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Abstract

A critical challenge in designing robot systems that learn
from demonstration is the ability to map the behavior of
the trainer as sensed by the robot onto an existing reper-
toire of the robot’s basic/primitive capabilities. Observed
behavior of the teacher may constitute a combination (or
superposition) of the robot’s individual primitives. Once a
task is demonstrated, our method learns a fusion (super-
position) of primitives (as a vector of weights) applicable
to situations encountered by the robot for performing the
same task. Our method allows a robot to infer essential
aspects of the demonstrated tasks without specifically tai-
lored primitive behaviors. We validate our approach in a
simulated environment with a Pioneer 3DX mobile robot.
We demonstrate the advantages of our learning approach
through comparison with manually coded controllers and
sequential learning.

1. Introduction

Learning from demonstration is a natural method for ex-
tending a robot’s repertoire of basic skills to more sophis-
ticated task descriptions. A primary difficulty of this ap-
proach is the symbols-from-signals problem. That is, the
interpretation of observation signals gathered by the robot’s
sensors during instruction and translation of said observa-
tions into appropriate skills or task descriptions. If the robot
is endowed with a basic set of capabilities (or primitives),
interpreting the demonstration becomes a problem of creat-
ing a mapping of the perceived behavior of the teacher onto
a set of existing primitives [18].

Behavior-based control [4] is particularly well suited for
autonomous robot control and learning from demonstration
[15] due to its modularity and real-time response properties.
While behavior-based control emphasizes the concurrent
and parallel coordination of behaviors, existing learning by
demonstration strategies have mostly focused on learning

Odest Chadwicke Jenkins
Brown University
115 Waterman St., 4th Floor
Providence, RI 02912-1910
cjenkins@cs.brown.edu

Adam Olenderski
University of Nevada, Reno
1664 N. Virginia St. MS 171

Reno, NV, 89523

monica@cse.unr.edu

serially sequential mappings of observed behavior, in which
only one primitive module can be active at a given time.
However, this serial coordination assumption is not valid in
a significant number of situations and greatly limits the ap-
plicability and autonomy of an established set of controllers.
Biological evidence, such as schema theory [2], suggests
that motor behavior is typically expressed in terms of con-
current control of multiple different activities. This view is
also similar to the concept of basis behaviors [14], in which
a complete set of underlying primitives can generate the en-
tire span of behavior for a robot.

Based on these considerations, it becomes of signifi-
cant interest to softly decompose a demonstrator’s behav-
ior with respect to a robot’s perceptual-motor repertoire,
avoiding hard binary decompositions. We argue that such a
superposition-based strategy will enable robots to learn as-
pects of the demonstrated task that could not otherwise be
captured by standard approaches to learning from demon-
stration that treat primitives as mutually exclusive control
mechanisms. For our approach to superposition for coordi-
nation, we assume that a robot has been endowed with an a
priori repertoire of primitive control modules (behaviors),
encoded using a schema-based representation [3]. This
representation uses a vector-based output format, allowing
for cooperative behavior coordination by fusing commands
from multiple behaviors through vector addition.

In this paper, we present behavior fusion estimation as a
method to learn from demonstration fusion weights for co-
ordinating concurrently executing primitives (as dynamical
forward models) through superposition. We aim to find the
contribution, expressed as a weight, of each of the primitive
behaviors across the demonstrated task. These weights in-
corporate essential information about coordination and can
capture subtle differences between tasks, which, even if
achieving the same goals, can lead to very different exe-
cutions of a task. Our method uses a particle filter to infer
superposition weighting parameters for an arbitrary number
of behaviors in a Bayesian fashion.

We demonstrate that the proposed approach learns con-
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trollers that have advantages over both hand-coded con-
trollers and controllers built by a sequential learning by
demonstration approach.

2. RELATED WORK

Our work falls into the category of learning by expe-
rienced demonstrations. This approach implies the robot
actively participates in the demonstration provided by the
teacher, and experiences the task through its own sensors.

In the mobile robot domain, successful first person ap-
proaches have demonstrated learning of reactive policies
[9], trajectories [7], or high-level representations of sequen-
tial tasks [15]. These approaches employ a teacher follow-
ing strategy, where the robot learner follows a human or a
robot teacher. Our work is similar to that of [1], who per-
form the demonstration in a simulated, virtual environment.
With respect to humanoid robotics, Platt et al. [16] have
demonstrated null-space composition as a fusion coordina-
tion mechanism limited to control states where behaviors do
not affect each other.

A significant challenge for all robotic systems that learn
from a teacher’s demonstration is the ability to map the per-
ceived behavior of the trainer to their own behavior reper-
toire. We focus on the specific problem of learning be-
havior fusion from demonstration that could be cast into
more holistic approaches to human-robot interaction, such
as work by Breazeal et al. [6]. One successful approach
to this problem has been to match observations to robot be-
haviors based on forward models [17, 12], in which multi-
ple behavior models compete for prediction of the teacher’s
behavior [20, 11]. The behavior with the most accurate pre-
diction is the one said to match the observed action.

In this paper, our aim is to avoid hard binary decisions
in coordination of and fusing control commands from dif-
ferent behaviors. We attempt to estimate the fusion state, in
a manner similar to Monte Carlo Localization, of the robot
during the demonstration.

3. BEHAVIOR REPRESENTATION

Behavior-Based Control (BBC) has become one of the
most popular approaches to embedded and robotic sys-
tem control both in research and in practical applications.
We utilize a schema-based representation in the context of
BBC, similar to approaches in [3]. This choice is essen-
tial for the purpose of our work because schemas with BBC
provide a continuous encoding of behavioral responses and
a uniform output in the form of vectors generated using a
potential fields approach.

In our system, a controller consists of a set of concur-
rently running behaviors. Thus, for a given task, each be-

havior brings its own contribution to the overall motor com-
mand. These contributions are weighted such that, for ex-
ample, an obstacle avoidance behavior could have a higher
impact than reaching a target, if the obstacles in the field
are significantly dangerous to the robot. Alternatively, in a
time constrained task, the robot could give a higher contri-
bution to getting to the destination than to obstacles along
the way. These weights affect the magnitude of the indi-
vidual vectors coming from each behavior, thus generating
different modalities of execution for the task.

4. BEHAVIOR FUSION ESTIMATION

The primary function in behavior fusion estimation is
to infer, from a teacher provided demonstration, the con-
tribution (or weight) of each primitive in the robot’s reper-
toire such that their combination matches the observed out-
come. These weights modulate the magnitude of control
vector output by the individual primitives, thus influencing
the resulting command from fusion and consequently the
way the robot interacts with the world. However, choosing
these weights is a non-trivial problem. To save time and
resources (such as robot power), we automatically estimate
appropriate weights for fusing behaviors according to the
desired navigation style as demonstrated.

For a set of IV primitives, behavior fusion estimation
is accomplished by estimating the joint probability distri-
bution of the fusion space (i.e., across weighting combi-
nations) over the demonstration duration. For this work,
demonstrations consisted of guiding the robot through a
navigation task, using a joystick, while the robot’s behav-
iors continuously provide predictions on what their outputs
would be (in the form of a 2D speed and heading vector in
the robot’s coordinate system) for the current sensory read-
ings. However, instead of being translated into motor com-
mands, these predictions are recorded along with the turn-
ing rate of the robot at that moment of time. Thus, for each
timestep ¢, we are provided with a set of prediction vectors
V) = v}...v} from each primitive and a demonstration vec-
tor V! expressing the realized control output of the robot. It
is known that the resulting vector V! is a linear combina-
tion of the prediction vectors [v} - - - v;] according to some
unknown superposition weights S* = [sf - - - sl]:

N
Vi=> st (1)
i=1

We consider heading to be the most important consider-
ation for behavior fusion in 2D navigation. Consequently,
we normalize command vectors to unit length.

The goal of the algorithm is to infer the weights s over
time or, more precisely the relative proportions among the
weights that could produce the demonstration vector V..
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4.1. Incorporating Behavior Preconditions

At any given time during the demonstration, multiple be-
haviors could be active, depending on whether their precon-
ditions are met or not. We segment the demonstration into
intervals based on the binary decisions set by the precondi-
tions of each behavior. A segmentation of the demonstra-
tion trace is performed at the moments of time when the
status of any of the behaviors’ preconditions changes be-
tween met and not-met. The resulting segments represent
different environmental situations, since different behaviors
become “applicable” at the transition points. The weights
of behaviors within each segment encode the mode of per-
forming the current task given the situation and, thus within
each segment, the weights of the applicable behaviors are
constant. For example, for a rarget reaching task, the robot
could behave under the influence of corridor-follow, target-
follow and avoid-obstacle behaviors if in the presence of ob-
stacle, but would behave only under the influence of rarget-
follow if in an open space.

4.2. Fusion Parameter Estimation

Similar to Monte Carlo robot localization, a particle fil-
ter is used to recursively estimate the joint density in the
parameter space of fusion weights S* over time ¢ = 1---T.
Particle filters [5] have been used for state and parameter
estimation in several different domains (such as robot local-
ization [19], pose estimation [10], and insect tracking [13]).
Restating these methods, mostly following [13], we use the
standard form of the Bayes filter to estimate the posterior
probability density p(S*|V,'*, V,)**) in the space of fusion
parameters given prediction and result vectors:
p(Sti‘/;l:t,Vpl:t) _ (2)

ryVp

(Vt Vt\st)/p(St‘Stfl)p(Stfl|Vrl:t717Vpl:tfl)

where p(V;1**,V,}**|S*) is the likelihood of observing
prediction and result vector given a vector of fusion param-
eters, p(S|S'=1) is the motion model describing the ex-
pected displacement of parameter weights over a timestep,
p(STH VL VL) s the prior probability distribution
from the previous timestep, and k is a normalization con-
stant to enforce that the distribution sums to one. We sim-
plify the likelihood using the chain rule of probability and
domain knowledge (Eq. 1) that prediction vectors are not
dependent on the fusion weights:

p(Vi,Vi18") = p(VEIV,y, 8Yp(V,1SY) = p(ViIV,, S)
3

The resulting Bayes filter:
p(StiV;Lt,‘/th) — (4)

]fp(‘/;t“/pt,St)/p(St‘St_l)p(St_l|‘/Tl:t_1,Vpl:t_l)

has a Monte Carlo approximation that represents the
posterior as particle distribution of M weighted samples
{S G 77(] };‘/f 1> Where S ) is a particle representing a spe-
cific hypothesis for fus10n weights and 7r( H is the weight of
the particle proportional to its posterior probability:

p(S' IV V) o kp(VEVy, ) Y mlyp(S11ST)

J

&)
The estimation of the posterior at time ¢ is performed
by 1) importance sampling to draw new particle hypothe-
ses St from the posterior at time ¢ — 1 and 2) computing
Weights 71'( ) for each particle from the likelihood. Impor-
tance sampling is performed by randomly assigning parti-
cle S fi) to particles S U)l based on weights 7/ ~! and adding
Gaussian noise. This process effectively samples the fol-
lowing proposal distribution
S(' ~dq S(l Zﬂ(j)p StiS D) (6)
and weights by the followmg likelihood as the distance

between actual and predicted displacement direction:
iy =p(VIVy, 8N =2-D(V!. V)2 ()

where D(a, b) is the Euclidean distance between a and b

and: N
o Zk:lsfi),kvi

Vi,= ——— " "
© | Zicv:i Sfi),k”ﬂ
The process described above is performed on each of the
recorded instances of time, resulting in a posterior distribu-
tion of fusion weights for every time step during demon-
stration. Current particle filtering methods have three ap-
proaches to selecting appropriate parameters from this dis-
tribution as the mean of the distribution, the maximum of
the distribution, or the robust mean (the mean of particles in
some neighborhood around the maximum). All three esti-
mators have advantages and disadvantages. For simplicity,
we chose the mean of the distribution. While the computed
fusion weights will vary throughout the task, a single fu-
sion set will emerge as being the most consistent during the
performance of each subtask. We find these fusion weights
by removing obvious outliers and taking the average of the
derived weights over all the records.

®)

5. EXPERIMENTAL RESULTS

To validate the proposed learning algorithm we per-
formed experiments using the Player/Stage simulation envi-
ronment [8] and a Pioneer 3DX mobile robot equipped with
a SICK LMS-200 laser rangefinder, two rings of sonars, and
a pan-tilt-zoom (PTZ) camera. The robot is equipped with
the following primitive behaviors implemented as potential
fields: laser obstacle avoidance (avoid), attraction to a goal
object (attract), attraction to unoccupied space (wander),
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