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Abstract— Behavior-based control is one of the most widely
used approachesfor autonomous robot control. However, in
many robot systems,there is often a disconnect between a
user's desired task-level behavior and a robot's preprogrammed
(innate) capabilities. Typically, the space of robot behavior
is limited to sequential performances, switching between the
robot's available skills. Such limited expressiondoesnot neces-
sarily overlap with the spaceof desired robot behavior, leaving
users unable to express their true desired control policy to
the robot. To bridge this divide, a new approach is proposed,
which integrates state estimation(as a particle lIter), learning by
demonstation, and behaviorbasedcontol into an approach for
robot learning. While these methods have typically been used
in different contexts, we demonstrate the ability to use state
estimation in order to learn a user's intended control policy
from demonstration asa linear combination of innate behaviors.
Through a speci ¢ navigation task, this method demonstrates
how the sametask-level behavior can be learned with different
combinations of innate behaviors.

I. INTRODUCTION

The problem of designingautonomousrobot controllers
could be phrasedas the ability to transfera users intended
control policy onto a robot. This basic problem exists re-
gardlessof whetherthis transfer occurs explicitly through
computerprogrammingor implicitly from demonstratioror
a reward criterion. However, the intendedcontrol policy may
not have an obvious or scalable mapping onto the basic
capabilitiesendaved to a robot.

This paperintegratesmultiple arti cial intelligencetech-
niguesin orderto addresghis policy transfer problemin a
mannerthat facilitatestask learning from demonstrationin
particular we synthesizebehaviorbasedcontwol, a typical
approachto distributed robot coordination,with Bayesian
state estimation often usedfor robot localization and per
ception. The result is a novel approachto learning from
demonstrationallowing a users intendeddecision making
policy to be impartedonto a robot. This synegy is formed
by using stateestimationto infer appropriatelinear combi-
nationsof low-level, genericrobot behaiors that accordto
demonstratedhuman-leel behaior.

A signi cant challengefor designingrobot systemsthat
learnfrom demonstratioris the interpretatiorof obsenations
gatheredfrom the instruction. The robot must processa
continuousstreamof datacoming from its sensorsand cast
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thisinformationontoits knowledgeandcontrol repertoireIn
most casesthis consistsof sgmentingthe datastreaminto
meaningfulunits, and then mappingthem into appropriate
skills or tasks To matchthe obsenationsof the demonstrator
to actualrobotbehaviors, a successfubpproactthathasbeen
previously employed is basedon forward models,in which
multiple behaior models competefor prediction on the
teachers behaior [1]. The behaior with the mostaccurate
prediction is the one said to match the obsened action.
Theseapproachegely on the assumptionthat there exists
a unigue correspondingoehaior underlyingary one of the
demonstratos actions[2]. The succesof thesemethodsis
highly dependenbn the existenceof a special-purposeset
of robot primitives,designedn particularfor the targettask.
This limits the generalityof thesemethodsasit requiresthat
robot programmerdave knowledgeof the tagettaskandbe
ableto decomposét into appropriatefunctional modules.
This paperaims at overcomingtheselimitations, by tak-
ing a different perspectie on the representatiorof robot
controllersthat can be learnedby demonstrationBiological
evidence,suchasthe schemaheory[3], suggestshat motor
behaior is typically expressedn termsof concurrenicontrol
of multiple different actwities. In addition, evidence from
cognitive psychology[4] indicatesthe existenceof a hier
archicalmodel of motor control, in which a willed behavior
controlmechanisnmdeterminegxecutionof actities through
concurientactivationof multiple motor primitives This view
is also similar to the conceptof basis behavios [5], in
which a completeset of elementaryprimitives can generate
the entire spanof behaior for a robot. Akin to the basis
behavios, typical innatebehaiors in biological systemsare
known to bevery simpleresponse$o world stimuli: re exes
taxes xed-action patterns and motivatedbehavios [6].
Consideringthese ndings, this paper proposesa novel
approacho learninga taskpolicy from demonstrationusing
a setof low-level, genericbehaior primitives expressedas
schemagor potential elds) [3], the methodlearnsa coor
dination policy that linearly fusesthe behaiors' combined
outputin a mannerthatmatchegshe teachers demonstration.
The learning of this coordinationis phrasedas a fusion
estimationproblem,i.e., stateestimationin thespaceof linear
combinationsof primitive behaiors. This is performedusing



aparticle lter thatinfersfusionestimategrom robotsensory
obsenationsand motor commandsThis methodeliminates
theneedfor task-speci cknowledgein choosinghe behavior
primitivesandit allows for increasedyeneralizatiorover the
primitive set. Therobotexperimentsescribedelor demon-
stratetwo signi cant results:1) the behaior fusion allows
a robot to capturethe intendedpolicy of the humanfrom
demonstratiorwithout specializedunderlyingbehaiors and
2) the sametaskpolicy canbe learnedasthe superpositiorof
different underlying setsof innate primitives. Theseresults
validate the claim that special purposebehaiors and task
knowledge are not necessaryfor learning a control policy
from demonstratiorand also that increasedrobustnesscan
actually be achieved with low-level, generic primitives, by
providing multiple solutionsto the policy learningproblem.

Il. RELATED WORK

Successfulapproachesto learning from demonstration
(LFD) [7] have demonstratedearning of reactive policies
[8], trajectorieq1], andsequentiataskdescriptiong9]. Such
sequentialor arbitrated)epresentationfor coordinationcan
be consideredh subsebf theapproactproposedn this paper

In makingarbitrationdecisions sequentiaimethodsrepre-
sentall possiblecoordinationsasdiscretesetof possibilities
along each axis of fusion space.[10] proposednull-space
compositionas a fusion coordinationmechanismimited to
control stateswherebehaiors do not affect eachother This
coordinationallows for off-axis (but discrete)combinations
in fusionspaceAlthoughthework of Plattet al. is appliedto
dexterousmanipulation the comparisorfocusesonly on the
behaior coordinationmechanismand not on the platform
speci cs. Other approachedo LFD use various forms of
supervisedearningto createa mappingfrom input statesto
outputactions.[11] usepiecavise statisticalregressionboot-
strappedby demonstrationand planning. [12] use demon-
strationto bootstrapreinforcementearningtechniquessuch
as Q-Learning. This approachis a viable option for fully
obsenable states,but are nontrivial to extend for partial
obsenability.

In termsof fusion estimation,neuralnetworks have been
previously employedin LFD. In [13] the fusionis doneover
input datafrom multiple sensorymodalities.In this paper
fusion is performedover a set of “innate” robot primitives
that are cooperatrely coordinatedfrom rst or third person
demonstration.

The choiceof the particle Iter [14] is only oneof several
methods available to infer behaior fusion. Alternatively,
the problem can be castas a parametersearch.The most
straightforvard choice, linear least squaresoptimization,
worked well when the numberof primitives is small and
likelihoodambiguityis negligible, basedn ourinitial testing.
NonlinearmethodssuchasLevenbeg-Marquadt or Nelder
Mead, could yield betterresults.However, the particle lter
allows to accountfor ambiguity explicitly.

I1l. BEHAVIOR REPRESENTATION

The behaior-basedcontrollersusedin this work are built
from two componentsbehaviorprimitives (BPs) and fusion
primitives (FPs), which are combinedin behavior network
contollers. A behaior network controller is a directed
agyclic graph of FPs, in which the links betweennodes
representask-speci c activation conditionsthat enablethe
representatiomnd executionof sequencedasks.

The behavior primitives perform a set of actions under
given (relevant) ervironmental conditions. Theseprimitives
are meantto expressthe basic, generalcapabilitiesof the
robot and need not be orientedto accomplishinga broad
rangeof tasks.A fusionprimitive encapsulatea setof mul-
tiple concurrentlyrunning primitive behaviors throughlinear
combinationof the motor commandsEach BP component
brings its own contribution to the overall motor command.
Thesecontributions are weighted and fused through vector
addition.Theseweightsaffectthe magnitudeof theindividual
vectorscomingfrom eachbehaior, thusgeneratingdifferent
modalitiesof executionfor the task.

Each fusion primitive (Fig. 1) has a representationof
the goalsit achieres, expressedas abstractecervironmental
states. The state of the goals is continuously monitored
and updatedfrom sensorydata. The componentbehavior
primitives receve information from the sensors,which is
rst usedto detectif the behaior is active or not, given
its preconditionsThe active/notactive statusof all behaior
primitives is encodedin a N -dimensionalvector where N
is the numberof BPs.This vector, which we call a behavior
applicability condition (BAC), containsfor eachbehaior a
1 or a 0, dependingon whetherthe behaior is active or
not. For a given setof N primitive behavios, theoretically
therecould be 2N combinationgepresentingvhetherthe N
behaiors are active or not, basedon their preconditions.
Practically this numberis much smaller due to the fact
that somebehaiors are triggeredby similar ervironmental
conditions(suchasthe presencef anobstaclefor example),
and thus somecombinationsare impossibleto achieve. For
eachpossibleBAC, the fusionprimitive hasa differentsetof
fusionweights,which areusedfor behaior combinationThe
setsof weightsfor the multiple possibleBACs arestoredin a
table,asshavn in Fig. 1. Theindex of eachrow in the table
is the decimalequivalentof the binary N -bit BAC value.

The weights from the correspondingBAC modulatethe
magnitudeof control vector output by the individual prim-
itives, thus in uencing the resultingcommandfrom fusion.
At eachtimestept, eachbehaviorprimitive BP; providesa
respons@utputvectorv!, which represents desirecheading
for the robot. The fusion primitive's output V! is a linear
combinationof thevectors[v} v ], accordingto the BAC
superpositionweightsSt = [s} sk I:



Fig. 1. Representatiorf a fusion primitive, the key componentof the
architecture BP: behaior primitives.

X
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We considerheadingto be the mostimportant consider
ation for behavior fusion in 2D navigationt. Consequently
commandvectorsare normalizedto unit length.

IV. LEARNING BY DEMONSTRATION METHODOLOGY

For this work, demonstrationsonsistedof guiding the
robot through navigation tasks, using a joystick, while the
robot's behaiors continuouslyprovide a response&command
on what their outputswould be (in the form of a 2D speed
and headingvectorin the robot's coordinatesystem)for the
current sensoryreadings.The demonstrationcould also be
performedby having therobotfollow a humanuser similarto
work in [9]. However, insteadof beingtranslatednto motor
commandsthe behaiors' outputsare recordedalong with
the turning rate of the robot, at that momentof time. This
informationis further processedas describedbelow.
Segmentationof obsewvation traces.During trainingempty-
shell FPsare createdwhich containonly information about
the goalsthat the robot needsto detect,andwhoseonly role
duringthe demonstratioris to monitortheir goal status Goals
are abstractecervironmentalstates which can be monitored
from sensoryinformation. Every time the goal of a behaior
is met, this generatesa new seggmentin the demonstration,
whichwill resultin anew FPnodein thetasknetwork. Thus,
if the samegoalis metmultiple timesduring training, it will
appearin multiple instancesn the taskrepresentation.

Within eachsegment multiple situationsare possible,in
which different subsetsof behaviors could be active (ex-
pressedasthe BACs), dependingon whethertheir precondi-
tionsaremetor not. To identify the differentBACs presenin
the demonstrationa further segmentationstageis performed
in eachsgyment, basedon the binary decisionsset by the
preconditionsof eachbehaior. This nev segmentationof
the demonstrationtrace is performed at the moments of
time when the statusof ary of the behaiors' preconditions

1Speedcould easilybe incorporatednto our formulation. However speed
is mamginalizedover time by the slow drive of our robots.

changeshetweenmet and not-met. The resultingBAC sub-
segmentsrepresendifferent environmentalsituations,since
different behaiors become “applicable” at the transition
points, as describedabove. The weightsof behaiors within
eachBAC sub-sgmentencodethe mode of performingthe
currenttask given the situation and, thus within eachBAC
sub-sgment, the weights of the applicable behaiors are
constantand computedas follows.

Behavior Fusion Estimation. The primary function in be-
havior fusion estimationis to infer, from a teachermprovided
demonstrationthe contribution (or weight) of eachprimitive
in the robot's repertoiresuchthat their combinationmatches
the obsened outcome.

Similarto Monte Carlorobotlocalization,a particle Iter is
usedto recursvely estimatethejoint densityin the parameter
spaceof fusion weightsS' overtimet = 1 T. Particle
Iters have beenusedfor stateand parameterestimationin
several perception-orientedomains(suchasrobot localiza-
tion [14] andinsecttracking[15]).

Our method follows the same standardform of the
Bayes lter to estimatethe posterior probability density
p(S'jV,Mt; V) in the spaceof fusion parametersgiven
behaior outputsand resultvectors:

PSVH VY = @)

kp(vrtjvt, St) p(StJSt l)p(st ljvrl:t l;Vpl:t l)

where p(V,'jS'; V') is the likelihood of observinga
result vector given a vector of fusion parametersy, are
the outputs of the primitives, p(StjSt ) is the motion
model describingthe expecteddisplacementof parameter
weightsover atimestepp(S' *jV,*' 1 Vit 1) is the prior
probability distribution from the previous timestep,andk is
a normalizationconstanto enforcethatthe distribution sums
to one.

The estimationof the posteriorat time t is performedby
1) importancesamplingto drav new particlehypothese§a)
from theposteriorattimet 1 and2) computingweights Ej)
for eachparticlefrom the likelihood.Importancesamplingis
performedby randomly assigningparticle S}i) to particles
St.! basedon weights ' ! and adding Gaussiannoise.
Our likelihood function weightsa particlei asthe distance
betweenthe actualand the displacementirection given by
the primitive behaiors:

0 = PV s =2 D(V5V))=2 ®3)

where D(a;b) is the Euclideandistancebetweena and

b and the direction vector\’)ti) normalizesto unit length a
weightedsum over individua(l primitive outputs.

The processdescribedabove is performedon eachof the

recordednstance®f time within a BAC sub-sgment,result-
ing in a posteriordistribution of fusionweightsfor everytime



stepduringdemonstrationTo enablecrispdecisionmaking,a
singlestateis extractedfrom the fusion posteriordistribution,
which is the meanof the posteriordistribution.

Construction of Task Representation. For all the fusion
primitivescorrespondingo theidenti ed goals,the controller
will include all setsof weights correspondingto different
behaior applicability conditions(BACs) that were detecting
duringtraining. The fusion primitivesresultingfrom the goal-
achieving sggmentsareencapsulateth anodein thebehavior
network andare linked in the orderin which they occurred.

V. EXPERIMENTAL RESULTS

In the validationexperimentsa Pioneer3DX mobile robot
wastrainedto perform 3 differentstylesof navigation,in an
of ce building ernvironment.The robot was equippedwith a
SICK LMS-200 laserrange nder two rings of sonars,and
a pan-tilt-zoom(PTZ) camera,and was programmedusing
Player[16].

ROF ROR AOS AO
left right
2
ROT RONT RON AON
Fig. 2. The setof innate behaiors. The blue dashedline indicatesthe

rangedmax -
The robot's setof innatebehaiors (Fig. 2) consistsof 14
behaiors, whoseoutputis a sum of vectorsasfollows:

Repulse obstaclesfront (ROF): sum of all repulsve
vectorsfrom obstaclescloserthan dmax -

Repulseobstaclesrear (ROR): sumof all rearrepulsive
vectorsfrom obstaclescloserthan dmax -

Attract open space(AOS): sumof all vectorspointing
toward openspacefartherthan dpyay -

Attract obstacles(AO): sum of all vectorstoward all
detectedobjectscloserthan dmay -

Repulse obstaclestangent (ROT): sum of all vectors
tangentto ary detectedobjectscloserthandmay -

Repulse obstaclenormal tangent (RONT): sumof all
vectors perpendicularto the direction toward obstacles
closerthan dmay .

Repulse obstacle normal (RON): sum of all vectors
normal to the tangentto ary detectedobjectscloserthan
dmax ,» pointing away from objects.

Attract obstacle normal (AON): sum of all vectors
normal to the tangentto ary detectedobjectscloserthan
dmax ,» pointing toward objects.

Exceptfor ROF and ROR, all other behaiors have two
versionsfor theleft andrespectiely right 90-degreesn front
of the robot. Distancedax Was setto 2 metersand was
detectedwith the laserrange nder (in the front) and with
the sonararray (in the back). The behaiors are activatedby
preconditionghattestif certainlaserreadingsaresmalleror
respectiely largerthanthe dmax threshold.

The three different types of navigation consistedof: 1)
navigating close to the right walls, 2) navigating close to
the left walls, 3) navigatingin the centerof the corridor. For
eachtype, a clockwiseandcounterclockwisexperimentwas
performed resultingin 6 training experienceqFig. 3).

Fig. 3. Sketchof experimentalsetup.

The goal of these experimentsis to demonstratethat
the different navigation styles could be learnedwithout the
needfor specialpurposeroutinesand furthermore,that the
sametask can be learnedusing different underlying setsof
primitives. Toward this end, the training datawas processed
consideringall possiblesubsetsof primitives. That is, the
particle Iter was appliedto all possible combinationsof
behaviors, resultingin 28 1 = 255 controllersfor eachof
the 6 training runs (the empty subsetwas ignored). For the
left wall navigation, eachof the 255 controllers(representing
255fusioncombinationshasbeenevaluatedby runningit on
a robotin a simulated,accuratemap of the building, using
Stage[16]. The robot was startedin a randompaosition in
the corridor (to determineif it is ableto getinto the correct
navigation position) and allowed to navigate for a period of
time (usually 2 minutes).For eachcontroller a qualitative
evaluation was performed,to determineif the robot had
capturedthe main aspectf the 4 navigation styles:

Right follow (both runs): navigate on the right, take right
turn at T or Y-junction.



ROF | ROR | AOS | AO ROT | RONT| RON | AON
X X
X X
X X
X X
X X
X X X
X X X
X X X
TABLE |

BEHAVIOR SUBSETS (OF 2 AND 3 BEHAVIORS) WHICH LEARNED THE
LEFT-FOLLOW TASK. MULTIPLE BACS EXIST WITHIN EACH SUBSET.

Left follow (bothruns):navigateon the left, take left turn
at T or Y-junction.

Centerfollow (clockwise): navigate in center corridor,
take right turn at T or Y-junction.

Centerfollow (counterclockwise)navigatein centercor-
ridor, take left turn at T or Y-junction.

The evaluationof the 255 controllersleadto the expected
results:a signi cant numberof controllers,correspondingo
differentsetsof underlyingprimitives,demonstrateduccess-
ful learning of the navigation policies. Table | shows the
combinationf 2 and3 behaiors thatwereableto learnthe
task from the left-follow, clockwise demonstrationin addi-
tion to those therewere 14 othersuccessfutombinationsof
4 behaiors or more, including the subsetthat containedall
the behaiors. Also, the actualnumberof successfufusion
combinationgs signi cantly largerthan2+ 3+ 14= 19, due
to the fact that there exist additionalcombinationsof more
behaiors, which contain the groupsof 2 and 3 behaiors
shown in Tablel.

a) Centerclockwise b) Centercounterclockwise

a) Right b) Left

Fig. 4. Robot trajectoriesusing controllersfrom the different navigation
styles.Therobot's pathis indicatedin red. The startingpositionis indicated
by aredcircle.

For the controllersresultingfrom the other 5 demonstra-
tions, the Stage evaluation was performed for the fusion
combinationsthat were found successfulabore and for a
random set of previously unsuccessfulkcombinations.The
results shov that with approximately 95% accurag, the
controllers' performancecorrespondedvith their counterpart
(samefusion combination)from left wall navigation task.
Theseresultsindicate that the fusion processis consistent
over the setof existing primitives. The small differencesare
expecteddueto variationsin the environment(people doors)
during the individual demonstrations.

Therobottrajectoriesshavn in Fig. 4 demonstratgualita-
tively thatthe robot had capturedhe correcttasks.Fromthe
centerclodkwisedemonstrationthe robotlearnsto navigatein
the centerof the corridorandto take aright turn at junctions.
Fromthe centercounteclodkwise it learnsa similar naviga-
tion style, but it now takesleft turns at junctions.From the
right and left demonstrationghe robot learnsto stay closer
to right andrespectiely left walls, andto take the right/left
turns at the junctions. Overall, theseresultsalso showv that
the robot exhibits a smoothnavigation style, similar to what
hasbeendemonstrated.

As a quantitatve evaluation,for the controllersthat suc-
cessfullylearnedthe task (usedin Fig. 4, andfor a full run
aroundthe building), the distancefrom the robot to the left
andright walls wasrecorded.The meansof thosevaluesare
asfollows: a) Centerright: meanleft wall (MLW) = 1:99m,
meanright wall (MRW) = 2:13m, b) Centerleft: MLW =
1:8m, MRW = 2:03m, c) Right: MLW = 2:81m, MRW =
1:68m, d) Left: MLW = 1:41m, MRW = 3:13m. For center
navigation experiments,MLW and MRW have very close
values.For right andleft navigation,the meandistanceto the
wall the robotis supposedo follow is smaller The standard
deviation is irrelevant in this case,as the maximumvalues
will always be the equivalent of an open spaceopeningat
junctions,which in this caseis 8 meters.

The unsuccessfutontrollers exhibited behaiors suchas
gettingstuckin awall, oscillating(eitherin the middle of the
corridor, or facinga wall), gettingstuckin corners or failing
to take the correctturns at the junctions. The controllers'
performanceprovided a wealth of informationregardingthe
correlationsbetweerbehaiors. For example,when&er ROT
and RONT were used,behaiors RON, AON and ROR had
no impacton the succes®f the controller(i.e., eitherif used
or not, therobotstill performedthe taskcorrectly).Similarly,
wheneer one of the RON or AON wereused,if RONT was
not used, the robot would always get stuck in a corner A
completeanalysisof the behaior correlationsis outsidethe
scopeof this paper but will be performedin future work to
gaininsightinto the role of eachbehaior for speci ¢ tasks.

VI. DISCUSSION OF RESULTS

A requirementfor the applicability and successof this
method,is that the robot must be presentedwith represen-



tative examplesof this policy in action. Towards this end,
humanteachersnusthave someknowledgeof controllingthe
robot, but not necessarilyof its innate primitive behaviors.
The quality of demonstrationwill certainly vary basedon
robot platform andteleoperatiorcontrol mapping.Whenthis
quality is low, noise and ambiguity will be introducedinto
fusion inferenceprocess Furtherambiguity can occurwhen
the teacheris inconsistentin their demonstrationlnconsis-
teng/ canoccurwhenthe teacheractsdifferently in similar
situations.Probabilisticinference,such as with the particle
Iter, is well suitedfor stateestimationwhensuchuncertainty
is present.

When used alone, none of the innate behaiors is able
to learn the tasks or to produceary consistentbehaior.
However, even simple weighted combinationsof 2 or 3
generaburposeprimitivesareableto capturedetailedaspects
of a navigation policy, such as taking left/right turns at
junctionsandnavigatingcloserto aleft/right wall. If designed
by hand,or by a learningfrom demonstratiorstratey that
reliessolely on behaior sequencingcontrollersfor the tasks
demonstrateébove would have requiredspecializedbeha-
iors for following walls and for dealingwith junctions.In
contrastby expressinghe learningproblemasan estimation
of behavior fusion weights, suchtaskscan be learnedfrom
low-level, genericprimitives.

The advantageof the proposednethodis twofold. First, it
remwestheneedfor prior knowledg of thetaskthatneedso
be learned,thus reducingthe robot programmeis effort for
designingthe underlying behaior set. Second,it provides
increasedgenerlization capabilities decreasinghe discrep-
ang/ betweenthe robot's innate capabilitiesand the users'

intendedtask policy. The experimentalresultsdemonstrate

theseadvantagesandshov how speci ¢ navigationtaskscan
belearnedasa superpositiorof multiple low-level primitives,
in the form of fusion primitives

While only one-steptaskshave beenlearnedin this pa-
per, the proposedfusion estimationmethod has also been
employed in learning more compl&, sequentialtask rep-
resentationsthus indicating its potential for use in real-
world, servicerobotics applications[17]. Future work will
also seekto develop methodsthat would e xibly selector
switch betweenthe multiple solution policies of a task.

VIlI. SUMMARY

The problemof designingautonomousobot controllersis
typically restrictedby the pre-&isting innate robot capabil-
ities. This paperproposesa novel approachto constructing
suchataskpolicy from demonstrationThe methodintegrates
particle ltering, learningfrom demonstrationand behavior-
basedrobotics,in anapproachhatallows arobotto mapthe
demonstratos actionsonto a linear combinationof multiple,
low-level behavior primitives.Centralto this approacharethe
estimationof behaior fusionto map the demonstratos ac-

tions ontotherobot control repertoireandthe useof general-
purpose Jow-level robot behaiors. Throughfusion of these
behaiors, the methodremovesthe needfor task knowledge
andspecial-purposeobotprimitives,increasesherobustness
of learningandprovidesextendedgeneralizatiorcapabilities.
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