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1 Overview

We here demonstrate robot learning from demonstra-
tion using interactive tutelage. Our Dogged Learning
architecture (introduced in [1] and shown in Figure
1) combines concepts of teleoperative demonstration,
mixed-initiative control, feedback and transparency,
and real time policy inference. It is designed to
be abstract, applicable to many platforms (robots),
demonstration interfaces, and learning algorithms.

Briefly, a robot platform provides perceptual in-
puts to the system, which are displayed to a demon-
strator, as well as analyzed by a learned approximate
policy. Both the demonstrator and the learner gen-
erate desired action outputs, as well as confidence
values. The outputs can be NULL, and confidences
0, if either is not present. Using the confidences, the
system arbitrates between the two outputs by, for ex-
ample, taking the more confident output. Results of
arbitration are displayed to the user, and the cho-
sen action is passed to the robot, which performs as
commanded. Additionally, if the commanded action
is from the demonstrator, the action is paired with
the perception that led to it, and the pair is used by
the learner to update its policy approximation.

The DL architecture is embedded within the
RGame program, which allows for users who are not
co-located with the robots to generate demonstration
data for them. Further, the system collects data for
learning, and manages the learned policies. It is a
goal of our work that remote users can log in, train
robots to perform tasks, and then continue to moni-
tor and improve their performance over time.

2 Learning

Within DL, we use regression to directly approximate
the mapping from perception to actuation. Both
spaces are usually multidimensional and continuous,
although discrete spaces are also allowed. In order
to obtain realtime performance, which is necessary
for interactive tutelage, we have thus been exploring

incremental, sparse algorithms.

Initial experiments [2] used Locally Weighted Pro-
jection Regression [3] and Sparse Online Gaussian
Processes [4] to learn basic robot soccer skills on a
Sony AIBO robotic dog. However, issues of percep-
tual aliasing cause violations of the underlying as-
sumption that observed actions are unimodally dis-
tributed around the true desired one. That is, due to
hidden state, a particular perception may lead to dif-
ferent actions. Extending the perception to include
this state is one method to alleviate this issue [5], but
is not generally applicable.

Instead, we have developed a nonparametric
Bayesian technique [6] for regression with multi-
modal output distributions, or multimap (one-to-
many) policies. We consider a possibly infinite num-
ber of modes of the distribution, and estimate both
the number of modes and their properties incremen-
tally. We liken this approach to addressing the issues
of model selection and subtask learning in finite state
machine estimation. Using this learner, we hope to
learn policies dependant upon hidden state without
requiring explicit representations of that state.

3 Interface

A snapshot of the user interface is shown in Figure
2, along with several possible interface devices. Our
system is based on consumer electronics such as the
Nintendo Wii [7], and video games [8] in order to be
approachable by general users. Using this interface,
users teleoperate robots to perform tasks in the con-
text of a game, such as soccer. When a user ceases
to control the robot, an approximate policy based on
the user’s commanded controls can be used instead,
for continuing robot behavior.

In our system, users can select from a variety of
control devices and robots in order to compare the
relative benefits of each for themselves. Further, col-
lected data can be reused for empirical comparisons
of learning techniques and the development of new
approaches.
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Figure 1: The Dogged Learning architecture, which underlies RGame. It is abstract, allowing for multiple
possible platforms (robots), learning algorithms, and demonstration devices.
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(a) RGame Display
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Figure 2: Above: The RGame interface for remotely
demonstrating tasks to a robot. Here the robot is
an AIBO, and the perceptual space consists of color
blobs and motor positions. Below: Possible control
interfaces for use by the human demonstrator.
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