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1. INTRODUCTION
We present a method for testing shaping-based training of

human behavior in a repetitive memory drill. Our work is fo-
cused on Socially Assistive Robotics (SAR), a field formed
by the intersection of Socially Interactive Robotics (SIR,
robots whose goal is to socially interact with human users)
and Assistive Robotics (AR, robots whose goal is to assist
those in need, typically through physical contact). SAR
focuses on providing assistance through non-contact social
interaction [3], with a broad spectrum of applications in ed-
ucation.

Our goal is to show that a robot can behave expressively
in order to shape and enhance a user’s learning experience.
This work, as part of our general SAR research, is aimed at
applications in health care and special education, where our
interviews with teachers have shown a desire for robots that
can engage one or a group of students in learning activities.

2. RELATED WORK
Several lines of research bear relevance to the work we

are pursuing. The two most relevant are: expressibility
in human-robot interaction in social robotics, and human-
robot teaching and learning by demonstration.

The most related work from social robotics is that of
Breazeal et al., who used the Leonardo robot platform to
study robot learning through social interaction [1]. Learn-
ing was viewed as a collaborative dialog. The use of an
embodied system that interacts via gestures showed that a
robot learning from a human through social interaction is
an attainable goal.

Our previous work has used mobility gestures for social
interaction [4], and has shown that laser leg tracking was
highly effective in social interaction using simple mobility
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gestures. Nicolescu and Matarić demonstrated that, given
a task framework, a robot can learn in relatively few itera-
tions and with little direct reinforcement complex tasks [5].
The system learned the task by generalizing from demon-
strations, and was corrected by shaping individual subtasks
that were done improperly.

3. EXPERIMENT DESIGN

Figure 1: The mobile robot used in the experiments

The task we used for our experiment is a memory task sim-
ilar to the game “Simon.” In our version, the robot teacher
presents a sequence of colored targets (e.g., RED, GREEN,
YELLOW, BLUE) for the human user to traverse in the
specified order. The task begins with a sequence of three
colors. After the user successfully performs the three-color
ordered trajectory by visiting each of the colored targets
in order, the robot adds three more colors to the sequence
for the user to learn and follow. The robot keeps adding
items to the sequence until the user fails to remember, as
determined by sustained repeated errors in the performed
sequence.

The task is repeatable, since the color sequence can be
randomized and the task relies on memory more than learn-
ing of a specific concept, and the time it takes to perform
each individual task element, i.e., walk over to a specific
color target, is about 2-3 seconds, long enough for the robot
to sense and correct a user’s mistake. The traversal behav-
ior (going from one goal to another) is easily and accurately
observable by the robot. Together, these constitute a task
domain that is both learnable for the user (and whose dif-
ficulty can be adjusted to keep it interesting) and shapable
for the robot.
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Figure 2: The arena used in the experiments

3.1 Reinforcement and Shaping
The demonstration phase in our current implementation

involves the robot verbally stating the color sequence for the
user. The human user then attempts to execute the same
sequence of targets.

During the user’s execution of the memorized path, robot-
human shaping can be done by observing the behavior of the
user and providing appropriate reinforcement along the way,
thereby promoting fast task learning. Positive reinforcement
is given when the user attains a partial goal, i.e., one of the
colored targets, in the appropriate place in the sequence.
At that time the robot provides verbal approval by saying
“good” or “right on.” When the robot observes an incor-
rect action on the part of the user (i.e., having gone to the
incorrect target), it indicates the error verbally, by saying
statements to the effect of: “you’re wrong”, “whoops”, “try
again”, and “that isn’t right.”

When the robot senses that the user is about to make a
mistake, indicated by the user’s movement toward an incor-
rect goal, or a lack of movement, it attempts to interrupt the
user and signal what the correct behavior should be. The
robot uses a verbal cue, “ahem”, followed by pointing its
camera and “gazing” at the correct goal, thus indicating to
the user that a mistake is about to be made.

3.2 Behaviors and Observations
We determine the destination of the observed person by

using a Bayesian filter. The direction the tracked person is
moving is recorded in world coordinates over time, and the
probability of that bearing given a particular goal is fed into
the filter. When confidence of one target over the others is
attained, the filter returns a target goal.

The robot sensed the intended goal of the user by ob-
serving the direction that the user was moving. The pan-
tilt-zoom camera is invariably interpreted by human users
as the “eyes and head” of the robot. When the camera is
pointing at an object, human observers interpret it as the
robot “looking” at that object. The robot can observe the
intentions of the user through the person tracking discussed
above, and the user can observe the intentions of the robot
from observing its gaze.

We used the AT&T text-to-speech system [2] for speech
expression, which creates an audio recording simulating hu-
man speech. The result was an understandable while still
mechanical-sounding voice.

For this task, the robot correctly identified the current
goal that the user was over 99% of the time, with only one
mistake in over 200 observations. The robot was able to
intervene correctly when the user was moving to the wrong
goal 75% (30 of 40) of the time.

4. EXPERIMENT
This system was designed to observe if the robot’s inter-

ventions resulted in better performance in the memory task.
Performance is measured by how long a string of colors the
subject could remember and repeat.

We conducted a series of tests with 10 subjects. Each was
tested with and without shaping. The control condition in-
volved the subject repeating a color sequence recited by the
robot, and being informed of the robot if the sequence was
correct when completed, or interrupting when an incorrect
color was chosen. The shaping condition involved the robot
interrupting the subject if the robot observed the subject
moving to an incorrect goal.

5. RESULTS
During the control case, the subject was able to remember

a sequence an average of 8(SD=2.16) colors long. When
repeated for the shaping exercise, the subject was able to get
an average of 11.1(SD=3.18) colors long. With the robot’s
assistance through shaping interventions, an improvement
of 39% was achieved. These results are related to working
memory experiments conducted on different types of tasks.

6. CONTINUING WORK
Our continuing work includes exploring the nature of robot

shaping of human behavior by expanding to more complex
tasks that include interaction with people through gestures
or specific exercises, and problem solving in the real world.

We are interested in exploring the effect of perceived robot
personality and form on the performance of a human learn-
ing in robot-human teaching contexts.
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