetreeis abinarytree
whereeacheafnoderepresentasinglestate.Eachdecision
nodein thetreeis usedto classifysensorjinputsby splitting
on oneof the sensonjinput attributes. At the beginning, the
statetreeis composeaf asingleleafnodewhichrepresents
the entire statespace.The algorithmrecursvely grows the
treeasit iteratesbetweerntwo distinctphasesdatagathering
andexpansion.

Interactionsbetweenthe agentand the environmentare
recordedas a tuple of obsenations, actionsand rewards.
Eachaction belongsto a ®nite setof actions , while re-
ward values andobsenration attribute valuesin canbe
fully continuous Eachof theagents stepsor transitionsjs
recordedy thefour-tuple ,where isthestarting
sensoryobseration, istheactionperformedby theagent,

is the resultingsensoryobsenation, and is the reward
recevedfrom theervironment.

Tablel summarizeshe ContinuoudJ-Treelearningpro-
cess.Thealgorithmbeginswith asinglestatedescribinghe
entirestatespace.During the gatheringphasethe agentac-
cumulatesxperienceandrecordsthe transitiontuples. The
discretizations thenupdatedby splitting the leaf nodesof
the statetree during the expansionphase. The split loca-
tion within agivenstateis determinedy calculatingthe ex-
pecteduturediscountedeward of eachtransitiontu-
ple usingequation2. Thealgorithmconsiderseachsensory
attribute in turn, sortingall of the transitiontuplesby this
attribute. The transitiontuplesarethenrepeatediydivided
into two setsby performinga temporarysplit betweereach
two consecutie pairsof tuples.Theexpectedrewardvalues

of eachsetarethencomparedisingtheKolmogoro-
Smirnos (KS) statisticaltest. The trial split that resultsin
the largestdifferencebetweenthe two distributionsis then
testedusingthe stoppingcriterion.

The stoppingcriterion is a rule usedto determinewhen
to stopsplitting the tree. The ContinuousU-Tree stopping
criterion statesthat the algorithmshouldonly split whena
statisticallysigni®cantdifferencesxistsbetweerthedatasets
formedby the split. In our experimentsve de®nestatistical
signi®canceat the level for the KS test. Statesn
whichthebesttrial split doesnot passthe stoppingcriterion
arenotsplit.

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

, associatedvith state andthe action . The
statetransitionfunction andthe expectedfuture
discountedreward function are estimatedrom the
recordedransitiontuplesusingthefollowing formulas:

®3)

(4)

Usingthisdata,arny standardliscretereinforcementearning
algorithmcanbeappliedto ®nd the  function and
the value function usingthe standardBellman Equa-
tions(Bellman1957):

(®)

Tablel: The ContinuoudJ-TreeAlgorithm.
Initialization

— The algorithm begins with a single staterepresenting
theentirestatespace.Thetreehasonly onenode.

— Thetransitionhistoryis empty

DataGatheringPhase

— Determinecurrentstate

— Selectaction to perform:
With probability the agentexploresby selectinga
randomaction.
Otherwise select basedon the expectedreward as-
sociatedwith theactionsleadingfrom state .

1)
— Performaction andstorethetransitiontuple( , , , )
in leaf
— Update , and

ExpansiorPhase
— For every state(leaf node):

For all datapointsn this state updatesxpected-eward
value:
2)

Findthebestsplit usingtheKolmogora/-Smirnor test
If the split satis®eghe splitting criteria:
Performsplit.

Update and function using the
recordedransitiontuples.
Solve the MDP to ®nd and

(6)

In our implementationrwe have usedPrioritized Sweeping
(Moore& Atkeson1993)for learningthe policy.

Combining Teachingand the Continuous
U-TreeAlgorithm

In this sectionwe presenamethodfor generatinga supple-
mentarystatediscretizatiorusingexperttaskdemonstration.
We thenshav how this discretizationcanbe usedto boot-
strapthe ContinuoudJ-Treelearningprocesso reduceboth
the numberof learningtrials andthe size of the resulting
tree.

Theagentis controlledusingbehaioral primitives(Arkin
1998), de®nedas basic actionsthat can be combinedto-
getherto performthe overall task. The goal of the system
is to learna policy overthesebehaioral primitives.

In our approachwe use a demonstrationtechnique
calledlearningbyexperiencedlemonstations(Nicolescu&
Mataric2003),in whichtheagentis fully undertheexpert's
control while continuingto experiencethe taskthroughits
own sensorsWe assumehe expertattemptgo performthe
task optimally, without necessarilysucceedingpur goal is
notto reproducaheexactbehaior of theexpert,but instead



to learnthetaskitself with the expert's guidance Addition-
ally, thisapproactcanbe extendedo learningfrom observ-
ing theactionsof otheragents.

The Expert Demonstration

During the taskdemonstrationthe expertfully controlsthe
agents action while observingits progress. The expert's
perceptioris limited to watchingtheagentanddoesnotrely
onthenumericalsensowvaluesthattheagentperceves. The
samesetof actionsis availableto the expertandthe agent
for boththedemonstratiomndautonomougearningphases.
During the demonstrationthe agentis ableto perceve the
sensonyinput, the selectedaction,andthe reward, allowing
it to recordthe transitiontuplesasif it wasperformingthe
taskonits own. All experienceauplesarerecordedhrough-
outthedemonstration.

Upon the completionof the demonstrationthe recorded
transitiontuplesare usedto generatea classi®cationtree,
calledtheexperttreg by applyingthe C4.5algorithm(Quin-
lan 1993). Thealgorithm’s training datausegtheinitial sen-
soryobsenationof eachtuple, , astheinput,andtheaction
selectedy theexpert, , astheassociatethbel. As aresult,
the algorithm learnsa mappingfrom the agents obsenra-
tions to the actionsselectedby the expert. Eachdecision
nodeof the experttreeencodesa binary split on one of the
sensonattributes,andeachleaf nodespeci®eghe actionto
be performedfor all obsenationsleadingto this leaf.

The amountof training datarequiredto generatehe ex-
perttreevariesdependingon the complity of the domain
andthe level of noisein the sensoryinputs. For simpledo-
mains,a smallnumberof demonstratiortrials canresultin
a decisiontreethatcanexecutethe taskwith nearlyoptimal
performanceln thesecasest mayseensuf®cientto simply
usethe decisiontreeasthe control policy, but this approach
would performpoorlyin dynamicervironmentgAtkeson&
Schaall997). For complex domains,a signi®cantnumber
of demonstrationsnay be requiredto obtain optimal per
formanceturningthe demonstratioaskinto a tediousbur-
denfor theexpert. In thefollowing sectionsve demonstrate
thatalthoughnearlyoptimalexpertperformancdeadsto the
mostsigni®cantimprovement,the performancef the algo-
rithm degradesgracefullyfor inaccurateor insuf®cient ex-
pertdata.

Bootstrapping The U-TreeAlgorithm

The experttreeprovidesa goodapproximatediscretization,
but requireslabeleddatato further re®neor adjustthe tree
in responsdo ervironmentchanges.The statetree of the
ContinuousU-Treealgorithm,on the otherhand,generates
its statediscretizatiorfrom unlabeledrainingdata,but typ-
ically takesalargenumberof trials, andgeneratetreeswith
a statespacefar larger than necessaryeven undera strict
stoppingcriterion. The matchingstructureof the two trees
enablesisto combinethetwo discretizationgdo take adwan-
tageof the strengthf bothapproaches.

We modify theinitialization phaseof the ContinuousU-
Tree algorithm by replacingthe single statetree with the
experttreestructure andinitializing thetransitiontuple his-
tory to includeall of the tuplesrecordedduringthe demon-

Start

._.  Goal

Figurel: The3-Evasiondomain.Thelearningagentmoves
alonga straighthorizontalpathfrom the Startto the Goal.
Opponentgentanove backandforth alongtheirrespectie
verticalpathsmarkedby the dottedlines.

strationphase Theremaindeiof thelearningphaseremains
unchange@ndproceedsiormally by alternatinghe gather
ing and expansionphasesandrecursvely growing the tree
startingfrom the experttreebase.The combinedtreeis re-
ferredto asthe ContinuousgExpertU-Tree,or EU-Tree

The bene®tsof this approacharetwofold. The basedis-
cretizationprovidedby the experttreeprovidesa goodstart-
ing point for the U-Tree algorithm and helps guide fur-
ther splitting, while the transitiontuplesrecodedfrom the
demonstratiordataare usedto initialize the Q-tableof the
reinforcementearningalgorithm. The demonstratiorex-
periencetypically highlightsthe positive areasof the state
space especiallythe goal areaswhich helpsguide further
exploration. Sincethe negative areasof the statespaceare
often avoided by the expert, the examplesdo not always
highlight someof themaindangerzonesandasaresultthe
demonstratiomxamplesalonearenot suf®cientfor learning
agoodpolicy.

Experimental Results

The N-EvasionDomain

To testthealgorithmwe introducethe N-Evasiondomain.
Thedomainervironmentconsistf a singlelearningagent
and opponenagentsThelearningagentstaskisto move
from the startinglocationto the goal location,usingone of
two availableactions- stopandgo, wherego alwaysmoves
the agentdirectly towardsthe goal. Eachopponentagent
traversesits own path, which intersectsthe main path of
the learning agentat somelocation betweenthe startand
goal. Thelearningagentmustreachthe goalwithout collid-
ing with ary opponentagents.A small amountof noiseis
addedto the forward movementf all of theagentgo sim-
ulateuncertainty An exampleof the domainfor can
beseenin Figurel.

The N-Evasiondomaincanprovide a numberof interest-
ing challengesasvariousfactorsaffect the dif®culty of the
problem. In additionto thevalueof , thefrequeng with
which an opponentagentintersectshe main path also af-
fectsthe dif®culty. This factorcanbe controlledby chang-
ing the pathlengthor speedof the opponent.The problem
is simpler if the opponentonly rarely crosseshe path of



thelearningagentascollision becomedesslikely. Another
possiblefactoris the spacingbetweernthe opponentagents.
In our examplethe opponentagentsare spacedar enough
apartto allow thelearningagentto stopin betweerthemin
orderto timeits approachThedomaincanalsobedesigned
without this spaceto force the agentto considermultiple
opponentsimultaneously

The representatioffior the N-Evasiondomaincanbe en-
codedin avariety of ways. In ourimplementationit is rep-
resentedising statedimensions onefor theposition
of the learningagentalongits path,andonefor eachof the

opponenagentspositionsalongtheir paths(directionof
movementcanbeignored).

In our experimentswe usethe 3-Evasiondomainshavn
in Figure 1, aswell as a similar 2-Evasiondomain. The
learningagents pathis 30 meterslong, andits velocity is
®xed at 2.0 m/sec. Opponentagentshave a ®xed velocity
of 3.2 m/sec,andtravel paths22 metersin lengththat are
directly bisectedby the main path. Eachtrial begins with
the learningagentat the startlocation, and endswhenthe
goalis reacheda collision occurs,or the time allocatedfor
thetrial expires. Theagentrecevesareward of 100for suc-
cessfullycompletingthetrial andreachingthe goal,-50 for
acollision,and-2 eachtimeit executegheactionstop The
performanceof the agentis evaluatedusingthe percentage
of successfutraversalsfrom startto goalwithout ary colli-
sions.

Algorithm Performance Comparison

Theperformancef theproposedlgorithmwastestedusing
the 2-Evasionand 3-Evasiondomains. During the demon-
strationphase the agentwas controlledby the humanex-
pertin thesimulatedervironment. Thedemonstratiophase
consistedof 15 trials, which took approximately®ve min-
utesto generate.In both domainexperimentsthe resulting
experttree policy performedperfectlyin its respectre do-
main,completingall trials without collisions.

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

theoriginal ContinuoudJ-Treealgorithm(C. U-Tree)

the EU-Treewithout the demonstrationransitionhistory
(EU-Tree- DT)

the completeEU-Tree,including the demonstratiortran-
sition history (EU-Tree)

Eachof the above algorithmswas testedin 15 experi-
mentallearningruns. During eachexperiment|earningwas
haltedat 20-trial intervals for evaluation,during which the
stateof the algorithmwas frozenand 100 evaluationtrials
were performedusing the latestpolicy. Figures2 and 3
presentheresults,averagedover all experimentalruns,for
the 2-Evasionand3-Evasiondomaingrespectiely.

In both caseswe seea very signi®cantimprovementin
performancef theteaching-basechethodvertheoriginal
U-Treealgorithm. While the ContinuousU-Treealgorithm
is ableto learnthe correctpolicy in both trial domains,it
takesfar longerto reachthe optimal policy, onethatavoids
all collisions,thanthe othermethods.In bothdomainsthe
EU-Treemethodseducethelearningtime by over 50%.

Figure2: Performancevaluationof threelearningmethods
in the 2-Evasiondomain.

Figure3: Performancevaluationof threelearningmethods
in the 3-Evasiondomain.

Additionally, we note that the performanceof the EU-
Tree methodswith and without the demonstratiortransi-
tion history (DT) is very similar. This resultsupportsour
hypothesigthatit is not the demonstrationransitiontuples
themseles, but the expert tree discretizationderived from
that data, that leadsto the greatestmprovementin learn-
ing performance.Comparedo the relatively large number
of experimentaltrials executedby the learningagent,typi-
cally numberingin the hundredsdatafrom 15 extra trials
containsfairly little information. The treestructurederived
from this data,however, canbe usedto guidethelearningin
a muchmore powerful way. The experttree baseprovides
theU-Treealgorithmwith agoodinitial structurevhichacts
asaguidefor furtherdiscretizatiorsplits.

State SpaceSizeComparison

As aresultof the shorterlearningtime, the EU-Tree algo-
rithm hasthe addedeffect of producingdiscretizationsvith
fewer states. Although the discretizationalgorithm itself



Algorithm | # States| Avg. Reward
PerTrial
ExpertTree 9 82
C.U-Tree 167 50
EU-Tree 30 80

Table 2: Comparisonof the averagenumberof statesand
averagerewardearnedoy ®nal policiesof theexperttree,C.
U-TreeandEU-Treealgorithmsin the 2-Evasiondomain.

is the samein both casesan algorithmrunningfor a long
time will tendto performmaoresplitsasmoredatabecomes
available. Due to the useof the demonstratiordatain the
EU-Tree algorithm, an optimal policy can be found more
quickly, keepingthe statespacesmall asa result. This fac-
tor isimportantbecauseeinforcementearningbecomesn-
creasinglymoredif®cult asthe numberof statesgrows, af-
fectingthe overall performancef thealgorithm.

Table 2 compareshe averagenumberof statesand the
averagereward earnedpertrial in the ®nal policy of the ex-
perttree,theContinuousJ-TreeandtheEU-Treealgorithms
in the 2-Evasiondomain. This datademonstratetiow the
teachingbasedapproactreduceghe sizeof the statespace
comparedo the ContinuoudJ-Treelearningmethod.

The expert tree generatedrom demonstratiordata has
the smallestnumberof statesandthe bestperformanceby
a small magin. However, the EU-Treeis able to nearly
matchthe expertperformancevhile maintaininga manage-
able numberof states. The ContinuousU-Tree algorithm
generates far greatemumberof statesyesultingin poorer
overall performance.

EU-Treein Dynamic Environments

In this section,we examinethe ability of the EU-Treealgo-
rithm to copewith suboptimaldemonstrationandadaptto
changeén theervironment.Thealgorithmis testeconmod-
i®ed versionsof the 2-Evasiondomain,in which opponent
velocitiesareassignedraluesin the 2.2-4.2m/secrangein
0.1 meterincrements.

Figure4(a) shavs the performancef the original expert
tree policy in the modi®ed domains. The policy is able
to accommodatsmall changesandperformswell undera
variety of differentconditions. As expected,reducingthe
speedf theopponentsimpli®esthe problem,andthe®xed
policy performswell evenundersigni®cantlydifferentcon-
ditions. Increasingthe speedof the opponentgpresentsa
greaterchallengeandtheperformancef the policy quickly
dropsto anapproximatesuccessateof 50%.

Figure4(b) presentshe averagenumberof trials takenby
the EU-Treealgorithmto learnthe correctpolicy for eachof
the testdomains.In all casesthe algorithmwasinitialized
with the original experttreegeneratedby the demonstration
at 3.2 m/sec. The relationshipbetweengraphs(a) and (b)
shavs aclearcorrelationbetweertheaccurayg of theexpert
policy andthelearningtime of the algorithm. Strongexpert
policy performancdeadsto shortlearningtimesin all but
onecasethe 2.7 m/secdomain,wherewe seeanunusually
high learningcost.

Figure4: (a) Experttree performanceover a rangeof op-
ponentvelocities. (b) EU-Treelearningperformancesum-
mary over a rangeof opponentvelocities. The original ex-
pertdemonstratiortonditionsaremarkedin lighter color.

Figure5 presentghe learningcurves of the sameset of
trials. Dark, solid lines are usedto mark resultsfor ex-
perimentswith opponentelocitiesdeviating by .1-.5m/sec
from thedemonstrateselocity (i.e. 2.7-3.7m/sec).Lighter,
dashedinesmarkexperimentswith velocity variationin the
.6-1.0m/secrange(i.e. 2.2-2.6and3.8-4.2m/sec).For com-
parison,the learningcurve of the ContinuousU-Treealgo-
rithm in the original domainis alsoprovided.

Theabove graphsdemonstratéhatexperttreediscretiza-
tionsthatperformoptimally in the ervironmentresultin the
bestlearningtimes,afactthatis not particularlysurprising.
More importantly however, we seethat the algorithm per
formancescalesrelative to the quality of the expertpolicy.
Suboptimalpolicies continueto provide someboostto the
learning,while in theworstcasethe algorithmperformance
is noworsethanthatof the ContinuoudJ-Treealgorithm.

Further Reducingthe State Discretization

Readabilityand easeof interpretationare key strengthsof
decisiontree 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,andleadto the sameaction, but the
complity of thetreemakesit dif®cult to interpretthe data.
Ideally we would like a methodthat compactshe datainto
a smaller structurewithout modifying the behaior of the
algorithm.

Thisis achieredby again makinguseof thestandard-4.5
algorithm. The input to the algorithm is formed by the
recordedtransitiontuplesof the statetree, whereeachini-
tial obsenation is labeledwith the learnedpolicy action
associatedvith its state . TheC4.5algorithmoutputsa
mappingfrom obsenationsto the associategolicy actions,



Figure 5: EU-Tree learning performancecurves over the
rangeof opponent/elocities.

combiningandgeneralizingover statesvherepossible.This
procesgenerallyresultsin a morecompactrepresentation,
andatworstmaintainghe samenumberof states Notethat
this processdoesnot try to maintainold stateboundaries
and knows nothing aboutthe structureof the original dis-
cretization. To maintainthe sameobsenation-actionmap-
ping, pruningshouldbeturnedoff.

Thistechniquecanbe appliedatary pointin thelearning
procesgo form amorecompactree,but is especiallyuseful
for the evaluationof the ®nal result. Using this method we
have beenableto systematicallyeducehenumberof states
to lessthanhalfthesizeof theoriginal discretizatiorwithout
lossof performance.

Conclusion

In this paperwe presente@d generaframevork for learning
highlevel, behaior-basedactionpoliciesin continuousstate
spaces.Our approactcombinedree-basedtatediscretiza-
tion methodswith teachingby demonstratiorio effectively
reducethe overall learningtime. The advantageof our ap-
proachis theuseof apreliminarydiscretizatiorderivedfrom
demonstratiortransitiondata, in additionto the transition
dataitself, to initialize the statediscretizatiorprocess.

Our algorithmwas shawvn to handlesub-optimaldemon-
strationsandadaptto dynamicervironments.Additionally,
the ®nal statediscretizationwas shavn to be signi®cantly
smallerthanthatof the original discretizatioralgorithm,fa-
cilitating both easeof learningandhumanreadability Us-
ing our statetree compressiortechnique the statetree can
bereducedurtherwithout modifyingthebehaior of theal-
gorithm.

We believe this approachcan be extendedto othertree-
basedliscretizatiormethodsforming a generafframevork
for combiningteachingby demonstratiorwith otherlearn-
ing techniques Additionally, a similar approactcanbe ap-
plied for anagentthatlearnsfrom observingthe actionsof
othersinsteadof itself.
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