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Why Do We Need Shared Autonomy in Assistive Cyber-Physical Systems? Control Mode Selection to Disambiguate Human Intent Maximally

Aim: To enhance robot's intent inference by identifying control dimensions and modes that
disambiguate human intent maximally by eliciting more intent-expressive commands from the user.

Aim: To develop principled approaches to shared
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Why: The dimensionality mismatch between high-
dimensional robots and low-dimensional control
interfaces requires the control space to be partitioned
into control modes (Figure 1, Bottom). For full control of
the robot the user switches between these partitions and
this is known as mode switching. Mode switching adds to
Translation Mode W Finger Mode the cognitive workload and degrades task performance. =~ || Bl & Il Tl
Shared autonomy helps to alleviate some of the task
burden by letting the robot take partial responsibility of
task execution.

Confidence Difference

Separation
< . Gradient

Disambiguation metric
for control mode m.

m~ = argmax D,,
m

Mode with highest dis-
ambiguation capability.

L3
S “QSny
o y
Side view

Top view

Goals

=
2\

@,
f*&' : . . : . L
g \‘ We investigated different paradigms for assistive mode-
switching: a) Data-driven approaches to learn individual
mode-switching behavior and b) identifying control
modes that will elicit more informative control

commands from the human which will help the robot to
perform more accurate intent inference.
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Figure 1: 7DoF robotic arm. Control interfaces: 2D joystick
and 1D head array (Top). An example of partitioning of 7D
control space to form control modes for operating the robotic
arm (Bottom).
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