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Figure 1: The goal scoring behavior that we wish to learn from demonstration. Standard regression algo-
rithms assume a many-to-one mapping from perception to actuation. However, due to perceptual aliasing,
that assumption is false for this task. Multimap regression algorithms may be one way to enable learning of
finite state machine controllers such as these directly from perception-actuation tuples.

We argue for the development and use of multimap regression algorithms for interactive Robot Learning
from Demonstration (RLfD) as a step towards learning Finite State Machine (FSM) based policies.
Specifically, current techniques learn FSMs by combining known subtasks into overall behaviors [7] or learning
individual subtasks given the transitions between them [8]. What is needed are techniques for discovering
the number of subtasks and their policies from demonstrated input-output pairs. This estimation can be
viewed as inferring multiple overlapping many-to-one mappings.

Regression algorithms are appropriate for RLfD, since from demonstration we get pairs of robot per-
ception (8) and actuation (a), and seek to learn the policy or mapping 7(8) — a. Interactive training, or
tutelage, requires a computationally efficient algorithm that is capable of updating an approximated policy
as data arrives, and generating control signals to drive the robot as needed. Due to our desire for interac-
tive capabilities, we have thus considered incremental, sparse regression algorithms such as Sparse Online
Gaussian Processes [2] and Locally Weighted Projection Regression [9] for policy estimation [4].

These approaches work well when the underlying mapping is many-to-one. However, in FSM based
controllers such as the robot soccer goal scorer shown in Figure 1, the underlying mapping is one-to-many
(a multimap). That is, in certain world states, such as when the robot is checking the location of the goal in
Figure 1c, the perceptual information available to the robot does not uniquely determine the correct action
to perform!. Demonstration data may thus have multiple possible correct actions associated with a given
perception. If the observed data is assumed to be unimodally distributed around the true action, as it is
in standard regression, the learned policy may average these observations, resulting in inappropriate robot
behavior.

This issue, where one state requires different actions based on unobservable information, is known as
perceptual aliasing. Tt can arise when there is state that the robot cannot perceive (hidden state [5]),
inherent ambiguity in the task (equivalent actions [1]), or an alteration in task goals (subtask switch). The
last of these is what occurs in FSMs, when in addition to the perception, a controller must also know the
current subtask being performed in order to behave correctly.

Multimap regression can be used to directly approximate multimaps from perceptually aliased data. One
approach is an infinite mixture of experts model where new experts (subtasks) are continually hypothesized
as needed to approximate the observed data [6]. An incremental, sparse extension may be appropriate for
robot tutelage and be able to learn subtasks as demonstration occurs. By incorporating techniques that
infer the transitions between subtasks from the same data [3], full FSMs may be inferable.

1The robot cannot simultaneously view the goal and the ball, as the camera is located in the nose.
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