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INTRODUCTION L . .
Actor-Critic Performance on Dynamic Arm Simulator 1
Functional Electrical Stimulation (FES) Setup
. Peoplle with s;;)in:lal tCOFtd ey (E3P1) & e Wiellls i o Ul 1es, (i st @i il eies end « Initial tests showed that the actor-critic was capable of learning a decent policy without any a priori knowledge.
muscles may be Intact. Practically, the actor-critic was pre-trained to mimic the PD controller developed by Jagodnik et al. (2008) before
« Functional Electrical Stimulation (FES) can activate these muscles to restore movement being tested for its ability to adapt to different arm dynamics.

Closed-Loop FES Control « Both actor and critic were artificial neural networks. The actor had 10 neurons in its hidden layer; the critic had 20.

» Open-loop control systems have been successful, but their
abilities are limited. Closed-loop controllers allow tighter
control, less user interaction, and can compensate for
modeling errors.

« Each episode lasts 2 seconds, during which the arm must move between random initial and desired goal states.

Noise in Arm State

Parameters
« Several parameters of the actor-critic can be modified, including the learning rate
and the amount of exploration done by the actor to find better policies (the
amount and shape of the noise injected into the actor’s output).

K. Jagodnik et al. (2008) have successfully implemented a
Proportional Derivative (PD) Controller to control the right
arm of a paralyzed patient .

If improperly set, the actor-critic will not learn.

« The set of parameters that do learn well in this environment is broad. In some, the
actor flops the arm around in a way seemingly irrelevant to achieving the goal

The PD Controller was trained using Dynamic Arm Simulator
1, which simulates the two-dimensional movement of a

human arm given stimulation to three muscle pairs (six state. In doing so, it is learning the dynamics of the arm, so when the exploration ° " . .
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» Reinforcement Learning (RL) allows the controller to adapt to changes in the dynamics of the arm, such
as the shift from simulation to the subject, or to compensate for muscle fatigue over time.

Adaptive Abilities
« To evaluate the performance of each controller, an evaluation scheme was devised that sums rewards as a function
of position error and muscle forces over 256 fixed movements.

« Even without changing the arm dynamics, the actor-critic was able to improve slightly upon the PD controller’s policy.

« Two tests were run to evaluate the actor-critic’s ability to adapt to different arm dynamics.

Actor-Critic Reinforcement Learning Architecture

* The biceps was given a constant

Continuous Actor-Critic . ; .
i . A . additional stimulation of 20% of the
« The Actor-Critic architecture (Sutton and Barto, 1998) simplifies the RL problem of learning the value of maximum. This approximates the

taking each action in each state by splitting the problem in two. The actor learns the policy (which action conditions of an observed patient.

is best in a state), while the critic learns the value of each state. This cuts the dimensionality of the
problem in half. « This changes the steady state of the

arm when using the PD’s policy.

« The triceps muscle was weakened by 80% to
represent a fatigued or atrophied muscle.

« The steady state does not change, but (when starting
clockwise of the goal) the arm overshoots initially.

Evaluation over Time

« The actor-critic architecture differs for a continuous or discrete state space. Both follow Figure 2.

Evaluation over Time Figure 9: Plot of Figure 8: The steady
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The critic uses these two to compute the Temporal Difference (TD) error, which
represents the difference between the expected and observed state and reward.
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