Reinforcement L earning with Multiple
Demonstrations

Adam Coates, Pieter Abbeel, Andrew Y. Ng
Department of Computer Science
Stanford University

Many tasks in robotics can be described as a trajectory tleatobot should follow. Unfortunately,
specifying the desired trajectory is often a non-triviaktaFor example, when asked to describe the
trajectory that a helicopter should follow to perform ancddetic flip, one would have to not only
(a) specify a complete trajectory in state space that iiéljt corresponds to the aerobatic flip task,
but also (b) ensure that the state space trajectory is ¢ensigith the helicopter's dynamics. This
is a non-trivial task for systems with complicated dynamics

In the apprenticeship learning setting, where an expervadable, one can instead have the ex-
pert demonstrate the desired trajectory. Unfortunatblyg, means that we must have an essentially
optimal expert available—since any learned controllergat bwill only be able to repeat the demon-
strated trajectory. Such a perfect demonstration may ik Hawot impossible, to acquire. However,
even suboptimal expert demonstrations often embody mathedalesired qualities. Even stronger,
repeated expert demonstrations are often suboptimalferelift ways, suggesting that a large num-
ber of suboptimal expert demonstrations could implicithcede the optimal demonstration. In this
piece of work we propose an algorithm that approximatelyaets this implicitly encoded optimal
demonstration from multiple suboptimal expert demongtnat In doing so, the algorithm learns a
target trajectory that not only mimics the behavior of thpex, but can even be significantly better.

The problem of extracting the underlying ideal trajectannii a set of suboptimal trajectories is not
a matter of merely averaging the states observed at eactstape A simple arithmetic average of

the states would result in a trajectory that does not obegyhamic constraints of the model. Also,

in practice, each of the demonstrations will occur at déferrates so that attempting to combine
states from the same time-step in each trajectory will nakvwooperly.

Our algorithm uses a generative model that describes therte#pmonstrations as noisy obser-
vations of the hidden, optimal target trajectory, with ea@gmonstration possibly occurring at a
different rate. An EM algorithm is developed to infer the diédh target trajectory and the necessary
model parameters using a Kalman smoother and an efficiersnoignprogramming algorithm to
perform the E-step.

We also show how prior knowledge can be easily incorporatddrther improve the quality of the
resulting “averaged” trajectory. For example, often omyapproximate dynamics model is known,
and our algorithm can estimate an improvement to the gedgralmics model specific to the tra-
jectory being performed by incorporating data from muétidemonstrations. Our formulation also
allows us to take out known expert flaws. For example, for &bpter performing in-place flips,
it is known that the helicopter can be centered around the gasition over the entire sequence of
flips. Our model incorporates this prior knowledge, anddegbut the position drift in the expert
demonstrations.

Our experimental results show that the resulting trajéesasre not only good, feasible trajectories
that can be used in reality, but also that the resulting perdmce meets or exceeds that of the expert
(as evaluated by our expert helicopter pilot). The preskalgorithm significantly extends the state
of the art in aerobatic helicopter flight ([1], [4]). Speciily, the learned trajectories resulted in
significantly better in-place flips and rolls than previgugbssible. The presented algorithm also
resulted in the first autonomous tic-tocs, a maneuver cersiteven more challenging than flips and



rolls. Movies of the flight results can be found at the Stasth#dutonomous Helicopter homepage:
http://www.cs.stanford.edu/groups/helicopter

Related work. In recent work on apprenticeship learning and inverse oetgfment learning
([2], [5], [7], [6]), the reward function is assumed be a Bmeombination of a known set of fea-
tures (rather than being defined by a trajectory), and thghtieig of the features is then estimated
from expert demonstrations. Most similar to our work, Atikesind Schaal [3] also estimate the de-
sired trajectory (for a pendulum swing-up task) from a desti@tion. However, they learn from a
single demonstration only, which can significantly limiethberformance obtained (or, equivalently,
increase the requirements on the expert) as discussedvioysearagraphs.
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