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Aim: Human-machine interfaces have become necessary to ensure Why? Approaches to designing How? The proposed work will develop algorithms to control
safe, reliable interaction with complex systems in activities ranging kinesthetic feedback for robotic training physical hardware that will modify human operator motion.
from driving a wheelchair to rehabilitation therapy. Effective interfaces platforms lie on a spectrum from We will use haptic force generation both to create cues and
can reduce the cognitive load on a human operator by planning antagonistic and resistive strategies that to act on a person during motion to impact task performance.
efficient routes, automating obstacle avoidance, managing low level are dynamically updated based on user The generality of the approach (requiring only a physical
controls of robotics, and filtering input signals. Interfaces may also performance to passive assistive model and task encoded as an objective function) will enable
provide feedback aimed to improve task performance and training, Strategies in which users have a g broad spectrum of assistance previously implausible.

even after neurological injury. However, such interfaces must be able consistent guide during training. Training

to manage substantial uncertainty that stems from the unpredictable regimens at either end of the spectrum { ' — )

nature of human behavior. have been shown to be apIOFOIOrIf_ite Human >  User Input Controller Input <7 Model of Human-

The proposed work will create software-enabled, task-specific support depending on the type and relative | | qoonine Sysiem
isti i i i i - - difficulty of the task. Y

for assistive biomedical devices. The algorithms will enable devices to Shared Control | .

support motion when the goal is motor learning or relearning. Scheme > ACTION > SYSTEM STATE -

Experimental Platforms Hybrid Shared Control

Figure 1A: The Ekso Bionics exoskeleton
provides the means to assist a person
during balance and locomotion. In the
iIdeal case, it would adapt to the users’
natural gait pattern and allow them to
maneuver freely. The exoskeleton has
and will continue serving as an important
testbed for the developed algorithms.

Figure 2: We create a shared control paradigm based gkij|- -sensitivity &

on the filtering of user inputs. The robot assists with Real-time Adaptation
tasks by physically accepting, rejecting, or replacing
user actions.

We show that our filter-based approach is
sensitive to user skill level, meaning it engages
less, the better a user is at a task and vice versa.
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Data-driven Learning of Human- How should devices support motion when

' the goal Is motor learning or relearning?
Machine SyStemS How can we design feedback without

Q. dictating how a task is done?

Figure 4A: To control a dynamic human- G p - o €
machine  system, such as an ? J \ ? J & ?
exoskeleton, we need to be able to
quickly learn an approximation of its
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Figure 4B: We apply the same model-learning algorithms to data of human walking. i N 06 improves more quickly when
Visible below is gait partitioning of an individual walking freely in the Ekso Bionics © 18 s 7 subjects train using the
exoskeleton. Such segmentation is generated from only 30s of kinematic data. j= i - hybrid shared controller as
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In creas ed Sk| I I Reten'“ on Figure 5B: The automation was able to assist subjects in completing the cart-

pendulum inversion task when the hybrid shared controller was engaged.
Figure S5A: Participants trained in week 1 retain high performance level in week 2 as  Subjects perform better in terms of time to success and balance time compared

measured by RMS error and ergodicity. The trained group retains their initial performance to controls and their own unassisted trials. However, task-specific measures
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