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Abstract

A critical challenge in robot learning from demonsta-
tion is the ability to mapthe behaviorof the trainer onto
the robot's existing repertoile of basic/primitive capabil-
ities. Following a behaviorbasedapproac, we aim to
expressa teader's demonstation asa linear combination
(or fusion) of the robot's primitives. e treat this problem
as a state estimationproblem over the spaceof possible
linear fusionweights.We considerthis fusionstateto be a
modelof theteadher's control policy expressedvith respect
to the robot's capabilities. Once estimatedunder various
sensorypreconditions,fusion state estimatesare usedas
a coordination policy for online robot contml to imitate
the teadher's decisionmaking A particle lter is usedto
infer fusionstatefrom control commandsiemonstatedby
the teadher and predictedby ead primitive. The particle
Iter allowsfor inferenceunderthe ambiguityover a large
spaceof likely fusion combinationsand dynamicchanges
to theteader's policy over time We presentresultsof our
appmoad in a simulatedand real world ervironmentswith
a Pioneer3DX mobilerobot.

l. INTRODUCTION

The problemof estimatingthe stateof the userlies at
thecoreof human-robotnteraction.Suchstateinformation
canvary over severalmodalities suchasaffective stateand
sharedstate.Human statein theseproblemsis estimated
and usedto guide a robot's actionsor a systemdesign

processto improve a users experienceor performance.

In the caseof learningfrom demonstration(LFD) [1], the
objectiveis to estimatethe humans decisionstate.Thatis,
the single controlpolicy out of all possiblecontrol policies
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that is utilized by the teacherduring a demonstration.
Once estimated,the learnedpolicy can be used as the

robot's control policy, assumingan appropriatetransform
betweenembodimentsLFD strives to provide open the

programmingof robot control to broaderpopulationsin

society by learning implicitly from human guidance,as

opposedo explicit programmingof a computerdanguage.
In additionto LFD, knowledgeof a users decisionstate
canbeusedto inform online human-robotnteraction such
asfor adjustableautonomy[2].

At a high level, estimatinga users decision state
is nding the most likely control policy given sensory-
motor obsenationsfrom demonstrationin the context of
a Markov DecisionProcessa control policy (S)! A
is de ned by a mapping of obsened world state S to
controloutputsA. This controlpolicy governedby a value
function, Q(S;A), that speci es the benet for taking
actionA in world stateS. This value function de nes the
decisionstateoverthe spaceof all stateaction(S; A) pairs.
Atkeson and Schaal[3] de ne optimality (as a reward
function) for this problem as minimizing the divergence
in performanceof the learned policy and obsenations
from a demonstration.Speci cally, given a world state
occurringduringdemonstrationthe motoroutputpredicted
by the learnedpolicy shouldresultchangego world state
to the demonstrationBy phrasingoptimality basedon
demonstrationpolicies can be learnedfor arbitrary tasks
without (or with) biastowardsspeci c tasks.

However, learningsuchpoliciesare subjectto issuesin
partial obsenability in world state and generalizationto
new situations.For instance the approachof Atkesonand
Schaal,and subsequenvork [4], are gearedfor top-down
planningover the spaceof control policiesgivenfully ob-
senableandrelevantaspect®f world state.However, such
methodsare suitedfor limited or one-timegeneralization
that varies or re nes existing behaior (e.g., correcting
a demonstratedocomotion gait or variationsof a tennis
swing).

To addressheseissues,we proposea behaior-based
approachto learning from demonstrationthat uses be-
havior fusion to provide bottom-upgeneralizatiorto new
situations.Assuminga set of preeisting robot behaiors



expressedas schemag5] or potential elds, our aim is
to learn a coordination policy that linearly fuses their
combinedoutputin a mannerthat matchesthe teachers
demonstrationWe phrasethe learningof this coordination
as a fusion estimationproblem, i.e., state estimationin
the spaceof linear combinationsof primitive behaiors.
For domainssuchas mobile robotics,fusion estimationis
often subjectto ambiguouschangesn world statethatare
attributableto a large spaceof solutions.

In this paper we presentbehaviorfusion estimationas
a methodto learn from demonstratiorfusion weightsfor
coordinating concurrently executing primitive behaiors.
To accountfor this ambiguityanddynamicchangego the
users fusion policy, a particle lter is usedto infer fu-
sion estimatedrom robot sensoryobsenationsand motor
commandsWe focus on the limited casein which fusion
is assumedo be unimodalfor eachdiscretecombination
of behaior preconditions.Resultsare presenteddemon-
stratingfusion policieslearnedfrom datacollectedduring
simulatedand real-world navigation demonstration®f a
teleoperatedPioneer3DX robot.

Il. RELATED WORK

Our work falls into the category of learning by expe-
rienced demonstations This approachimplies the robot
actively participatesn the demonstratiorprovided by the
teacherand experienceghe taskthroughits own sensors.

Successfulrst personapproachehave demonstrated
learningof reactive policies [6], trajectories[7], or high-
level representation®f sequentialtasks [8]. These ap-
proachesemploy a teadher following strateyy, where the
robot learnerfollows a humanor a robot teacher Such
sequential(or arbitrated)representationgor coordination
can be considereda subsetof our approach.In contrast,
our aim is to avoid hard binary decisionsin coordination
of andfusing control commanddrom differentbehaiors.
This results in a general-purposepolicy, which would
allow the robot to perform the demonstratedaskin ary
new ervironments,from ary initial positions.We do not
attemptto reproduceexact trajectories,but rather learn
the underlying policy for executingthe task. In making
binary decisionssequentiamethodsrepresentll possible
coordinationsas discrete set of possibilities along each
axis of fusion space.Platt et al. [9] proposednull-space
compositionas a fusion coordinationmechanismlimited
to control stateswherebehaiors do not affect eachothet
This coordinationallows for off-axis (but discrete)com-
binationsin fusion space.Although the work of Platt et
al. is appliedto dexterousmanipulationwe focusonly on
their coordinationmechanismand not platform speci cs.

The choice of the particle Iter [10] is only one of
several methodsavailable to infer behaior fusion. The

most straightforvard choiceis a linear least squaresop-
timization. While least squaresworked well when little
ambiguity was presentin the fusion likelihood, our prior
testing shaved that it did not sufciently nd functional
fusion policies as the numberof primitivesincreasedand
introducedgreaterambiguity Nonlinearmethods suchas
Levenbeg-Marquard, couldyield betterresults.However,
we chosetheparticle Iter to accountfor ambiguityexplic-
itly. LFD in theform reinforcementearningmethodssuch
asQ-Learning[11], areaviableoptionfor fully obserable
statesput arenontrivial to extendfor partial obsenability.

A signi cant challengéor all roboticsystemshatlearn
from a teachers demonstrationis the ability to map the
perceved behaior of the trainer to their own behaior
repertoire.We focus on the speci c problem of learning
behaviorfusionfrom demonstation that could be castinto
more holistic approacheso human-robofnteraction,such
aswork by Breazealet al. [12]. One successfubpproach
to this problem has beento match obsenationsto robot
behaiors basedon forward models[13], [14], in which
multiple behaior modelscompetefor prediction of the
teachers behaior [15], [16], and the behaior with the
most accurateprediction is the one said to match the
obsered action.

Ill. BEHAVIOR REPRESENTATION

Behavior-BasedControl (BBC) hasbecomeone of the
mostpopularapproacheso embeddedindrobotic system
control both in researchandin practicalapplications.We
utilize a schema-basedepresentatiorin the context of
BBC, similar to approache [5]. This choiceis essential
for the purposeof our work becauseschemaswith BBC
provide a continuousencodingof behavioral responseand
a uniform outputin the form of vectorsgeneratedisinga
potential elds approach.

In our system,a controller consistsof a set of con-
currently running behaiors. Thus, for a given task, each
behaior bringsits own contribution to the overall motor
command.Thesecontributionsare weightedsuchthat, for
example, an obstacle avoidancebehaior could have a
higherimpactthanreading a target, if the obstaclesn the
eld aresigni cantly dangerousgo therobot. Alternatively,
in a time constrainedask, the robot could give a higher
contrikution to gettingto the destinationthanto obstacles
along the way. These weights affect the magnitude of
the individual vectorscoming from each behaior, thus
generatingdifferentmodalitiesof executionfor the task.

IV. BEHAVIOR FUSION ESTIMATION

The primaryfunctionin behavior fusionestimationis to
infer, from ateachemprovided demonstrationthe contritu-



tion (or weight) of eachprimitive in the robot's repertoire
suchthattheir combinatiormatcheghe obsenedoutcome.
Theseweights modulatethe magnitudeof control vector
output by the individual primitives, thus in uencing the
resultingcommandrom fusion and consequentlthe way
the robot interacts with the world. However, choosing
theseweightsis a non-trivial problem.To save time and
resourcegsuchasrobotpower), we automaticallyestimate
appropriateweightsfor fusing behaiors accordingto the
desirednavigation style asdemonstrated.

For a setof N primitives, behaior fusion estimation
is accomplishedy estimatingthe joint probability distri-
bution of the fusion space(i.e., acrossweighting combi-
nations) over the demonstratiorduration. For this work,
demonstrationsconsistedof guiding the robot through
a navigation task, using a joystick, while the robot's
behaiors continuouslyprovide predictionson what their
outputswould be (in the form of a 2D speedandheading
vector in the robot's coordinatesystem)for the current
sensoryreadingsHowever, insteadof beingtranslatednto
motor commands,these predictions are recordedalong
with the turning rate of the robot, at that momentof time.
Thus, for eachtimestept, we are provided with a set of
predictionvectorsV, = vj::vy from eachprimitive and
a demonstratiorvectorV,! expressingthe realizedcontrol
outputof therobot. It is known thatthe resultingvectorV,!
is alinearcombinationof the predictionvectorsjv] v ]
accordingto someunknowvn superpositionwveights St =

[s1 s\l

Vi= s (1)
i=1

We considetheadingto be the mostimportantconsider
ation for behavior fusionin 2D navigation. Consequently
we normalizecommandvectorsto unit length.

The goal of the algorithmis to infer the weightss over
time or, more preciselythe relative proportionsamongthe
weightsthat could producethe demonstratiorvectorV; .

A. Incorp orating Behavior Preconditions

At ary given time during the demonstrationmultiple
behaiors could be active, dependingon whether their
preconditionsare met or not. We segmentthe demonstra-
tion into intervals basedon the binary decisionsset by
the preconditionsof eachbehavior. A sgmentationof the
demonstratiortraceis performedat the momentsof time
when the statusof ary of the behaiors' preconditions
changedetweemmetandnot-met.The resultingsegments
representifferentervironmentalsituations sincedifferent
behaiors becomé‘applicable”at the transitionpoints.The
weightsof behaiors within eachsegmentencodethe mode
of performingthe currenttaskgiventhe situationand,thus

within eachsegment,the weightsof the applicablebeha-
iors are constantFor example,for a target readhing task,
the robot could behae under the in uence of corridor-
follow, target-followandavoid-obstacldehaiors if in the
presenceof obstacle,but would behae only under the
in uence of target-follow if in an openspace.

B. Fusion Parameter Estimation

Similar to Monte Carlo robot localization, a particle
Iter is usedto recursvely estimatethe joint density in
the parameterspaceof fusion weights St over time t =
1 T. Particle Iters [17] have beenusedfor stateand
parameteestimationin several differentdomains(suchas
robot localization [10], pose estimation[18], and insect
tracking[19]). Restatingthesemethodsmostly following
[19], we use the standardform of the Bayes lter to
estimatethe posterior probability densityp(S'jV,**; V)
in the spaceof fusion parametersgiven prediction and
resultvectors:

PV V) = (2

kp(Vrt,thjSt) p(stjst 1)p(st 1er1:t 1;Vp1:t 1)
where p(V,1'*; V,}'jS!) is the likelihood of observing
prediction and result vector given a vector of fusion
parametersp(S'jS' ') is the motion model describing
the expecteddisplacementof parameterweights over a
timestep,p(S' *jV,*t 1V}t 1) is the prior probability
distribution from the previous timestep,and k is a nor
malization constantto enforcethat the distribution sums
to one.We simplify the likelihood usingthe chainrule of
probability and domainknowledge (Eq. 1) that prediction
vectorsare not dependenbn the fusion weights:

POV VpiSY) = PV iV SRV, iSY) = p(Vi}Vy; 81
®3)
The resultingBayes lter:

p(S Vi Ve ) = )

p(StJSt l)p(st ljvrl:t l;Vpl:t l)

Z
kp(V;'jVy: ")

has a Monte Carlo approximationthat representghe
posterioras particle distribution of M weightedsamples
fSEj); E,-)gj'v'ﬂ , wheresgj) is aparticlerepresenting spe-
ci ¢ hypothesidfor fusion weightsand tj) is the weight

of the particle proportionalto its posteriorprobability:
Ej)p(stjst D)
(5)

The estimationof the posteriorattimet is performedoy
1) importancesamplingto drawv new particle hypotheses
SE].) from the posteriorat timet 1 and 2) computing

X
RSV VY 1 Kp(WjV: SY)
j



weights Ei) for each particle from the likelihood. Im-
portancesampling is performedby randomly assigning
particIeS}i) to particlesSfj)1 basedon weights '  and
adding Gaussiannoise. This processeffectively samples
the following proposaldistr&ution:
Sty A(Sq) () P(S'iSy) (6)

]

andweightsby the following likelihoodasthe distance
betweenactualand predicteddisplacementlirection:

i = PVAiVy;8Y=2 DSV ()

whereD (a;b) is the Euclideandistancebetweena and
b and:

P
. k=1 Szi);kvtk 8
M= PN o o (8)
b k=1 9y Vi

The processdescribedabove is performedon each
of the recordedinstancesof time, resulting in a poste-
rior distribution of fusion weights for every time step
during demonstration.Current particle Itering methods
have threeapproacheso selectingappropriateparameters
from this distribution as the meanof the distribution, the
maximumof the distribution, or the robustmean(the mean
of particlesin someneighborhoodaroundthe maximum).
All three estimatorshave adwantagesand disadantages.
For simplicity, we chosethe mean of the distribution.
While the computedfusion weightswill vary throughout
thetask,a singlefusion setwill emege asbeingthe most
consistentduring the performanceof each subtask.We
nd thesefusion weights by removing obvious outliers
andtaking the averageof the derived weightsover all the
records.

V. EXPERIMENT AL RESULTS

To validate the proposedlearning algorithm we per
formed experimentswith a Pioneer 3DX mobile robot
equippedwith a SICK LMS-200 laser range nder two
rings of sonars,and a pan-tilt-zoom (PTZ) camera,both
with the real robot and with the Player/Stagesimulation
ervironment [20]. We performedthree different sets of
experiments(scenarios)jn eachof which the robot was
equippedwith a different underlying set of primitives.
In eachscenariothe robot was given a set of different
demonstrationsfrom each of which it learneddifferent
behaior weightsfor controlling the robot. Thus, for each
speci ¢ scenaricanddemonstrationthe robothadlearned
the task from a single trial. All demonstrationgndedby
taking the robot toward a goal representedy a colored
target.

The completeset of behaiors consistsof: laser ob-
stacle avoidance(avoid), attractionto a goal object (at-
tract), attractionto unoccupiedspacgwander wanderleft,

wanderright), attractionto walls (wallAttract, wallAttract-
left, wallAttract-right), rear sonar obstacle avoidance
(sonarAvoid).

Fig. 1. Experimental setup: Top: SEM building
map; Bottom right: small simulated environ-
ment

A. Scenario 1

During the rst set of experiments,the robot was
equippedwith the following behaiors: avoid, attract,
wander wallAttract, sonarAroid. We performedfour dif-
ferent demonstrationswith the Pioneer3DX robot, each
consisting of making a tour of the oor in our SEM
building (Figure 1). Every demonstratioruseda different
navigationstrateyy asfollows: 1) keepto theright, 2) keep
to the center 3) keepto the left and 4) slalom.

Fig. 2. Results from Scenario 1. The robot
uses the weights from the center demonstra-
tion.

Results. From theseexperimentsthe robot had learnedto
safely navigate in the ervironmentand to go toward the
goal when seeingit. Sincethe robot was always closeto
walls on both sidesduring all demonstrationsand dueto
the fact that the only wallAttract behaior doesnot have
a preferenceor left or right walls to robot learnsa strong
preferencefor staying closeto the walls, irrespectve of
which weights are used(from the right/left/center/slalom
navigation). Figure 2 shaws a typical path that the robot
would take using the weightsfrom thesedemonstrations.
The image shaws the robot pulling away from the wall
when the goal is detected,demonstratingthat the robot



Fig. 3. Results from Scenario 3. The robot used learned fusion weights from the left, center and

respectivel y right side demonstrations.

learnsthe properweightsfor dealingwith this situation.
In this image,asfor the following plots, the robot pathis
in red,thelaserrangereadingsarein blueandthe detection
of the goalis in green.

B. Scenario 2

During the secondset of experiments,the robot was

equippedwith the samesetof behaiors asin Scenariol,
with the only differencethat the we replacedthe general
wallAttract behaior with wallAttract-left and wallAttract-
right. The left and right wall attract behaiors respond
only to the walls on their correspondingside, as opposed
to all the combinedapproachof regular wallAttract The
experimentswere performedin a simple simulated en-
vironment, shavn in Figure 1, bottom right inset. The
four demonstrationsonsistef takingthefollowing paths
throughthe ervironment: one throughthe uppercorridor,
one through the bottom (wide) corridor, in both cases
keepingon the left, then on the right. With the weights
learnedin this ervironmentwe testedthe behaior of the
robotin a simulatedSEM building map.
Results.As opposedo the rst setof experimentsdueto
the split of thewall-Attract behaior, therobotnow learned
a differenceon which side to favor when navigating a
corridor. However, a more signi cant differencein beha-
ior is apparentwhen the robot approaches T-junction.
When using the weightslearnedfrom the right-following
demonstrations(for both corridor demonstrations) the
robotturnsto the right whenit approacheanintersection.
That is, when it is given the choice of either “right or
left” or “right or straight; it will go right, becausef how
stronglyit is attractedto the right wall. Whenit is given
the choice “straight or left,” it will go straight. With the
weightslearnedrom theleft-following demonstrationghe
robot exhibits a similar behaior for the left side. These
resultsdemonstratéhe robustnesof our approachin that
controllerslearnedn oneervironmenttranslateo different
ervironmentsas well.

C. Scenario 3

In thethird setof experimentsthe setof behaiors was
the sameasin Scenario2, with the only differencethat

insteadof the wanderbehaior, we usedits split versions,
wanderleft and wanderright. Thesetwo behaiors seek
left and respectiely right open spaces,as opposedto
the regular wander which looks for open spacein ary
direction.We performedthreedemonstrationsn the SEM
simulatedenvironment,eachconsistingof taking a tour of
the building, as follows: 1) keepto the right, 2) keepto
the center and 3) keepto the left.

Results.As expectedrom theseexperimentstherobothas
learnedsimilar preferencegssthosein the secondscenario.
Figure 3 (left) shaws the trajectoryof the robot, usingthe
controllerlearnedfrom the left follow demonstrationThe
robot startsat the top of the left corridor, choosesa left

turn at the T-junction, then stopsat the goal. During the
entire run the robot keepscloserto the wall on the left.

Figure 3 (right) shavs a similar preferencethis time for

following walls on the right andchoosinga right turn at T-

junctions.In this experiment,the robot startsat the top of

the right corridor andmovesdown andleft. While for the
left andright preferencesherobot makesa clearturnin a
particular direction when reachingthe T-junction, for the
centerexperimentthe robot shavs that it doesnot have
a preferreddirection, as shavn by how far it goesinto

the T-junction before decidingto turn, due to its wander
behaior (Figure 3 (center)). The robot navigates closer
to the left due to the wanderingbehaior, which attracts
the robot to the openspaceshroughthe doors.We only

shav goal reachingcapability for the left experiment:we

stoppedthe centerandright experimentsbeforethe robot
madethe full turn in the ervironmentto reachthe goal,
locatedin a differentareain the ervironment.If allowed
to run longer, the robot was able to reachthe goalin all

situations.

In additionto learningthe left andright preferencepur
resultsdemonstratethat the additional re nement of the
underlyingbehavior setin a wanderleft andwanderright
behaior, allowedtherobotto captureadditionalaspectof
the demonstrationln particular whenever the robot found
itself in themiddle of a T-junction,with openspaceon both
sides,the robot would chooseto go in the directiongiven
by the preferencexpressediuringthedemonstrationright



Fig. 4. The robot learns preferences of wan-
dering in directions specied during the
demonstration (left and right respectivel y).

for the right weights and left for the left weights. This
preferencavasdemonstrate@venin the casein which the
robothadmoreopenspacean the oppositedirection.Under
equal weighting of left and right wandering,the robot
would normally follow the larger open space.Figure 4
shaws this preferencehroughthe robot's trajectory In the
left image,the robotis usingthe weightslearnedfrom the
left-follow demonstrationWhile the robot startsoriented
slightly towardthe right in the middle of the T-junction, as
shawvn by its laserpro le, thehigherweightof thewander
left behaior pulls the robotin the left direction.Similarly,
in the right image, the robot usesthe weights from the
right-follow demonstrationEvenif orientedslightly to the
left, wherethereis more openspace the robot choosedo
go right due to the higherweight of wanderright.

The approachwe presenteddemonstrateghe impor
tance of consideringconcurrently running behaiors as
underlyingmechanismgor achieving a task. Our method
allows for learningof both the goalsinvolved in the task
(e.g., reachinga target) and also of the particular ways
in which the sametask can be performed.In addition,
our results demonstratethe importanceof choosingthe
primitive behaior set, an importantand still openissue
for behaior-basedresearch.Our learnedcontrollersare
not restrictedto a a particularpath or executionsequence
andthusaregeneraknoughto exhibit meaningfulbehaior
evenin ervironmentsdifferentfrom the onein which the
demonstratiortook place.

VI. SUMMARY

We presenteda methodfor robot task learning from
demonstrationthat addresseghe problem of mapping
obsenationsto robot behaiors from a novel perspectie.
Our claim is that motor behaior is typically expressedn
termsof concurrentcontrol of multiple differentactiities.
To this end, we developeda learning by demonstration
approachthat allows a robot to map the demonstratos
actionsonto multiple behavior primitives from its reper
toire. This method has beenshavn to capturenot only
the overall goals of the task, but also the speci cs of the
users demonstrationthus enablingadditional capabilities
throughlearningby demonstration.
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