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Abstract

In this work we explore the use of reinforcement learning (RL) to help with human decision making, combining state-
of-the-art RL algorithms with an application to prosthetics. Managing human-machine interaction is a problem of con-
siderable scope, and the simplification of human-robot interfaces is especially important in the domains of biomedical
technology and rehabilitation medicine. For example, amputees who control artificial limbs are often required to quickly
switch between a number of control actions or modes of operation in order to operate their devices. We suggest that
by learning to anticipate (predict) a user’s behaviour, artificial limbs could take on an active role in a human’s control
decisions so as to reduce the burden on their users. Recently, we showed that RL in the form of general value functions
(GVFs) could be used to accurately detect a user’s control intent prior to their explicit control choices. In the present
work, we explore the use of temporal-difference learning and GVFs to predict when users will switch their control in-
fluence between the different motor functions of a robot arm. Experiments were performed using a multi-function robot
arm that was controlled by muscle signals from a user’s body (similar to conventional artificial limb control). Our ap-
proach was able to acquire and maintain forecasts about a user’s switching decisions in real time. It also provides an
intuitive and reward-free way for users to correct or reinforce the decisions made by the machine learning system. We
expect that when a system is certain enough about its predictions, it can begin to take over switching decisions from the
user to streamline control and potentially decrease the time and effort needed to complete tasks. This preliminary study
therefore suggests a way to naturally integrate human- and machine-based decision making systems.
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1 Introduction

In this article we explore the use of reinforcement learning (RL) methods to assist in human decision making during the
control of a human-robot interface. We suggest that by acquiring and utilizing knowledge about a user’s control-related
decisions, control systems and human-machine interfaces could begin to take on an active role in human decision-making
so as to reduce the burden on their users. Knowledge about a user and their robotic system can take the form of learned
predictions about the interactions between the human and their device.

Learning and maintaining a wide range of predictive sensorimotor knowledge has been demonstrated in recent work
on Nexting (Modayil, White, and Sutton 2012) using learned General Value Functions (GVFs; Sutton et al. 2011). An
extension of conventional RL value functions, GVFs represent temporally extended predictions about arbitrary signals
of interest. GVFs can be learned in real time using standard RL methods, and have been successfully applied to gather
anticipatory knowledge during ongoing human-robot interactions (Pilarski et al. 2012, 2013). As shown in our recent
work, combining conventional control methods with GVF-derived predictions can potentially reduce the time and effort
needed for users to control a switching-based human-machine interface (Pilarski et al. 2012; Pilarski and Sutton 2012).

Observations from motor control in the human brain also suggest that the ongoing prediction of motor control choices
could potentially impact the intuitiveness and functionality of hybrid human-machine decision-making systems. There is
a strong relationship between sensorimotor prediction and control in the human brain, and anticipated motor outcomes
have been suggested as an important factor in generating and improving control (Flanagan et al. 2003). As described by
Flanagan et al. (2003) and Wolpert et al. (2001), predictions are thought to be learned by human subjects before they gain
control competency. It is possible that similar mechanisms will prove beneficial for human-robot interaction (Fagg et al.
2004). In particular, leveraging learned knowledge stored in GVFs may be a viable way to support the control-related
decisions made by a user with regard to their associated device.

As a motivating example, amputees who control artificial limbs are often required to quickly switch between a number
of control actions or modes of operation in order to operate their devices. The increasing complexity of their component
human-robot interfaces is in fact one of the major barriers to the use of modern artificial limbs. Artificial limbs commonly
use recorded muscle signals (electromyographic recordings, or EMG) to actuate the different joints and motors of a
robot system. This approach is termed myoelectric control. In more advanced myoelectric systems there are fewer EMG
recording sites available on an amputee’s body than there are degrees of freedom (DOF) in the prosthesis that the user
must control (Williams 2011). One solution to this problem has been the use of EMG signals or mechanical toggles to
enable a user to manually switch their control influence between the available joints, movements, grasping patterns, or
functions available via the robot arm (Figure 1). While this approach has proved viable for functional use, it is often
viewed by users as non-intuitive and unnatural, thereby increasing a user’s cognitive effort and the time needed to
complete a task. One notable example is the myoelectric interface for some commercial hand and forearm prostheses,
which often require a sequence of muscle contractions and manual changes by the user to select a desired gripping or
pinching pattern. As such, and despite the potential for restoring lost functions, many patients still reject the use of
electromechanical artificial limbs (Williams 2011; Micera et al. 2010).
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Figure 1: Example of function switching as used to control an assistive device. One problem for human-machine interaction
occurs when a machine’s controllable dimensions outnumber the control channels available to its human user.
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Figure 2: The experimental platform used in this work: a wearable robot limb that is controlled using muscle signals from
the human body, where the user sequentially controls and switches between the available joints using voluntary muscle
contractions (similar to the control interface for a commercial forearm prosthesis).

In the present work, we therefore explore the unification of RL with conventional switching-based control interfaces. In
particular, we demonstrate the use of online temporal-difference (TD) learning to predict when a user will switch their
control influence between the different control functions of an articulated robot arm. We expect that when a system
is certain enough about its predictions regarding a user’s switching target and switching timing, it can begin to take
over some function switching decisions from the user to streamline control and potentially decrease the time and effort
needed to complete tasks. Our over-arching goal is to develop predictive approaches that ultimately enable the more
natural control of complex assistive devices.

2 Methods

A wearable, myoelectrically controlled robot arm was used as the experimental platform for this work (Figure 2). This
system had four controllable actuators. Two joints of the robot arm could be controlled to move the limb left, right, up,
and down, approximating the motions provided by biological shoulder and elbow joints. The lower portion of the arm
could also flex inward and outward as in wrist joint movement, and the arm terminated in a simple gripping actuator.
Electrodes were affixed to the skin of non-amputee subjects and used to measure EMG signals from four different muscles
on the user’s body (DE-3.1 double differential electrodes and a Bangoli-8 acquisition system from Delsys, USA). These
EMG signals were mapped to two control channels: one to actuate a robotic joint, and one to switch between the different
joints in a fixed, sequential fashion.

We examined the ability of GVF-based TD learning to predict joint switching from human interaction with the robot
system during simple movement tasks. An able-bodied (non-amputee) subject actuated the myoelectric arm, using elec-
trodes affixed over the wrist flexor and wrist extensor muscles of each arm. Using this wearable system, each subject
performed a semi-repetitive motion, moving the robot’s shoulder to the right, moving the elbow up and down an arbi-
trary number of times, moving the shoulder joint back to the left, and then moving the wrist up and down an arbitrary
number of times. This H-shaped movement pattern was repeated for 10-30 minutes. As shown in Figure 3, this resulted
in a rich stream of data for use by the RL system, and provided a challenging setting for learning due to the temporal
variability and non-stationary nature of the user’s myoelectric control signals and switching behaviour.

The knowledge learned by our system regarding a user’s switching actions took the form of temporally extended pre-
dictions about a user’s switching prompts; these predictions were similar to the predictions made in our previous work
on anticipating the activity of user-controlled actuators (Pilarski et al. 2012; Pilarski and Sutton 2012). Predictions were
acquired and updated through multiple offline iterations using an implementation of GVFs (Sutton et al. 2011) and Nex-
ting (Modayil, White, and Sutton 2012). Following the approach of Pilarski et al. (2012), GVFs were updated on each time
step using TD learning with eligibility traces and tile-coding function approximation. Each GVF learner was initialized
with parameters specifying the prediction of interest, including the timescale of the temporally extended prediction and
the target signal of interest—here an on/off signal that was active when the user prompted the system to switch motor
functions. Signal sampling and learning updates occurred at 15 Hz (many times per second). The state representation
used by the machine learner was comprised of motor feedback (e.g., position, speed) from the robot arm and signals
relating to the human’s recorded muscle activity (e.g., processed EMG signals and switching cues), as well historical
information in the form of decayed traces of these signals. As in previous work, our system also learned a series of
temporally extended predictions regarding the motion of each user-driven joint and the user’s myoelectric signals (with
prediction done in the same way as for switching signal prediction, described above).
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Figure 3: Example of the sensorimotor data stream from the human-machine interface, including recorded muscle activity (EMG)
for control and switching channels (black and purple traces, left), human switching actions (purple trace, right), and the
angle and speed for three of the robot’s joints (red, blue, and green traces, right).

3 Results & Discussion

As shown in Figure 4, left, following a period of learning our approach demonstrated the ability to forecast an upcoming
switching cue from the human user. Advance knowledge of switching (a rise in the dark purple trace) was observed to
arrive a fraction of a second before the actual human-initiated event (grey pulse). Predictions on both training and test-
ing data (dark purple traces) were also observed to begin to approach the true, computed return (light purple trace) as
learned progressed. Additional learning is expected to improve the agreement between the true and learned predictions,
and testing is ongoing to determine the best state representation for this learning scenario. As expected from previous
work, our approach was also able to consistently anticipate which joint a human user would actuate next while perform-
ing their task (Figure 4, right). The timescale for all predictions shown in Figure 4 was 10 time steps. Testing and training
data were sampled from the same human user, with the training and testing sessions being conducted on different days.
The testing data were not seen by the learning system prior to evaluation.

By ranking the magnitude of joint activity predictions prior to manual switching by the user, a learning system is able
to determine the most appropriate joint to select at the time of switching (Pilarski et al. 2012). In other words, simple
relationships between the predictions can be used to formulate the system’s switching suggestions, i.e., which joint to
actuate next. These suggestions depend on both context and learned knowledge about a user’s preferences. The present
work contributes a way to determine the desired timing of switching actions. Taken together, these straightforward ap-
plications of learned predictive knowledge provide a way to allow a learning-based control system to gradually assume
more autonomy and decision-making responsibility during ongoing human-robot interactions. One useful feature of
this approach is that no explicit or time consuming reinforcement is needed from the human user to correct or affirm the
learning system’s suggested decisions; the use of a mode or function by the user verifies the system’s choices, while use
of an alternate function decreases the learning system’s predictions about the suitability of a given control option (Pi-
larski and Sutton 2012). Our approach therefore differs from predominant approaches to human-directed RL like human
reward (e.g., Thomaz and Breazeal 2008) and demonstration learning (e.g., Lin 1992).

The ability shown in the present work to anticipate a switching event promises to greatly reduce the need to manually
initiate switching. The time needed for switching could potentially even be eliminated in certain situations. As suggested
in Pilarski and Sutton (2012), removing the need to explicitly switch functions during commonly performed tasks could
result in almost as great a time savings as selecting the optimal switching target or function. These expectations remain
to be demonstrated in future work with non-amputee and amputee subjects.

4 Conclusions

In this work we demonstrated the use of reinforcement learning (RL) to help with human decision making, and specif-
ically provided a first step towards intuitive human interaction with a switching-based biomedical robot. Function
switching is a common way to deal with increasing device complexity, but it poses additional challenges to the natural
and efficient control devices by a user. To help address the barriers to streamlined human-robot interactions, we deployed
state-of-the-art RL techniques to acquire and maintain knowledge about a user and their robotic system. Our approach
was able to build up and maintain forecasts about a user’s switching behaviour in real time. We also confirmed previous
observations that our approach can detect a user’s control intent prior to their explicit control actions. Bringing together
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Figure 4: Example of switching event and joint activity predictions on previously unseen testing data after five iterations of TD
learning through 28k steps of training data. Left: switching event predictions begin to rise in advance of actual switching
events initiated by the user, as shown on both training and testing data. Right: predictions about joint activity rise in
advance of expected joint actuation. Modulating a control interface based on these predictions promises to reduce the
time needed for a user to complete a task with a multi-joint robot arm (Pilarski et al., 2012, Pilarski and Sutton 2012).

these two ideas, a system could potentially determine what function a user intends to deploy, and when they wish to
begin using the new function. Our approach allows a user to remain in direct control of a system while still allowing
the device to suggest or initiate increasingly appropriate control options. Furthermore, the opportunity for ongoing yet
optional human interaction in the decision-making process provides an intuitive and reward-free way for users to correct
or reinforce the decisions made by a semi-autonomous machine learning system. This preliminary study therefore opens
the way for naturally blending the control decisions made a human and their assistive robot or other human-machine
interface. Future work will continue to pursue the integration of biological and synthetic reinforcement learning and
decision-making systems.
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