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(57) ABSTRACT

Methods and system for predicting the onset of a motor
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plurality of sensors configured to continuously record a
plurality of neuromuscular signals from a user and at least
one computer processor programmed to provide as input to
a trained statistical model, the plurality of neuromuscular
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METHODS AND APPARATUS FOR
INFERRING USER INTENT BASED ON
NEUROMUSCULAR SIGNALS

CROSS-REFERENCE TO RELATED
APPLICATIONS

This Application is a Continuation of U.S. application Ser.
No. 15/659,018, filed Jul. 25, 2017, eatitled “METHODS
AND APPARATUS FOR INFERRING USER INTENT
BASED ON NEUROMUSCULAR SIGNALS”, which
claims priority under 35 U.S.C. § 119(e) to U.S. Provisional
Application Ser. No. 62/366,419, filed Jul. 25, 2016, entitled
“METHOD AND APPARATUS FOR INFERRING USER
INTENTION”. The entire contents of each of these appli-
cations is incorporated by reference herein in its entirety.

BACKGROUND

Neuromuscular signals arising from the human central
nervous system provide information about neural activation
that results in the contraction of one or more muscles in the
human body. The neuromuscular signals may measure the
neural activation, the muscle excitation, the muscle contrac-
tion, or a combination of the neural activation and the
muscle contraction. Electromyography (EMG) sensors
placed on the surface of the human body record electrical
activity produced by skeletal muscle cells upon their acti-
vation. Signals recorded by EMG sensors are routinely used
to assess neuromuscular dysfunction in patients with motor
control disorders and have been used in some applications as
control signals for devices such as prosthetic limbs.

SUMMARY

Biophysical sensors such as EMG sensors record biologi-
cal signals in advance of the onset of motor activity. In the
case of EMG sensors arranged on the surface of the human
body, the biological signals recorded relate to the generation
of action potentials in muscle fibers of muscles of the human
body. Some embodiments are directed to analyzing EMG
signals using a trained statistical model to predict the onset
of a motor task prior to performance of the motor task.
Control signals determined based on the model predictions
may be used to control the operation of devices with short
latency.

Controlling devices based, at least in part, on a reliable
prediction of an onset of motor task rather than waiting until
a user has completed the motor task provides for an
improvement to conventional techniques for controlling
devices. Non-limiting illustrative applications include
replacements or enhancements for buttons or triggers/
switches for games that require fast reaction times, steering
or other operating inputs for physical or virtual vehicles
including cars, enhanced control of joysticks or navigational
controls, and manipulation of objects within a virtual reality
environment, such as picking up or throwing virtual balls.

Some embodiments are directed to a control system. The
control system comprises a plurality of sensors configured to
continuously record a plurality of neuromuscular signals
from a user, and at least one computer processor pro-
grammed to provide as input to a trained statistical model,
the plurality of neuromuscular signals and/or information
based on the plurality of neuromuscular signals, predict,
based on an output of the trained statistical model, whether
an onset of a motor action will occur within a threshold
amount of time, and send a control signal to at least one
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device based, at least in part, on the output probability,
wherein the control signal is sent to the at least one device
prior to completion of the motor action by the user.

Other embodiments are directed to at least one non-
transitory computer readable medium encoded with a plu-
rality of instructions that, when executed by at least one
computer processor perform a method. The method com-
prises providing, as input to a trained statistical model, a
plurality of neuromuscular signals recorded from a plurality
of sensors arranged on or around a part of a user’s body,
predicting whether an onset of a motor action will occur
within a threshold amount of time, and sending a control
signal to at least one device based, at least in part, on the
output probability, wherein the control signal is sent to the
at least one device prior to completion of the motor action
by the user.

Other embodiments are directed to a method of predicting
an onset of a motor action. The method comprises providing,
as input to a trained statistical model, a plurality of neuro-
muscular signals recorded from a plurality of sensors
arranged on or around a part of a user’s body, predicting,
using at least one computer processor, whether an onset of
a motor action will occur within a threshold amount of time,
and sending a control signal to at least one device based, at
least in part, on the output probability, wherein the control
signal is sent to the at least one device prior to completion
of the motor action by the user.

Other embodiments are directed to a computer system for
training a statistical model to predict an onset of a motor task
based, at least in part, on neuronuscular signal data. The
computer system comprises an input interface configured to
receive the neuromuscular signal data recorded during per-
formance of a motor action performed by one or more users,
receive result data indicating an outcome of the motor action
performed by the one or more users. The computer system
further comprises at least one storage device configured to
store a plurality of instructions that, when executed by at
least one computer processor perform a method of generat-
ing training data based, at least on part, on the received
neuromuscular signal data and the received result data,
training the statistical model using at least some of the
generated training data to output a trained statistical model,
determining an operating threshold used to interpret output
of the trained statistical model, and storing, by the at least
one storage device, the trained statistical model and the
operating threshold, wherein the trained statistical model is
configured to predict the onset of a motor task prior to
completion of the motor task by a user.

It should be appreciated that all combinations of the
foregoing concepts and additional concepts discussed in
greater detail below (provided such concepts are not mutu-
ally inconsistent) are contemplated as being part of the
inventive subject matter disclosed herein. In particular, all
combinations of claimed subject matter appearing at the end
of this disclosure are contemplated as being part of the
inventive subject matter disclosed herein.

BRIEF DESCRIPTION OF DRAWINGS

Various non-limiting embodiments of the technology will
be described with reference to the following figures. It
should be appreciated that the figures are not necessarily
drawn to scale.

FIG. 1 is a flowchart of a biological process for perform-
ing a motor task in accordance with some embodiments of
the technology described herein;
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FIG. 2 is a schematic diagram of a computer-based system
for predicting an onset of one or more motor tasks in
accordance with some embodiments of the technology
described herein;

FIG. 3 is a flowchart of an illustrative process for gener-
ating a statistical model for predicting the onset of one or
more motor tasks using neuromuscular signals, in accor-
dance with some embodiments of the technology described
herein;

FIG. 4 is a flowchart of an illustrative process for using a
trained statistical model to predict the onset of one or more
motor tasks using neuromuscular signals, in accordance with
some embodiments of the technology described herein.

FIG. 5A illustrates a wristband having EMG sensors
arranged circumferentially thereon, in accordance with some
embodiments of the technology described herein; and

FIG. 5B illustrates a user wearing the wristband of FIG.
5A while typing on a keyboard, in accordance with some
embodiments of the technology described herein.

DETAILED DESCRIPTION

Coordinated movements of skeletal muscles in the human
body that collectively result in the performance of a motor
task originate with neural signals arising in the central
nervous system. The neural signals travel from the central
nervous system to muscles via spinal motor neurons, each of
which has a body in the spinal cord and axon terminals on
one or more muscle fibers. In response to receiving the
neural signals, the muscle fibers contract resulting in muscle
movement.

FIG. 1 illustrates a flowchart of a biological process 100
for initiating a motor task by the coordinated movement of
one or more muscles. In act 102, action potentials are
generated in one or more efferent spinal motor neurons. The
motor neurons carry the neuronal signal away from the
central nervous system and toward skeletal muscles in the
periphery. For each motor neuron in which an action poten-
tial is generated, the action potential travels along the axon
of motor neuron from its body in the spinal cord where the
action potential is generated to the axon terminals of the
motor neuron that innervate muscle fibers included in skel-
etal muscles.

A chemical synapse formed at the interface between an
axon terminal of a spinal motor neuron and a muscle fiber is
called a neuromuscular junction. As an action potential
transmitted along the axon of a motor neuron reaches the
neuromuscular junction, process 100 proceeds to act 104,
where an action potential is generated in the muscle fiber as
a result of chemical activity at the neuromuscular junction.
In particular, Acetylcholine released by the motor neuron
diffuses across the neuromuscular junction and binds with
receptors on the surface of the muscle fiber triggering a
depolarization of the muscle fiber. Although neuromuscular
signals sensed on the body surface generated by individual
muscle fibers are small (e.g., less than 100 pV), the collec-
tive action of multiple muscle fibers conducting simultane-
ously results in a detectable voltage potential that may be
recorded by neuromuscular (e.g., EMG) sensors located on
the surface of the body.

Following generation of an action potential in the muscle
fiber, process 100 proceeds to act 106, where the propaga-
tion of the action potential in the muscle fiber results in a
series of chemical-mediated processes within the muscle
fiber. For example, depolarization of a muscle fiber results in
an influx of calcium ions into the muscle fiber. Calcium ions
inside the muscle fiber bind with troponin complexes caus-
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ing the troponin complexes to separate from myosin binding
sites on actin filaments in the muscle fiber, thereby exposing
the myosin binding sites.

Following these chemical-mediated processes, process
100 proceeds to act 108, where the muscle fiber contracts.
Muscle fiber contraction is achieved due to the binding of
exposed myosin heads with actin filaments in the muscle
fiber creating cross-bridge structures. Process 100 then pro-
ceeds to act 110, where the collective contraction of muscle
fibers in one or more muscles results in the performance of
a motor task. The motor task may be a simple task such as
a button press, which involves only a few muscles in a finger
and/or wrist, a more complex task such as grasping and
turning a doorknob involving several muscles of the hand,
wrist and arm, or a motor task of any other complexity, as
embodiments of the technology described herein are not
limited in this respect.

Neural activity, muscle fiber recruitment, muscle contrac-
tion and joint movement all precede the completion of a
motor task. For example, the chemical-mediated and
mechanical processes involved in acts 106 and 108 of
process 100 are not instantaneous, but occur over a time
period, which may be on the order of hundreds of millisec-
onds. Accordingly, there is a time delay between when
neuromuscular sensors placed on or near the body surface
record the generation of action potentials in the muscle
fibers at act 104 in process 100 and when the motor task is
performed in act 110. The inventors have recognized and
appreciated that rather than waiting until the intentional
action is performed, signals recorded from neuromuscular
sensors may be used to predict the motor task to be per-
formed in advance of the task actually being performed by
the wearer of the sensors.

Throughout this disclosure electromyography (EMG)
sensors are used as examples of the type of neuromuscular
sensors configured to detect neuromuscular activity. How-
ever it should be appreciated that other types of neuromus-
cular sensors including, but not limited to, mechanomyog-
raphy (MMG) sensors and sonomyography (SMQG) sensors
may additionally or alternatively be used in combination
with EMG sensors to detect neuromuscular activity in
accordance with some embodiments. The neuromuscular
signals recorded by the neuromuscular sensors may be used
to predict the onset of one or more motor tasks being
performed by the wearer of such sensors.

Accordingly, some embodiments are directed to predict-
ing with short latency (e.g., prior to a motor task being
performed), based on recorded neuromuscular signals (e.g.,
EMG signals, MMG signals, and SMG signals), the onset of
the motor task using a statistical model trained to model
neuromuscular activity leading to the performance of the
motor task. In some embodiments, the neuromuscular sig-
nals are recorded continuously and predictions are made
based on the continuously recorded neuromuscular signals.
As a non-limiting example of a simple motor task of
pressing a button, some embodiments determine, based on a
plurality of neuromuscular signals, a likelihood that the
button will be pressed prior to the user actually pressing the
button. In some embodiments the prediction can be made 10
milliseconds prior to the action being performed, in other
embodiments the prediction can be made 50 milliseconds,
100 milliseconds, 200 milliseconds, or 250 milliseconds
prior to the task being performed. The prediction may be
made 50-100 milliseconds, 100-200 milliseconds, or 200-
300 milliseconds prior to the task being performed in some
embodiments. The prediction of a user’s intention to per-
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form a motor task in accordance with some embodiments
can be used to control devices at short latency, as discussed
in more detail below.

FIG. 2 illustrates a system 200 in accordance with some
embodiments. The system includes a plurality of neuromus-
cular sensors 210 configured to record signals arising from
neuromuscular activity in skeletal muscle of a human body.
Neuromuscular sensors 210 may include one or more EMG
sensors, one or more MMG sensors, one or more SMG
sensors, and/or one or more sensors of any suitable type that
are configured to detect neuromuscular signals. Typical
EMG sensors include electrodes which detect electric poten-
tials on the surface of the body and hardware processing
circuitry that processes the raw EMG signal to perform
amplification, filtering (e.g., low pass, high pass, band pass,
shaping, narrow band, wide band, temporal etc.), or other
types of signal processing (e.g., rectification). Some embodi-
ments employ EMG sensors including hardware signal
processing circuitry for processing recorded EMG signals.
Other embodiments employ EMG sensors, where at least
some of the processing circuitry is performed by one or more
circuits in communication with, but not directly integrated
with the electrodes that record the signals. In other embodi-
ments, at least some (e.g., all) of the signal processing (e.g.,
amplification, filtering, rectification, etc.) may be imple-
mented using software rather than by using hardware signal
processing circuitry. Thus, signal processing of EMG signals
(e.g., amplification, filtering, and rectification) may be per-
formed in hardware only, in software only, or by any
combination of hardware and software, as aspects of the
technology described herein are not limited in this respect.

In some embodiments, neuromuscular sensors 210
include one or more MMG sensors and/or one or more SMG
sensors in addition to or instead of EMG sensors. When
used, MMG and SMG sensors may be of any suitable type,
as aspects of the technology described herein are not limited
in this respect. Some embodiments employ MMG and/or
SMG sensors that include hardware signal processing cir-
cuitry for performing signal processing (e.g., amplification,
filtering, and rectification) on recorded MMG and/or SMG
signals. In other embodiments, at least some signal process-
ing of the MMG and/or SMG signals may be performed in
software. Thus, signal processing of MMG and/or SMG
signals may be performed in hardware only, in software
only, or by any suitable combination of hardware and
software, as aspects of the technology described herein are
not limited in this respect.

In some embodiments, the plurality of neuromuscular
sensors 210 includes one or more pairs of neuromuscular
sensors arranged as a portion of a wearable device config-
ured to be worn on or around part of a user’s body. For
example, in one non-limiting example, a plurality of neu-
romuscular sensors may be arranged circumferentially
around an adjustable and/or elastic band such as a wristband
or armband configured to be worn around a user’s wrist or
arm.

In one implementation, 16 EMG sensors are arranged
circumferentially around an elastic band configured to be
worn around a user’s lower arm. For example, FIG. 5A
shows EMG sensors 504 arranged circumferentially around
elastic band 502. It should be appreciated that any suitable
number of EMG sensors may be used and the particular
number and arrangement of EMG sensors used may depend
on the particular application for which the wearable device
is used. For example, a wearable armband or wristband may
be used to predict hand-based motor tasks such as pressing
button or moving a joystick, whereas a wearable leg or ankle
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band may be used to predict foot-based motor tasks such as
pressing the gas or brake pedal on a vehicle such as a real
or virtual car. For example, as shown in FIG. 5B, a user 506
may be wearing elastic band 502 on hand 508. In this way,
EMG sensors 504 may be configured to record EMG signals
as a user controls keyboard 512 using fingers 510.

In some embodiments, multiple wearable devices, each
having one or more EMG sensors included thereon may be
used to predict the onset of complex motor tasks that involve
multiple parts of the body.

System 200 also includes one or more computer proces-
sors 212 programmed to communicate with sensors 210. For
example, signals recorded by sensors 210 may be provided
to processor(s) 212 for processing. Processor(s) 212 may be
implemented in hardware, firmware, software, or any com-
bination thereof. Additionally, processor(s) 212 may be
co-located on the same wearable device as the neuromus-
cular sensors 210 or may be at least partially located
remotely (e.g., processing may occur on one or more net-
work-connected processors).

System 200 also includes datastore 214 in communication
with processor(s) 212. Datastore 214 may include one or
more storage devices configured to store information
describing a statistical model used for prediction of the onset
of motor tasks in accordance with some embodiments.
Processor(s) 212 may be configured to execute one or more
machine learning algorithms that process signals output by
the sensor(s) 210 to train a statistical model stored in
datastore 214, and the trained (or retrained) statistical model
may be stored in datastore 214 for later use in predicting the
onset of a motor task. Non-limiting examples of statistical
models that may be used in accordance with some embodi-
ments to predict the onset of a motor task based on recorded
neuromuscular signals are discussed in more detail below.

In some embodiments, processor(s) 212 may be config-
ured to communicate with neuromuscular sensors 210, for
example to calibrate the sensors prior to measurement of
neuromuscular signals. For example, a wearable device may
be positioned in different orientations on or around a part of
auser’s body and calibration may be performed to determine
the orientation of the wearable device and/or to perform any
other suitable calibration tasks. Calibration of neuromuscu-
lar sensors 210 may be performed in any suitable way, and
embodiments are not limited in this respect. For example, in
some embodiments, a user may be instructed to perform a
particular sequence of movements and the recorded neuro-
muscular activity may be matched to a template by virtually
rotating and/or scaling the signals detected by the sensors
(e.g., by the electrodes on EMG sensors). In some embodi-
ments, calibration may involve changing the gain(s) of one
or more analog to digital converters (ADCs), for example, in
the case that the signals detected by the sensors result in
saturation of the ADCs.

System 200 also includes one or more devices 216
configured to be controlled based, at least in part, on
processing by processor(s) 212. As discussed in more detail
below, processor(s) 212 may implement a trained statistical
model 214 configured to predict the onset of a motor task
based, at least in part, on neuromuscular signals recorded by
sensors 210 (e.g., EMG sensors, MMG sensors, and SMG
sensors), and one or more control signals determined based
on the predicted onset of the motor task may be sent to
device 216 to control one or more operations of the device
with a latency shorter than would be achieved if the control
signal was not sent until motor task completion. In some
embodiments, device 216 may be controlled with a latency
of a duration that is not perceptible, difficult to perceive, or
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unlikely to be perceived by humans, or with a latency of a
duration that is imperceptible to a person with ordinary
sensory perception.

Device 216 may include any device configured to receive
control signals through a control interface. Non-limiting
examples of devices include consumer electronics devices
(e.g., television, smartphone, computer, laptop, telephone,
video camera, photo camera, video game system, appliance,
etc.), vehicles (e.g., car, marine vessel, manned aircraft,
unmanned aircraft, farm machinery, etc.), robots, weapons,
or any other device that may receive control signals through
one or more control interfaces.

A device 216 may be controlled through any suitable type
of control interface. A control interface may be implemented
using hardware, software, or any suitable combination
thereof. For example, a device 216 may be a video game
system which may be controlled through a game controller.
As another example, a device 216 may be a computing
device, which may be controlled through a keyboard, key-
pad, and/or a mouse. As another example, a device may be
a computing device, which may be touch controlled through
a graphical user interface generated by a touch-screen dis-
play. As another example, a device may be a vehicle (e.g,,
a car, an aircraft, a marine vessel, an unmanned aerial
vehicle, etc.), which may be controlled through one or more
mechanical control devices (e.g., pedals, wheel, joystick,
paddles, levers, knobs. etc.).

In some embodiments, system 200 may be trained to
predict the onset of one or more motor actions performed by
the user. The motor actions may include control actions a
user takes with respect to a control interface of a device of
devices 216. For example, when the control interface of a
device includes one or more buttons, the system 200 may be
trained to predict whether a user will press one or more of
the buttons within a threshold amount of time. In some
embodiments, the system 200 may be trained by recording
the neuromuscular signals of one or more users as the user(s)
provide input through a control interface of a device. After
such training, the system 200 may be configured to predict,
based on a particular user’s neuromuscular signals, whether
the user will perform one or more comntrol actions with
respect to the control interface.

In some embodiments, after system 200 is trained to
predict, based on a particular user’s neuromuscular signals,
whether the user will perform one or more control actions
with respect to the control interface of a device, a user may
utilize the system 200 to control the device without the
control interface. For example, when the system 200 is
trained to predict the control actions that the user intends to
take with high accuracy (e.g., at least a threshold accuracy),
the predictions themselves may be used to control the
device.

In some embodiments, a user may utilize a combination
of the system 200 and the control interface to control a
device. For example, when the system 200 generates a
prediction of the control action that the user will take with
respect to the control interface and the prediction is gener-
ated with at least a threshold amount of confidence and/or
within a threshold amount of time of when the predicted
action is to take place, the prediction may be used to
generate a control signal and the system 200 may control the
device. On the other hand, if the prediction is generated with
lower than a threshold confidence or is generated too far in
advance, the system 200 may be configured to not use such
a prediction to control the device. In that case, the user may
control the device directly through the control interface.
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Some embodiments include a feedback system configured
to be initiated based on a control signal provided pro-
cessor(s) 212 in accordance with some embodiments. The
feedback system may represent a final motor task to be
performed and may be initiated simultaneously with task
completion. In some embodiments, the feedback system
may be configured to provide feedback using haptic tech-
nology or using a buzzer system.

As discussed above, some embodiments are directed to
using a statistical model for predicting the onset of a motor
task prior to completion of the motor task by a user. The
statistical model may be used to predict the onset of a motor
task based on neuromuscular signals (e.g., EMG, MMG, and
SMG signals) detected as a result of neuromuscular activity
that occurs in advance of the motor task onset. FIG. 3
describes a process 300 for generating (sometimes termed
“training” herein) such a statistical model from EMG signals
recorded for one or more users prior to the user(s) perform-
ing one or more motor task(s). Although process 300 is
described herein with respect to EMG signals, it should be
appreciated that process 300 may be used to train a statistical
model for predicting the onset of a motor task based on
EMG signals, MMG signals, SMG signals, or any suitable
combination thereof.

Process 300 may be executed by any suitable computing
device(s), as aspects of the technology described herein are
not limited in this respect. For example, process 300 may be
executed by processors 212 described with reference to FIG.
2. As another example, one or more acts of process 300 may
be executed using one or more servers (e.g., servers part of
a cloud computing environment). For example, at least a
portion of act 310 relating to training of a statistical model
(e.g., a neural network) may be performed using a cloud
computing environment.

Process 300 begins at act 302, where a plurality of
neuromuscular signals is obtained for one or multiple users
performing one or more motor tasks. In some embodiments,
the plurality of EMG signals may be recorded as part of
process 300. In other embodiments, the plurality of EMG
signals may have been recorded prior to the performance of
process 300 and are accessed (rather than recorded) at act
302.

In some embodiments, the EMG signals obtained at act
302 may be pre-processed using amplification, filtering,
rectification or other types of signal processing. In some
embodiments, the filtering may comprise temporal filtering
implemented using convolution operations and/or equiva-
lent operations in the frequency domain (e.g., after the
application of a discrete Fourier transform).

In some embodiments, the plurality of EMG signals may
include EMG signals recorded for a single user performing
one or multiple motor tasks. The user may be instructed to
perform a motor task (e.g., pressing one of two buttons) and
EMG signals corresponding to the user’s neuromuscular
activity may be recorded as the user performs the motor task
he/she was instructed to perform. The EMG signals may be
recorded by any suitable number of EMG sensors located in
any suitable location(s) to detect the user’s neuromuscular
activity that is relevant to the motor task. For example, after
a user is instructed to perform a motor task with the fingers
of his/her right hand, the EMG signals may be recorded by
multiple EMG sensors circumferentially (or otherwise)
arranged around the user’s lower right arm. As another
example, after a user is instructed to perform a motor task
with his/her leg (e.g., to push one of two pedals, for example,
either a gas or brake pedal in a car), the EMG signals may
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be recorded by multiple EMG sensors circumferentially (or
otherwise) arranged around the user’s leg.

In some embodiments, the EMG signals may be recorded
at multiple time points as a user performs a motor task. As
a result, the recorded EMG signals may include EMG data
obtained by multiple EMG sensors at each of multiple time
points. Assuming that n EMG sensors are arranged to
simultaneously measure the user’s neuromuscular activity
during performance of the motor task, the recorded EMG
signals for the user may comprise a time series of K
n-dimensional vectors {x,|1=k=<K} at time points t,, t,, . . .
, tg prior and up to the completion of the motor task.

In some embodiments, a user may be instructed to per-
form a motor task multiple times and the user’s neuromus-
cular activity may be recorded for each of multiple repeti-
tions of the task by the user. In some embodiments, the
plurality of EMG signals may include EMG signals recorded
for multiple users, each of the multiple users performing the
same motor task one or more times. Fach of the multiple
users may be instructed to perform the motor task and EMG
signals corresponding to that user’s neuromuscular activity
may be recorded as the user performs (once or repeatedly)
the motor task he/she was instructed to perform. When EMG
signals are collected by multiple users which are combined
to generate a statistical model, an assumption is that different
users invoke similar neuromuscular activity for performing
the same motor task. Collecting EMG signals from a single
user performing the same task repeatedly and/or from mul-
tiple users performing the same motor task one or multiple
times facilitates the collection of sufficient training data to
generate a statistical model that can accurately predict the
onset of a motor task prior to the performance of the motor
task. In some embodiments, a user-independent statistical
model may be generated based on training data correspond-
ing to the recorded EMG signals from multiple users, and as
the system is used by a user, the statistical model is retrained
based on recorded EMG data such that the statistical model
learns the user-dependent characteristics to refine the pre-
diction capabilities of the system for the particular user.

In some embodiments, the plurality of EMG signals may
include EMG signals recorded for a user (or each of multiple
users) performing each of multiple motor tasks one or
multiple times. For example, a user may be instructed to
perform each of multiple tasks (e.g., pressing the first of two
buttons on a keypad and pressing the second of two buttons
on the keypad) and EMG signals corresponding to the user’s
neuromuscular activity may be recorded as the user per-
forms each of the multiple motor tasks he/she was instructed
to perform. Collecting such EMG data may facilitate devel-
oping a statistical model for predicting the onset of one of
multiple different actions that may be taken by the user. For
example, training data that incorporates responses to mul-
tiple actions may facilitate generating a statistical model for
predicting which of multiple possible inputs a user may
provide to one or more control devices (e.g., a keypad, a
joystick, a mechanical control input, an input to a graphical
user interface, etc.) in the user’s environment.

As discussed above, the EMG data obtained at act 302
may be obtained by recording EMG signals as each of one
or multiple users performs each of one or more actions one
or more multiple times. The results of the tasks performed by
these user(s) may be obtained at act 304 (e.g., which button
was pressed, which input was provided, which controller
was moved). As one non-limiting example, EMG data
obtained at act 302 may include EMG signals as a user is
performing the task of pressing a particular button on a
keypad. In this example, information indicating which but-
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ton was pressed by the user (e.g., the button “A”) is
obtained. In this way, the actions performed by the user(s)
are recorded in addition to recording the EMG signals
preceding the performance of the tasks. In some embodi-
ments, when EMG signals are recorded prior to the execu-
tion of process 300 and are accessed at act 302, the results
of the tasks performed by the users may also be recorded
prior to the execution of process 300 and may be accessed
at act 304. In other embodiments, the results of the tasks may
be recorded at act 304.

Next, process 300 proceeds to act 306, where a prediction
timescale threshold may optionally be obtained. The pre-
diction timescale threshold provides an indication of how far
into the future the statistical model being generated as part
of process 300 will attempt to predict the onset of a user
action. For example, if the prediction timescale threshold is
set at 250 milliseconds (ms), then the trained statistical
model generated as part of process 300, may be used to
predict, based on EMG signals obtained from a user, the
probability that the onset of a motor task will occur in the
next 250 milliseconds. It should be appreciated that this
prediction timescale threshold is different from the operating
threshold described below with reference to act 312. The
operating threshold relates to a probability threshold rather
than being a time-based threshold.

Any suitable prediction timescale threshold (including no
prediction timescale threshold) may be used, as aspects of
the technology described herein are not limited in this
respect. Setting this threshold too high (e.g., multiple sec-
onds) may result in additional computation being performed,
but is unlikely in practice to provide any added performance
benefit because the neuromuscular activity being processed
by the model may not correlate with the performance of the
motor task performed so far in the future. For example,
during that time there may have been intervening events
resulting in the user changing their mind about what task to
perform. Setting the prediction timescale threshold too low
(e.g., on the order of microseconds) may result in reliable
predictions, but such predictions may have limited value as
they are close to the time when the onset of the task is
performed by the user. Accordingly, in some embodiments,
the prediction timescale threshold is not set at either of these
extremes. In some embodiments, the prediction timescale
threshold may be at least 50 ms, at least 100 ms, at least 250
ms, at least 500 ms, at least 1 s, between 50 and 250 ms,
between 100 and 500 ms, between 200 ms and 800 ms, or
in any other suitable range in these ranges. In embodiments
in which a prediction timescale threshold is not set (or when
the prediction timescale threshold is set at a sufficiently long
value), the statistical model may nonetheless be trained
using recorded EMG signals, though the learning process for
the model may take longer than if a suitable prediction
threshold for the motor task or series of motor tasks was set.

Next, process 300 proceeds to act 308, where the data
obtained at acts 302 and 304 is combined to create training
data used for training a statistical model at act 310. The
obtained data may be combined in any suitable way. In some
embodiments, each of the EMG signals obtained at act 302
may be associated with an action corresponding to the result
of the motor task being performed by the user when the
EMG signals were recorded. For example, EMG signals
obtained at time greater than the prediction timescale thresh-
old in advance of the user performing a motor task may be
associated with a “no action” label and EMG signals
obtained between a time corresponding to the prediction
timescale threshold amount before the onset of the motor
task and the onset of the motor task may be labeled with the
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task that was performed by the user. In this way, the
statistical model may be trained to predict the occurrence of
an action within the prediction timescale threshold of time
into the future.

Act 308 is further illustrated in Table 1, which shows that
EMG signals obtained at a time greater than the prediction
timescale threshold in advance of a user pressing the button
“A” are labeled with the name of the action (i.e., “A”),
whereas EMG signals obtained earlier than the predication
timescale threshold are labeled with the label “no action.” In
this example, the prediction timescale threshold is at a time
between when the EMG signals x; and x, were recorded.

TABLE 1

Training data consisting of EMG signals X, . . . X, recorded
by EMG sensors worn by a user after the user is instructed
to push the button “A” and before the user pushed
this button. The EMG signals are associated with corresponding
actions including “A” and “no-action.”

No Action ~ No Action ~ No Action A A A A

X) % X3 Xy Xs Xg X7

As a non-limiting example, the EMG signals obtained at
act 302 for a particular user may comprise a sequence of
vectors  {x;/1sksK} generated using measurements
obtained at time points t,, t,, . . . , lz, where the ith
component of vector x; is a value measured by the ith EMG
sensor at time t; and/or derived from the value measured by
the ith BMG sensor at time t,. Let M denote the prediction
timescale threshold. If the user performed the task (e.g.,
pressed the button “A” that the user was instructed to press)
at time T, then any vector x;, obtained at a time t,, that occurs
within M of T (i.e., IT-t,/]sM) may be associated with the
result of the task (e.g., with information indicating that the
user pressed the button “A™). On the other hand, any vector
X, obtained at a time t, that does not occur within M of T
(ie., IT-t>M) may be associated with the “no action”
result (e.g., the user did not press the button “A” within the
prediction timescale threshold).

Next, process 300 proceeds to act 310, where a statistical
model for predicting the onset of a motor task is trained
using the training data generated at act 308.

The statistical model being trained may take as input a
sequence of data sets each of which comprises an n-dimen-
sional vector of EMG sensor data. The statistical model may
provide output that indicates, for each of one or more motor
tasks that may be performed by a user, the likelihood or
probability that the onset of a motor task will occur within
a threshold amount of time in the future. For example, the
statistical model may take as input a sequence of vectors
{x;/1sk<K} generated using measurements obtained at time
points t;, t,, . . . , tz, Where the ith component of vector x;
is a value measured by the ith EMG sensor at time t; and/or
derived from the value measured by the ith EMG sensor at
time 1. Based on such input, the statistical model may
provide output indicating, for each action in a set of actions
(which set may include a member corresponding to not
taking any action), a probability that the onset of the action
will occur within a threshold amount of time in the future,
which threshold may be the threshold selected at act 306. As
one non-limiting example, the statistical model may be
trained to anticipate which one of multiple keys on a keypad
the user will press within the threshold amount of time in the
future. In this example, the statistical model may output, for
each key on the keypad, a value indicating the probability
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that the user will press that key within the threshold amount
of time in the future. Additionally, the statistical model may
provide output indicating the probability that the user will
not press any key within the threshold amount of time in the
future.

In some embodiments, the statistical model may be a
neural network and, for example, may be a recurrent neural
network. In some embodiments, the recurrent neural net-
work may be a long short-term memory (LSTM) neural
network. It should be appreciated, however, that the recur-
rent neural network is not limited to being an LSTM neural
network and may have any other suitable architecture. For
example, in some embodiments, the recurrent neural net-
work may be a fully recurrent neural network, a recursive
neural network, a Hopfield neural network, an associative
memory neural network, an Elman neural network, a Jordan
neural network, an echo state neural network, a second order
recurrent neural network, and/or any other suitable type of
recurrent neural network. In other embodiments, neural
networks that are not recurrent neural networks may be used.
For example, deep neural networks, convolutional neural
networks, and/or feedforward neural networks, may be used.

In some of the embodiments in which the statistical model
is a neural network, the neural network may include a
softmax layer such that the outputs add up to one and may
be interpreted as probabilities. The output of the softmax
layer may be a set of values corresponding to a respective set
of actions, with each value indicating a probability that the
user will perform a respective action in the set of actions
within a threshold amount of time in the future. As one
non-limiting example, the output of the softmax layer may
be a set of three probabilities (e.g., 0.92, 0.05, and 0.03)
indicating the respective probabilities that the user will press
one of the keys “A”, “B”, and “C” on a keypad within a
threshold amount of time in the future (e.g., within 250
milliseconds in the future and/or any other suitable thresh-
old, examples of which are provided herein).

It should be appreciated that when the statistical model is
a neural network, the neural network is not required to
produce outputs that add up to one. For example, instead of
a softmax layer, the output layer of the neural network may
be a sigmoid layer (which has no restriction that the prob-
abilities add up to one). In such embodiments, the neural
network may be trained with a sigmoid cross-entropy cost.
Such an implementation may be advantageous in the case
when multiple different actions may occur within a threshold
amount of time and it is not important to distinguish the
order in which these actions occur (e.g., a user may press
two buttons at the same time with the threshold amount of
time). In some embodiments, any other suitable non-proba-
bilistic multi-class classifier may be used, as aspects of the
technology described herein are not limited in this respect.

It should be appreciated that aspects of the technology
described herein are not limited to using neural networks, as
other types of statistical models may be employed in some
embodiments. For example, in some embodiments, the
statistical model may comprise a hidden Markov model
(HMM), a switching HMM with the switching allowing for
toggling among different dynamic systems, dynamic Bayes-
ian networks, and/or any other suitable graphical model
having a temporal component. Any such statistical model
may be trained at act 310 using the EMG data obtained at act
302.

As another example, in some embodiments, the statistical
model may be a classifier taking as input, features derived
from the EMG data obtained at act 302. In such embodi-
ments, the classifier may be trained at act 310 using features



US 10,656,711 B2

13

extracted from the EMG data obtained at act 302. The
classifier may be a support vector machine, a Gaussian
mixture model, a regression based classifier, a decision tree
classifier, a Bayesian classifier, and/or any other suitable
classifier, as aspects of the technology described herein are
not limited in this respect. Input features to be provided to
the classifier may be derived from the EMG data obtained at
act 302 in any suitable way. For example, the EMG data may
be analyzed as time series data using wavelet analysis
techniques (e.g., continuous wavelet transform, discrete-
time wavelet transform, etc.), Fourier-analytic techniques
(e.g., short-time Fourier transform, Fourier transform, etc.),
and/or any other suitable type of time-frequency analysis
technique. As one non-limiting example, the EMG data may
be transformed using a wavelet transform and the resulting
wavelet coeflicients may be provided as inputs to the clas-
sifier.

In some embodiments, at act 310, values for parameters of
the statistical model may be estimated from the training data
generated at act 308. For example, when the statistical
model is a neural network, parameters of the neural network
(e.g., weights) may be estimated from the training data. In
some embodiments, parameters of the statistical model may
be estimated using gradient descent, stochastic gradient
descent, and/or any other suitable iterative optimization
technique. In embodiments where the statistical model is a
recurrent neural network (e.g., an LSTM), the statistical
model may be trained using stochastic gradient descent and
backpropagation through time. The training may employ a
cross-entropy loss function and/or any other suitable loss
function, as aspects of the technology described herein are
not limited in this respect.

Next, process 300 proceeds to act 312, where an operating
threshold is determined for the statistical model generated at
act 310. The operating threshold may be used for interpret-
ing the output of the statistical model when predicting
whether the onset of a particular action will occur in a
threshold amount of time in the future. For example, when
the statistical model provides a set of values, each of which
indicates the probability that the onset of a respective action
will occur within a threshold amount of time (e.g., as set by
the prediction timescale threshold), the probabilities may be
compared to the operating threshold and a prediction may be
made based on the comparison. For example, it may be
predicted that the user will perform a particular action within
the threshold amount of time when the probability for that
particular action exceeds the operating threshold.

As an example, suppose that the output of the statistical
model is a set of three probability values (e.g., 0.8, 0.15, and
0.05) indicating the respective probabilities that the user will
press one of the keys “A”, “B”, and “C” on a keypad within
a threshold amount of time in the future and that the
operating threshold is set at 0.75. Because 0.8 is greater than
the operating threshold of 0.75, a prediction may be made
that the user will press the key “A” within the threshold
amount of time. On the other hand, if the operating threshold
was set to be greater than 0.8 (e.g., 0.9), a prediction may be
made that the user will not press any of the keys “A,” “B,”
and “C” because the probability values in the output vector
of the statistical model are all less than the operating
threshold.

In some embodiments, the operating threshold may be
determined, at act 312, by characterizing performance of the
trained statistical model using at least some of the EMG data
obtained at act 302 for different candidate operating thresh-
olds. In some embodiments, at least some of the EMG data
obtained at act 302 may be held out and not used to train the
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statistical model at act 310. The held out data may be used
for determining the operating threshold at act 312 of process
300 at least in part by characterizing performance of the
trained statistical model for different candidate operating
thresholds.

The inventors have appreciated that certain performance
characteristics of the statistical model (e.g., false positive
rate and the mean anticipation time) may depend on the
value of the operating threshold used. The mean anticipation
time may indicate how far in advance of when the predicted
action is to take place, on average, the statistical model may
be able to correctly predict that the user will perform the
predicted action. In some embodiments, the held out EMG
data may be used to calculate at least one performance
characteristic (e.g., false positive rate, false negative rate,
true positive rate, true negative rate, positive predictive
value, negative predictive value, mean anticipation time, any
other performance characteristic that can be derived from
these quantities, etc.) for each of the different candidate
operating thresholds. An operating threshold may then be
selected based on the analysis of the held out data and target
performance characteristics. For example, a false positive
rate and a mean anticipation time may be obtained, using
held out EMG data, for each one of multiple different
operating thresholds. Based on a target false positive rate
(e.g., 15%) and a target mean anticipation time (e.g., 150
milliseconds), the candidate operating threshold associated
with a false positive rate closest to the false positive rate and
a mean anticipation time closest to the target mean antici-
pation time may be selected. In some embodiments, a user
may specify (e.g., via a user interface) at least one perfor-
mance characteristic for a task to be performed and the
operating threshold may be determined based on the speci-
fied at least one performance characteristic.

It should also be appreciated that, in some embodiments,
when the statistical model is trained to predict the onset of
any one of multiple different actions, different operating
thresholds may be used for different actions. For example,
when a statistical model is trained to predict whether a user
will press one of two different buttons, different operating
thresholds may be used for the different buttons. Using
different operating thresholds is especially valuable in appli-
cations where there are different (e.g., greater or lesser)
benefits for anticipating different actions and different (e.g,,
greater or lesser) costs for false positives.

Next, process 300 proceeds to act 314, where the trained
statistical model and/or the operating threshold are stored
(e.g., in datastore 214). The trained statistical model and/or
operating threshold may be stored using any suitable format,
as aspects of the technology described herein are not limited
in this respect. In this way, the statistical model and oper-
ating threshold generated during execution of process 300
may be used at a later time, for example, in accordance with
the process described with reference to FIG. 4.

It should be appreciated that process 300 is illustrative
and that variations of the process are contemplated. For
example, although in the illustrated embodiment, the statis-
tical model is trained to predict whether a motor action will
occur within a threshold amount of time, in other embodi-
ments, the statistical model may be trained to output a
distribution over time, indicating probabilities that the motor
action will occur at various time points in the future. Such
a distribution may be discrete (e.g.. specified via a point
mass function) or a continuous distribution (e.g., specified
via a probability density function). Such a distribution may
be used to determine whether a motor action will occur with
a threshold amount of time by summing or integrating the
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distribution as appropriate (e.g., integrating the distribution
to determine the amount of probability mass to the right of
the threshold).

As another example, although in the illustrated embodi-
ment, the statistical model is trained to output a probability
that an action occurs within a threshold amount of time, in
other embodiments, the statistical model may be configured
to output any suitable type of output indicating a prediction
of whether the action will occur within the threshold amount
of time. Such a prediction need not be a probability. For
example, such a prediction may be binary (e.g., yes or no)
indicating whether the output action will or will not occur
within the threshold amount of time. As another example,
such a prediction may be numeric, but not a probability in
that the prediction may be a value greater than one (e.g., an
un-normalized likelihood). In embodiments where the pre-
diction output by the statistical model is not a probability
value, the operating threshold may be replaced by another
suitable hyper-parameter allowing for controlling the
tradeoff between a performance measure and mean antici-
pation rate or may be omitted altogether.

FIG. 4 illustrates a process 400 for predicting a motor
action performed by a user based on recorded EMG signals
and a trained statistical model in accordance with some
embodiments. Although process 400 is described herein
with respect to EMG signals, it should be appreciated that
process 400 may be used to predict a motor action performed
by a user based on any recorded neuromuscular signals
including, but not limited to, EMG signals, MMG signals,
SMG signals, or any suitable combination thereof and a
trained statistical model trained on such neuromuscular
signals.

Process 400 begins in act 410, where EMG signals are
recorded from a plurality of EMG sensors arranged on or
near the surface of a user’s body to record neuromuscular
activity as the user performs a motor action. In one example
described above, the plurality of EMG sensors are arranged
circumferentially (or otherwise oriented) on wearable device
configured to be worn on or around a part of the user’s body.
In some embodiments, the plurality of EMG signals is
recorded continuously as a user wears the wearable device
including the plurality of EMG sensors. Process 400 then
proceeds to act 412, where the raw EMG signals recorded by
electrodes in the EMG sensors are optionally processed. For
example, the EMG signals may be processed using ampli-
fication, filtering, or other types of signal processing (e.g.,
rectification). In some embodiments, filtering includes tem-
poral filtering implemented using convolution operations
and/or equivalent operations in the frequency domain (e.g.,
after the application of a discrete Fourier transform).

Process 400 then proceeds to act 414, where the EMG
signals are provided as input to a statistical model (e.g., a
neural network) trained using one or more of the techniques
described above in connection with process 300. In some
embodiments that continuously record EMG signals, the
continuously recorded EMG signals (raw or processed) may
be continuously or periodically provided as input to the
trained statistical model for prediction of the onset of one or
more motor actions performed by the user. As discussed
above, in some embodiments, the trained statistical model is
a user-independent model trained based on EMG measure-
ments from a plurality of users. In other embodiments, the
trained model is a user-dependent model trained on EMG
data recorded from the individual user data from which the
EMG data is recorded in act 410.

After the trained statistical model receives the EMG data
as a set of input parameters, process 400 proceeds to act 416,
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where the probability of one or more motor actions occur-
ring within a particular time threshold (e.g., the prediction
timescale threshold discussed above) is output from the
trained statistical model. Also, as discussed above, in some
embodiments, the output of the trained statistical model may
be a set of probability values (e.g., 0.8, 0.15, and 0.05)
indicating the respective probabilities that the user will
perform a respective action within a threshold amount of
time in the future. The prediction of whether and/or what
motor action the user will perform within the threshold
amount of time may be determined by comparing the output
set of probability values with an operating threshold set for
a particular task or application. Non-limiting examples of
setting an operating threshold for predicting one or more
motor actions are discussed above. In embodiments, where
the output of the statistical model is a non-probabilistic
prediction, another suitable hyper-parameter may be used
instead of the operating threshold to optimize across
tradeoffs in performance characteristics, as discussed above.

After a motor action is predicted in act 416, process 400
proceeds to act 418, where a control signal is transmitted to
adevice based, at least in part, on the predicted motor action.
Preferably the control signal is transmitted to the device as
soon as possible following the prediction in act 416 to
increase the amount of time between when the control signal
based on the prediction is sent to the device and the time
when the control signal would have been sent had the control
signal been sent in response to completion of the motor
action.

As discussed briefly above, in some embodiments at least
some of the continuously recorded EMG data may be used
to retrain the statistical model (or train the statistical model
de novo) to enable the model to learn the statistical rela-
tionships between neuromuscular activity recorded by the
EMG sensors and motor actions performed by a particular
user. Continuous training of the statistical model may result
in improved performance of the model in predicting actions
that are performed by the user in a consistent manner.

Although process 400 is described herein as being per-
formed after process 300 has completed and a statistical
model has been trained, in some embodiments, process 300
and 400 may be performed together. For example, the
statistical model may be trained in real-time, as a user is
interacting with a control interface of a device and the
trained statistical model may be used as soon as the model
has been trained sufficiently to provide reliable predictions.

In the examples discussed above, aspects of the technol-
ogy are described in the context of predicting the onset of
single motor task (e.g., the probability of whether the user
will press a button or not) or predicting the onset of a motor
task from among a plurality of motor tasks (e.g., the prob-
ability of whether the user will press a particular button from
among three buttons). In other embodiments, a statistical
model trained in accordance with one or more of the
techniques described herein may be used to predict the
probability that the user will perform a sequence of motor
actions. For example, rather than only predicting whether a
user pressed button “A,” “B,” or “C,” some embodiments
are directed to predicting whether the user pressed the
sequence of buttons “ABC,” “ABA” or “CAB.” Although
the process of selecting data to train the statistical model
may differ from the examples described above, the process
of training the model, selecting a prediction timescale
threshold and an operating threshold proceed similarly in
embodiment in which a sequence of motor actions is pre-
dicted.
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The above-described embodiments can be implemented
in any of numerous ways. For example, the embodiments
may be implemented using hardware, software or a combi-
nation thereof. When implemented in software, the software
code can be executed on any suitable processor or collection
of processors, whether provided in a single computer or
distributed among multiple computers. It should be appre-
ciated that any component or collection of components that
perform the functions described above can be generically
considered as one or more controllers that control the
above-discussed functions. The one or more controllers can
be implemented in numerous ways, such as with dedicated
hardware or with one or more processors programmed using
microcode or software to perform the functions recited
above.

In this respect, it should be appreciated that one imple-
mentation of the embodiments of the present invention
comprises at least one non-transitory computer-readable
storage medium (e.g., a computer memory, a portable
memory, a compact disk, etc.) encoded with a computer
program (i.e., a plurality of instructions), which, when
executed on a processor, performs the above-discussed
functions of the embodiments of the present invention. The
computer-readable storage medium can be transportable
such that the program stored thereon can be loaded onto any
computer resource to implement the aspects of the present
invention discussed herein. In addition, it should be appre-
ciated that the reference to a computer program which, when
executed, performs the above-discussed functions, is not
limited to an application program running on a host com-
puter. Rather, the term computer program is used herein in
a generic sense to reference any type of computer code (e.g.,
software or microcode) that can be employed to program a
processor to implenent the above-discussed aspects of the
present invention.

Various aspects of the present invention may be used
alone, in combination, or in a variety of arrangements not
specifically discussed in the embodiments described in the
foregoing and are therefore not limited in their application to
the details and arrangement of components set forth in the
foregoing description or illustrated in the drawings. For
example, aspects described in one embodiment may be
combined in any manner with aspects described in other
embodiments.

Also, embodiments of the invention may be implemented
as one or more methods, of which an example has been
provided. The acts performed as part of the method(s) may
be ordered in any suitable way. Accordingly, embodiments
may be constructed in which acts are performed in an order
different than illustrated, which may include performing
some acts simultaneously, even though shown as sequential
acts in illustrative embodiments.

Use of ordinal terms such as “first,” “second,” “third,”
etc., in the claims to modify a claim element does not by
itself connote any priority, precedence, or order of one claim
element over another or the temporal order in which acts of
a method are performed. Such terms are used merely as
labels to distinguish one claim element having a certain
name from another element having a same name (but for use
of the ordinal term).

The phraseology and terminology used herein is for the
purpose of description and should not be regarded as lim-
iting. The use of “including,” “comprising,” “having,” “con-
taining”, “involving”, and variations thereof, is meant to
encompass the items listed thereafter and additional items.

Having described several embodiments of the invention in
detail, various modifications and improvements will readily

15

20

25

35

40

45

55

60

65

18

occur to those skilled in the art. Such modifications and
improvements are intended to be within the spirit and scope
of the invention. Accordingly, the foregoing description is
by way of example only, and is not intended as limiting. The
invention is limited only as defined by the following claims
and the equivalents thereto.

What is claimed is:

1. A control system, comprising:

a plurality of sensors configured to continuously record a

plurality of neuromuscular signals from a user; and

at least one computer processor programmed to:

provide as input to a trained statistical model, the
plurality of neuromuscular signals and/or informa-
tion based on the plurality of neuromuscular signals,
wherein the trained statistical model was trained
based, at least in part, on neuromuscular data
recorded during at least one previous performance of
a motor action by one or more users and result data
indicating an outcome of the motor action performed
by the one or more users; and

predict, based on an output of the trained statistical
model, whether an onset of the user’s motor action
will occur within a threshold amount of time.

2. The control system of claim 1, wherein the at least one
computer processor is further programmed to receive as an
output from the trained statistical model a set of probabili-
ties, each probability in the set indicating a probability that
a respective motor action of a plurality of motor actions will
occur within the threshold amount of time.

3. The control system of claim 1, wherein the output of the
trained statistical model comprises a probability that the
onset of a sequence of motor actions will occur within the
threshold amount of time, and

wherein predicting that an onset of a motor action will

occur within a threshold amount of time comprises
determining whether the probability is greater than an
operating threshold.

4. The control system of claim 1, wherein the at least one
computer processor is further programmed to retrain the
trained statistical model based, at least in part, on at least
some of the plurality of neuromuscular signals.

5. The control system of claim 1, wherein the at least one
computer processor is further programmed to:

determine a set of features based on the plurality of

neuromuscular signals; and

provide as input to a trained statistical model, the set of

features as information based on the plurality of neu-
romuscular signals,

wherein predicting, based on an output of the trained

statistical model, whether an onset of the user’s motor
action will occur within a threshold amount of time
comprises classifying the set of features using the
trained statistical model.

6. The control system of claim 1, wherein the plurality of
sensors are arranged on a wearable device configured to be
worn on or around a body part of the user.

7. The control system of claim 6, wherein the wearable
device comprises a flexible or elastic band configured to be
worn around the body part of the user.

8. The control system of claim 7, wherein the wearable
device comprises an armband configured to be worn around
an arm of the user.

9. The control system of claim 1, further comprising
hardware circuitry and/or software configured to process the
neuromuscular signals prior to being provided as input to the
trained statistical model, wherein processing the neuromus-
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cular signals comprises processing selected from the group
consisting of amplification, filtering, and rectification.

10. The control system of claim 1, wherein the plurality
of sensors comprises sensors selected from the group con-
sisting of electromyography (EMG) sensors, mechanomyo-
graphy (MMQ) sensors, and sonomyography (SMG) sen-
SOrS.

11. The control system of claim 1, wherein the trained
statistical model predicts whether the onset of the user’s
motor action will occur within a threshold amount of time by
determining the probability that the motor action occurs
within the threshold amount of time.

12. The control system of claim 11, wherein the at least
one computer processor is further programmed to determine
the probability that the onset of the motor action occurs
within a threshold amount of time by determining whether
the probability is greater than an operating threshold.

13. The control system of claim 12, wherein the at least
one computer processor determines the operating threshold
based, at least in part, on an analysis of data obtained from
neuromuscular signals recorded by at least some of the
plurality of sensors.

14. The control system of claim 13, wherein determining
the operating threshold further comprises:

determining a mean anticipation time based on the data;

and determining the operating threshold based, at least
in part, on the mean anticipation time.

15. The control system of claim 12, wherein the at least
one computer processor is further programmed to receive at
least one performance characteristic for a task to be per-
formed, and wherein the operating threshold is determined
based, at least in part, on the received at least one perfor-
mance characteristic.

16. The control system of claim 15, wherein the at least
one performance characteristic includes a performance char-
acteristic selected from the group consisting of a false
positive rate, a false negative rate, a true positive rate, a true
negative rate, a positive predictive value, a negative predic-
tive value, and a mean anticipation time.

17. The control system of claim 1, wherein the threshold
amount of time is determined based on the neuromuscular
data recorded during the at least one previous performance
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of the motor action by one or more users, or based on
information associated with the user’s plurality of neuro-
muscular signals.
18. A method of predicting an onset of a motor action, the
method comprising
providing, as input to a trained statistical model, a plu-
rality of neuromuscular signals recorded from a plu-
rality of sensors arranged on or around a part of a user’s
body, wherein the trained statistical model was trained
based, at least in part, on neuromuscular data recorded
during at least one previous performance of a motor
action by one or more users and result data indicating
an outcome of the motor action performed by the one
or more users, and wherein the trained statistical model
is configured to predict an onset of the motor action
prior to completion of the motor action; and
predicting, using at least one computer processor, whether
the onset of the motor action will occur within a
threshold amount of time.
19. A method of predicting an onset of a motor action, the
method comprising:
providing, as input to a neural network, a plurality of
neuromuscular signals recorded from a plurality of
sensors arranged on or around a part of a user’s body,
wherein the neural network was trained based, at least
in part, on neuromuscular data recorded during at least
one previous performance of a motor action by one or
more users and result data indicating an outcome of the
motor action performed by the one or more users,
wherein the neural network is configured to predict an
onset of the motor action prior to completion of the
motor action;
predicting, using at least one computer processor, whether
the onset of the motor action will occur within a
threshold amount of time, wherein the threshold
amount of time is determined based on the neuromus-
cular data recorded during the at least one previous
performance of the motor action by one or more users,
or based on information associated with the user’s
plurality of neuromuscular signals.
20. The method of claim 19, wherein the neural network
comprises a recurrent neural network.
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