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Abstract

Brain—machine interfaces (BMIs) aim to treat sensorimotor neurological disorders by creating
artificial motor and/or sensory pathways. Introducing artificial pathways creates new relationships
between sensory input and motor output, which the brain must learn to gain dexterous control.
This review highlights the role of learning in BMIs to restore movement and sensation,and
discusses how BMI design may influence neural plasticity and performance. The close integration
of plasticity in sensory and motor function influences the design of both artificial pathways and
will be an essential consideration for bidirectional devices that restore both sensory and motor
function.
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1. INTRODUCTION

Our goal as humans is to interact with the world: We react to elements in our environment
and act upon them via our sensory and motor systems. Injury and disease can interrupt
sensorimotor function, fundamentally limiting our ability to engage. In cases where people
have permanent paralysis, brain—-machine interfaces (BMIs) aim to restore independence by
providing artificial sensorimotor function. BMIs have restored the ability to communicate
by controlling typing (1,2) or basic tasks of daily living via control of a prosthetic limb
(3,4). BMlIs hold tremendous promise, but improvements in performance (level of functional
restoration) and robustness (consistency in performance over time and across users) are
central challenges for widespread translation.
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A typical BMI involves recording neural activity from a patient’s brain, transforming neural
signals into motor commands, and providing sensory feedback to enable goal-directed
movement and error correction. Building a BMI defines a series of computations that could
be individually optimized but are interconnected as part of a closed-loop system. The tight
link between sensory inputs and motor outputs in closed-loop BMls engages innate neural
mechanisms for learning, thereby changing the nature of engineering problems that must be
solved to optimize BMI performance.

In this review, we describe the role of learning in closed-loop BMIs for artificial motor
output or artificial sensory input. In both contexts, we restrict our focus to invasive
approaches to neural measurement and modulation where significant research has explored
the biological circuits involved. We also focus on topics related to the closed-loop, adaptive
nature of BMIs. Insights into how neurons respond and adapt to artificial sensorimotor tasks
will inform critical developments in new recording and neuromodulation technologies and
noninvasive systems.

2. NATURAL AND ARTIFICIAL SENSORIMOTOR FUNCTION

Even a simple task like grabbing an object has many steps. We use visual information to
estimate an object’s location, size, and texture. We use visual and proprioceptive information
to estimate the position and movement of our arm. Finally, motor plans are made, executed,
and continuously updated using incoming sensory information (5).Thus, movement, often
considered a pure motor activity, is really an integrated sensorimotor computation.

Natural sensorimotor function requires that sensory and motor circuits develop through
paired experience. Animals exposed to sensory information in the absence of motor
commands do not learn to make precise, sensory-guided movements, as removing the
link between sensory input and motor output disrupts sensorimotor function (6, 7). Paired
sensorimotor experience is also needed to predict the sensory consequences of one’s own
movement (8)—a computation thought to be central to motor control (9).

Relationships between sensory input and motor output are initially learned, and continually
adapt. Sensorimotor flexibility allows us to navigate new environments, adapt after injuries,
and even learn new skills. For instance, we can readily adapt to changes in movement
kinematics imposed by a force field and shifts in the relationship between visual feedback
and movement (10). This sort of adaptation requires not only plasticity in motor control

but also plasticity in sensory perception (11), emphasizing that movement and sensation
are intertwined functions. Given the closed-loop function of sensation and motor control

in natural systems, optimizing BMIs to restore sensorimotor function requires considering
the close interactions between both systems. The flexibility of closed-loop sensorimotor
function also highlights the need to consider learning in BMIs.

BMIs introduce artificial elements into sensorimotor pathways (Figure 1). Depending on the
application, artificial elements may be used for motor output only (motor BMIs), sensory
input only (sensory BMIs), or both (bidirectional BMIs). Importantly, all of these systems
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are closedloop; information flows between sensory and motor systems. All BMlIs require
integration of motor and sensory systems.

The artificial pathways for a BMI involve multiple components. For artificial motor output,
sensors measure neural activity from portions of the brain. Measured signals are processed
to generate neural features, which are inputted into an algorithm called a decoder. The
decoder translates neural features into a movement command for a device. Sensory feedback
of device movement ultimately closes the information loop. For artificial sensory input, a
sensory stimulus from the environment is translated into a pattern of neural activation that

is delivered via a stimulation device. Sensory inputs are used to guide movements, which in
turn influence sensory stimuli received from the environment.

3. MOTOR BRAIN-MACHINE INTERFACES

Motor BMIs provide an artificial means to control movements through newly created
pathways. They record neural activity from portions of natural motor circuits, translate
recorded neural activity into movement commands, and send those commands to a device.
Sensory feedback of movement closes the control loop. In this section, we focus on motor
BMIs in which sensory feedback is provided through native pathways, which represent the
majority of existing research. An example is BMI control of a computer cursor using visual
feedback.

Historically, motor BMI design focused solely on maximizing the ability to predict a
subject’s intended movements. For example, algorithms to map neural activity into motor
commands (the decoder) are commonly chosen on the basis of predictive accuracy in

data sets where subjects performed or imagined moving as neural activity was recorded.
This prediction is termed open-loop because the user does not have real-time feedback of
decoded movements. Improvements in open-loop predictive performance do not necessarily
translate into improved performance in closed-loop BMIs (12, 13).

The difference between open-loop prediction accuracy and closed-loop BMI performance
stems from the inherent integration of sensory and motor function. Creating artificial motor
pathways also alters available sensory information, such as proprioception (the sense of the
body’s position and movement through space), and the link between sensory and motor
information. That this does not catastrophically disrupt motor performance is likely due

to mechanisms that continually update our sensorimotor systems to new environments and
tasks. As a result, algorithms that optimally decode neural activity offline can have minimal
benefits in closed-loop systems (12).

The differences between open- and closed-loop systems change the nature of engineering
problems for motor BMIs. BMI design cannot only consider prediction of motor intent—we
must also consider how the full BMI sensorimotor system will be controlled and learned.
Optimizing closed-loop motor BMIs will therefore require insight into the principles of
sensorimotor control and learning in BMIs. In the following subsections, we summarize key
observations about learning in motor BMIs and review how each element within a BMI may
influence these processes.
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Learning in Closed-Loop Motor Brain—Machine Interfaces

BMIs present the brain with two interrelated problems (Figure 2). The brain must first
generate consistent neural activity in the features chosen for BMI control (readout) and

then learn how a given pattern of neural activity relates to movement. To generate patterns
of neural activity specific to the readout population, the brain may have to perform some
form of credit assignment (9), where movement errors are attributed to particular neurons

or connections. A growing body of research has explored learning in motor BMls. These
studies highlight a rich set of phenomena related to mapping and credit assignment problems
with strong similarities to those of natural sensorimotor learning (14).

Perturbing BMI decoders has shed light on how the brain adapts to altered sensorimotor
maps. Much like force-field and visuomotor perturbations (9, 10), these experiments change
how the activity of readout neurons relates to movement variables. Perturbations that rotate
neuron- behavior relationships produce deviations in movement trajectories (15-18) or goals
(19, 20) that the brain can counteract in tens to hundreds of trials. Perturbations have been
applied to both single neurons (changing the direction in which a neuron moves the cursor)
(15-17, 19, 20) and neural populations (changing how neural firing patterns move the
cursor) (18). Behavioral adaptation to decoder perturbations resembles natural visuomotor
adaptation, including the learning timescale and the presence of aftereffects following the
removal of perturbations.

Neural plasticity during adaptation is distributed. Neural changes are consistent with
subjects changing their aim (15, 19-21), which involves learning a new association
between the target location and the action chosen but does not require altering movements
themselves. Reaiming produces changes in all neurons in a population (19) but does

not change the patterns of neural activity generated—only how they are associated with
movement targets (21). While these global learning mechanisms dominate, if only a subset
of neuron—-movement relationships are perturbed, learning leads to a mixture of global and
targeted changes (15-17).The presence of multiple learning mechanisms is consistent with
the current understanding of computations driving visuomotor adaptation (22).

The form of decoder perturbation also influences learning. A series of experiments used
decoder perturbations structured so that the experimenters could control whether the
perturbation required neural populations to change their correlation structure. Mappings
where neuron correlation structures do not have to change are learned within a day (18;
discussed above). In contrast, perturbations where correlation structure must change require
multiple days of training and lead to new neural activity patterns (23). Learning mechanisms
in natural sensorimotor control are also influenced by the type of visuomotor perturbation.
For instance,rotations in movement-vision relationships appear to lead to updates to

an existing internal model of sensorimotor relationships, while mirror reversals lead to

the creation of new models (24). Potential correspondence between natural sensorimotor
learning mechanisms and observations in BMI remain to be established, but existing
research clearly demonstrates the presence of multiple learning mechanisms that are flexibly
deployed (14).
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Another line of research explores how the brain learns initial control of a BMI. These
experiments define some fixed neuron-movement relationship in a task structure that
resembles de novo skill learning in natural sensorimotor systems (9, 24). These studies have
found that the activities of single neurons (25, 26), neural populations (27), and local field
potentials (LFPs) (28) can all be operantly conditioned. When using neuron populations for
control (most comparable to the decoder perturbation studies discussed above), learning to
control a new decoder mapping takes multiple days (27), and performance improves both
with practice and after breaks in training (29, 30). Once learned, these mappings can be
recalled and resist interference (27), paralleling natural motor skills (31).

Distributed neural plasticity underlies the acquisition of control of a new decoder.
Improvements in performance coincide with the formation of stable relationships between
the activity of readout neurons and movement (27). Neural patterns are variable initially,

but the variance gradually decreases with learning (32, 33). Both patterns are similar to
observations in natural skill acquisition (34, 35). Experiments measuring activity across
multiple brain areas but using only one for the BMI readout demonstrate that neural changes
are distributed across cortical and subcortical regions (28, 36—38). Blocking plasticity in the
striatum can also extinguish the ability to learn a BMI decoder controlled by primary motor
cortex (M1) activity (36).

BMI learning may involve credit assignment computations on long (multiday) timescales.
Plasticity when learning a novel decoder leads to differential activation of readout neurons
in comparison to nonreadouts, even when they are immediately next to one another (30,
39-41). Similarly, while brain areas not used for readout, such as the striatum, are needed
for learning, changes in striatal neurons are targeted to those that project to readout neurons
(37), consistent with plasticity targeted to a readout-specific neural circuit. Perturbing the
decoder for only a subset of readout neurons produces changes specific to perturbed units
that emerge over days (17). These credit assignment—related computations may be sleep
dependent (30), consistent with their emergence over multiday training.

While many questions remain, these studies highlight that closed-loop BMIs engage a
diverse range of learning mechanisms that parallel innate functions of natural sensorimotor
systems. Learning is directly related to the sensorimotor transformations defined by the
BMI system,which include all aspects of the artificial control loop from neural recording

to sensory feedback. Optimizing BMI performance, then, will require considering how each
element of a BMI system influences this transformation and learning computations.

3.2. Brain Areas

A key choice in a motor BMI is which part of the brain to record from. Differences in
the computations performed by each area influence the ability to predict motor intention
from neural activity. They also play different functional roles in sensorimotor learning
computations (9), which may influence closed-loop performance (42).

3.2.1. Motor areas.—Motor BMI research originated in M1 (25). Anatomically,M1 is
positioned to contribute to motor output: It is the cortical area with the largest proportion of
cells that directly project to the spinal cord (43). Its diverse inputs also include peripheral
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sensory afferents, highlighting contributions to sensorimotor computations (43). How M1
represents movement variables is an area of active debate (44). However, M1 activity
accurately predicts a variety of kinematic (45, 46) and dynamic variables, including muscle
activity (47), in open-loop systems. In consequence, M1 is often used for continuous BMIs
such as controlling moment-by-moment cursor velocity.

Premotor cortical areas have also been explored for BMI control. These areas are
anatomically defined as frontal regions that send projections primarily to M1; many

also send projections to the spinal cord (43). Therefore, they are positioned to support
preparation and execution of movements. Premotor area computations are not fully
understood, but they are distinct from those of M1. For instance, dorsal premotor cortex
(PMd) activity precedes that of M1, suggesting contributions to planning (48). This
observation has motivated the use of premotor areas to control discrete BMI tasks, such

as selecting sequential target pairs (49). However, PMd activity is also often combined with
M1 for continuous control tasks (50-52).

The parietal cortex, particularly the posterior parietal cortex (PPC), is another motor area
used for BMI control (53). Anatomical connections position the PPC to transform sensory
inputs to motor outputs: It predominantly receives input from sensory areas and sends dense
projections to frontal motor areas (43,54). Motor-related activity in the PPC plans movement
goals (55) in visual coordinates (56) rather than muscle activity; as a consequence, the PPC
has been used primarily for discrete BMI tasks.

3.2.2. Nonmotor areas, noncortical areas, and multiple areas.—Building upon
research showing that neural activity in many cortical regions can be operantly conditioned
(see Section 3.1), select studies have used brain areas outside the motor system for BMI
readout. For example, rodents can control an auditory pitch cursor using activity in the
primary visual cortex (V1) (57), learning with the same timeline and accuracy as using M1
activity (36); this observation suggests common principles across brain areas. Interestingly,
animals could learn to control a V1 BMI with the lights on or off, but could not generalize
across conditions (57). Innate functions and connections between brain areas, then, likely
influence learning processes and functionality. The distributed nature of motor-related
signals in the brain (58), combined with the anatomical flexibility provided by learning,
opens opportunities for clinical applications where people have damage to motor areas (e.g.,
cortical stroke) (59).

Subcortical areas have not been used for direct BMI device control. However, motivated by
subcortical contributions to learning, researchers have used striatal signals to adapt cortical
decoding algorithms (60). Such multiarea decoding strategies may be particularly valuable
given that cortical-subcortical interactions are necessary for BMI learning (36, 57).

Leveraging multiarea activity may require additional insights into learning. Early BMI
studies combined activity from many cortical areas (45). Open-loop decoding suggested
that M1 was most predictive, but after closed-loop training all areas contributed to BMI
movement. Alternatively, extended training with electrocorticography (ECoG) BMIs across
multiple areas resulted in the consolidation of control to a small region (61). The dynamic
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nature of closed-loop BMIs presents challenges in a priori selection of brain regions for
motor output.

3.2.3. Learning differences across areas.—Few studies have quantitatively
compared closed-loop BMI performance between areas. Synthesis across the literature,
however, highlights important qualitative differences when BMIs are controlled with
different brain areas.

Learning dynamics differ in BMlIs controlled with frontal versus parietal motor areas.
Studies in M1 and PMd show that the brain can learn a wide range of mappings (23, 25-27).
This learning can occur within a session (18, 19) or across multiple days (17, 23, 27; see
Section 3.1). Rapid learning is dominated by global strategies like reaiming (21). Longer
timescales involve changes targeted to neurons used for BMI control (readouts) (17, 36, 39,
41). In contrast, learning in BMIs using the PPC for control appears to be dominated by
rapid learning mechanisms. Both humans and animals struggle to learn PPC BMI mappings
that cannot be solved by reaiming strategies, and neural changes are only global (19, 20).
Differences in observed learning dynamics may stem from differences in computations
performed by each area. The PPC is thought to represent primarily movement goals, which
may constrain the types of learning computations it can perform to manipulations of goals.
However, differences in BMI control used in each area (discrete control in PPC; continuous
in M1) also influence the timing and forms of feedback available, which in turn may also
influence learning (see Section 3.6).

Brain areas make distinct contributions to natural sensorimotor learning and control.
Differences in how learning occurs across the motor system may influence closed-loop
BMls.

3.3. Neural Features

From the brain region(s) chosen to record from, BMIs compute neural features used for
device control. These features are influenced by the sensors used and the signal processing
applied to measurements. Recent reviews summarized differences between types of neural
measurements and implications for decoding (62). In the following subsections, we highlight
commonly used neural features and discuss how they may influence closed-loop BMI
control and learning.

3.3.1. Types of features and key differences.—Many BMIs use
electrophysiologically measured action potentials. While early studies focused on well-
isolated single neurons (25, 27), signals that combine action potentials from different
neurons are now common,such as unsorted spiking activity (multiunit) data, threshold
crossings (e.g., 1), and spike-band power (63). These features blend action potentials at the
sensor level, grouping neurons that are physically nearby. An alternative is neural features
that group neurons based on structure within neural populations. For example, correlations
among action potentials have been used to define “latent factors”(18). These features blend
action potentials based on statistical relationships independent of physical proximity. Latent
factor decoding may be done with multiunit data, leading to spatial and statistical blending
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(64). Action potentials measured with calcium imaging have also been used for BMIs
(39,65-68),which can provide cell type—specific (66) and subcellular (65) neural features.

The other main category of features is electrophysiological field potentials, which capture
neural activity across a larger spatial area and on slower timescales than action potentials
(69). The spatiotemporal properties of field potentials are influenced by sensor size, sensor
placement (62), and signal frequency (low-frequency signals capture more global signals
relative to higher frequencies). A wide variety of field potential measurements have been
used in BMIs, including intracortical electrodes (LFPs) (52, 70-72) and electrodes on the
cortical surface (ECoG) (28, 61, 73). Field potential features are most commonly defined

in the spectral domain (e.g., power in a range of frequencies). BMIs often use features
across a wide spectral range (e.g., 70), potentially blending neural activity across a variety of
spatiotemporal scales.

Most closed-loop BMIs use a single feature type, but combinations of features have also
been explored. A common combination is action potentials and LFPs, which can be recorded
simultaneously from intracortical electrodes (52, 74).

3.3.2. Engineering considerations.—Neural features differ in their temporal stability,
affecting BMI usability and learning. Single-neuron signals are prone to drift with current
electrophysiology technologies. Population-level features (46, 75) and field potentials (61,
71) are more stable, potentially through different mechanisms. Population-level features
appear to capture computations performed by the population that remain stable even if the
contributing neurons change (46). Field potentials are thought to capture similar neural
activity over time as a result of physical properties of the measurements. Nonstationary
neural features reduce decoding accuracy and require methods to adapt decoders (e.g., 75);
however, frequent changes in neural features and decoders can reduce or eliminate learning
(27, 51). Long-term ECoG BMI use leads to high performance and user learning (61, 73);
population feature BMI studies have reported primarily maintenance of performance (75).
Instability in features, or in the measured neural activity contributing to them, could affect
learning processes such as credit assignment, reducing long-term learning. More research is
needed to understand what forms of feature variability influence learning.

Neural features have different temporal resolutions, which affect closed-loop control and
learning. The temporal resolution of a feature is tied to estimation methods. For instance,
while action potentials are fast (millisecond resolution), most BMIs use the action potential
rate, which is estimated by taking averages over time bins, constraining temporal resolution
(76). This limitation can be overcome by using methods that directly estimate the underlying
rate at millisecond resolution (76). The temporal resolution of features influences the rate
of movement control and delay between neural activity and movement. In closed-loop
systems, maximizing control rates (76) and minimizing delays (77) improve performance.
Given the importance of sensorimotor timing for learning-related computations (78), timing
differences in neural features may also affect learning, though this hypothesis remains to be
explored.
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The number of neural features used will influence both decoding performance and learning
in BMIs. Open-loop decoding always benefits from adding information, but the relationship
between the number of features and closed-loop performance is less well characterized and
will depend on the features used. For instance, features that incorporate population dynamics
can retain performance after losing many neurons due to redundancy (79). Learning is also
influenced by the number of neurons used, though this effect has been explored only with
small numbers (tens) of neurons (39, 80). How these findings extend to features often used
in clinical BMIs is unclear. Using a large number of neural features may make it easier for
the brain to find effective BMI solutions by increasing control redundancy (80), but how the
number of features might influence learning processes like credit assignment is unknown.

3.3.3. Biological considerations.—How neural features relate to the underlying
functional neural circuitry must be considered. These considerations include the physical
locations of neurons, cell types, and circuit connectivity—properties that are not completely
independent. For instance, connectivity patterns differ across classes of inhibitory neurons
(81).

Neural features differ in how they blend activity across neurons. Studies in which subjects
control arbitrary BMI decoders suggest that increasing the physical distance between
readout neurons negatively influences learning (80).How features that combine activity
across large distances, such as population-based features, affect processes like credit
assignment learning is unknown. A potentially related question concerns the impact of
feature spatial resolution. BMI performance typically improves when features are spatially
localized. For instance, action potentials provided better closed-loop performance than did
locomotor potentials from LFPs, despite comparable offline predictive power (52).Whether
these differences stem from the relative temporal or spatial resolution of these features has
not been determined. Insights into the relevant scales of plasticity during motor learning will
likely inform BMI feature design.

The relationship between features and anatomy may also influence learning. For instance,
while cortical layers play distinct roles in natural motor learning (82), neural features used in
BMIs often ignore layer boundaries, and layer-specific differences have been explored only
in open-loop decoding (83). Interestingly, several studies have demonstrated distinct roles
for cell types in BMIs. For example, bursting neurons adapt differently from nonbursting
neurons during BMI learning (84).The cell types used for online BMI control also influence
neural activity changes (66) and learning rates (85). Differences in both the anatomical and
firing-rate properties between cell types contribute to these effects (85). How anatomical
information can be leveraged to improve closed-loop BMIs remains an open question.

Neurons ultimately control movements through the activity of neuronal populations
coordinated via anatomical and functional connections. Many neural features used in

BMIs combine neural activity independent of anatomical connectivity. Features based on
correlations in population activity, such as latent population dynamics, may provide one
way to create features that reflect functional relationships.Decoder perturbations that do not
require changes in population correlation structures are more rapidly learned than those
that do not (18, 23).This finding highlights the potential importance of designing BMI
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features that capture functionally relevant circuit properties. Answering this question will
require additional insight into how neural populations perform motor control and learning
computations.

3.4. Decoders

The decoder defines how neural features map to movement. Properties of the decoder and
how it is trained will influence closed-loop performance. We first review types of decoders
and training methods used in closed-loop BMIs that will be relevant for this and subsequent
sections. We then discuss how decoder training may influence learning.

3.4.1. Decoder types and training methods.—Decoders can predict discrete or
continuous movement variables. Discrete decoders perform classification to match a pattern
of neural features to one of a finite list of possible movements. Discrete decoders often

use neural features across a time interval longer than the time needed to estimate features,
causing delays between neural activity and movement outcome. Continuous decoders map
neural features to a continuously valued movement variable such as position or velocity.
These decoders generally update movement at the same rate at which neural features are
estimated.

The most common algorithms used in closed-loop BMIs linearly map neural features to
movement. Directly mapping features to position is common in studies exploring learning of
BMIs (25, 33, 36, 39, 68, 80). Algorithms like the Wiener filter (45) or the population vector
algorithm and closely related variants (12) also directly map neural activity to movement
variables. Alternately, decoders may map neural activity to a modeled state variable. The
Kalman filter, for instance, predicts movements by combining a linear model of how the
decoder state (e.g., velocity) relates to neural features with a model describing how the state
evolves in time (86). Incorporating state models captures temporal dynamics, which play a
role in closed-loop control (see Section 3.5). Nonlinear algorithms such as recurrent neural
networks have also been used for both continuous (87, 88) and discrete (2) control.

Fully specifying a decoder requires setting its parameters. Parameters are often fitted to
maximize the prediction of movement parameters from neural features on a training data set.
Because predictive power on open-loop data is not predictive of closed-loop performance
(12, 13), it is increasingly common for decoders to be trained on data collected as a

user controls a closed-loop BMI. Methods to fully train or update decoder parameters in
closed-loop BMIs can significantly improve performance (50, 89-91).

3.4.2. Influence on performance and learning.—The timescales of decoder training
influence closed-loop performance and user learning. A typical protocol involves the use of
a finite period of training data to set parameters daily. This can be done without maintaining
continuity in parameters across days (45, 50) or while accounting for measurement drift

to maintain consistent feature-movement relationships (75). Alternatively, closed-loop
decoder adaptation can update decoder parameters at some rate or frequency (51, 61, 92).
Importantly,neural plasticity may occur alongside decoder changes, creating a coadaptive
system (51, 89). Consequently, fully retraining decoders daily (including changes in neural
features) disrupts learning (27, 51). In contrast, occasional decoder adaptation yields
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signatures of skill similar to those of fixed decoders, even with gradual drift in features
(51, 61). Models have shown that coadaptive systems can become unstable if the algorithm
and user learning rates are not appropriately matched (93). Understanding how decoder
adaptation timescales influence performance and learning will be critical to optimize BMls.

Adaptive decoders may also influence learning mechanisms, which have been studied
primarily with fixed decoders. For example, learning a novel fixed decoder leads to
significant changes in neural feature—movement relationships that gradually consolidate into
a stable map (27). Periodic adaptive decoding also leads to a stable map, but reduces the
amount of change in feature— movement relationships (51). In coadaptive BMIs, some of
the largest learning-related changes are which neural features contribute to movement, rather
than how they drive movement (51, 61). In light of the learning problems required for

BMIs (see Section 3.1), this result demonstrates that adaptive decoding directly addresses
only how neural features relate to movement. Whether and how adaptive decoding methods
influence other key learning computations such as credit assignment remain to be fully
explored.

3.5. Device and Control-Loop Properties

BMIs have controlled many devices, including virtual cursors (1, 45, 50, 51, 61) and

robotic limbs (3, 4, 45). How the device moves in response to a given input—its dynamics—
influences closed-loop BMI control. Changing the device being controlled from a cursor to a
robot without changing the decoder leads to changes in performance (45). Device dynamics
can also alter the timing of control (e.g., rates, delays), which affects performance (76, 77).

A BMI’s dynamics are governed not only by the physical properties of a device but also

by the decoding algorithm. For instance, the Kalman filter models how movement states
(e.g., position, velocity) evolve in time, thus describing system dynamics. The choice of
movement states controlled by neural activity affects closed-loop performance. Simulators
of closed-loop BMIs have shown that velocity-based control is more robust to input noise
(94) because integration of velocity commands effectively denoises inputs. Importantly, the
control variable defines the computations the brain must perform for learning and control.

The optimal device dynamics for BMI will be influenced by learning. In online control,
brain learning can overcome performance differences due to changes in device dynamics
(45). Such learning may employ similar mechanisms as natural motor adaptation to
changing environmental dynamics, which is thought to rely on updates to an internal model
of how the limb moves in response to inputs (5, 9, 24). Such predictive models are needed
for feedforward control of movements. Evidence suggests that the brain builds internal
models of a BMI device (95) and uses feedforward control strategies (76). Consistent with
these findings, BMIs that constrain system dynamics to better match those of physical
objects we regularly interact with significantly improve closed-loop performance, even when
these constraints sacrifice open-loop prediction accuracy (50, 96, 97). This observation

may shed light on why nonlinear algorithms have, to date, produced relatively modest
performance improvements in closed-loop settings in comparison to their clear superiority
to linear methods in open-loop prediction (88). Together, these results suggest the need for
techniques to simultaneously optimize decoding accuracy and closed-loop device dynamics.
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Doing so will require new insights into how device parameters influence the ability to
control and learn closed-loop BMI systems.

3.6. Forms of Feedback

Feedback closes the sensorimotor loop. This feedback can take many forms, including
visual, tactile, auditory, and artificial (see Section 4). In BMIs, some form of feedback is
necessary for goal-directed movement, real-time feedback control, and learning (25, 36,
76). The importance of feedback motivates research to provide artificial sensation, which is
covered in the next section. Here, we briefly discuss how feedback influences motor control
and learning.

The timing of feedback relative to actions is critical for sensorimotor control and learning.
In the natural motor system, learned internal models are thought to allow the brain to
anticipate the sensory consequences of motor commands and attenuate them to amplify
errors. Disrupting the timing between movement and sensory consequences reduces this
attenuation (98), thus influencing learning computations. While temporal delays occur in
all BMls, discrete BMIs typically introduce significant delays between neural activity and
motor outcomes, which may contribute to differences in forms of learning observed in
discrete versus continuous BMls (e.g., compare 19 versus 41). The relative timing between
movements and sensory feedback must be considered when optimizing BMIs.

The form of feedback must also be considered. Natural motor learning is driven by multiple
types of error feedback, including sensory prediction errors (expected versus actual sensory
consequences), reward prediction errors (expected versus actual outcomes), and task error
(actual movement versus the goal). Each error signal contributes to different aspects of
learning (9). Discrete feedback of movement outcomes, the only feedback available in
discrete BMIs, largely eliminates sensory prediction error signals, while continuous BMIs
provide all forms of feedback. The richer feedback signals available in continuous BMls
may contribute to differences in learning between the two. Indeed, BMI tasks that can be
learned with continuous feedback cannot be learned with discrete task error feedback alone
(success or failure) (36). Artificial stimulation of brain areas associated with reward can
facilitate learning (33, 99), highlighting the contributions of reward prediction errors. Deeper
insights into how sensory feedback signals contribute to control and learning in BMIs will
place important constraints on the design of both motor and sensory devices.

4. ARTIFICIAL SENSATION FOR NEURAL PROSTHESES

4.1. Artificial Sensation

The goal of artificial sensation is to replace natural sensory information when sensory
feedback circuits are interrupted by injury or disease. In a bidirectional BMI, artificial
sensation would take the form of somatosensation: providing touch and proprioception that
improve BMI control (100). People lacking one or the other sense are unable to manipulate
small objects, maintain grip, or complete precise multijoint movements (101-103). BMI
subjects using an artificial sense of touch have already gained agility in handling delicate
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objects (104); however, an artificial sense of proprioception remains elusive, despite its
essential role during movement.

Artificial somatosensation can be provided to patients by modulating neural activity within
sensorimotor circuits. To accomplish this goal, the scientific community must decide (&)
how to modulate neural activity; () where to target neural modulation (anatomically); (¢)
how to encode touch and proprioception; and (@) what, if any, learning is required. Answers
will depend on individual patients, the extent of their injuries, the physical demands of
important behavioral tasks, and the type of neural prostheses they control. First, we restrict
the problem space under discussion by considering only forms of neural modulation that
can be directly translated into human patients (i.e., excluding optical techniques). Second,
we focus on patients who have massive, widespread paralysis, which shifts the anatomical
locus of the problem to the central nervous system. Finally, because we wish to describe
the basic biological circuits involved in a sensory BMI, we consider only invasive neural
modulation and its interaction with neural circuits.To satisfy these conditions, we discuss the
use of electrical stimulation for artificial sensation.

An enduring technique for neural modulation is electrical stimulation, which consists of
passing small electrical currents through an electrode. First implemented in the search for
functional specialization across the nervous system in the nineteenth century, electrical
stimulation facilitated the discovery of the sensory and motor homunculus—the idea that
neurons within the sensory and motor areas of the brain are functionally organized according
to the part of the body to which they respond (105). Since then, electrical stimulation

has formed the basis of experiments causally linking neural activity within specific brain
regions to complex behavior and cognition (106, 107). In our modern era, electrical
stimulation is additionally employed in the pursuit of artificial sensation, finding clinical
success in cochlear implants (108) and enabling progress in the development of artificial
somatosensation.

4.2. Brain Regions to Target for Artificial Feedback

The pathway traveled by touch and proprioceptive information during natural sensation has
been well described (102), but we summarize it here briefly in order to gain insight into
which brain areas should be targeted for artificial somatosensation. Sensory processing is
organized hierarchically: Signals from sensory receptors on the periphery are sent to the
spinal cord and onward into the brainstem, thalamus, and primary somatosensory cortex.
Touch and proprioceptive information split in the thalamus, from which information about
touch is sent primarily to areas 3b and 1 within the somatosensory cortex, while information
about proprioception is sent primarily to areas 3a and 2. From the somatosensory cortex,
information flow splits into two parallel streams whose functions diverge:

1 Higher-level feature extraction occurs along the ventral stream, including the
secondary somatosensory cortex and parietal ventral area.

2. Motor planning occurs along the dorsal stream, which includes areas 5 and 7.

Neural responses within each brain area can be characterized by their stimulus tuning
(responses to different parameters of a stimulus) and receptive fields (areas of the body to
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which a neuron is responsive). Receptive field sizes grow along the sensory processing
hierarchy, as information originating from multiple sensors is integrated to implement
higher-level functions such as object recognition or movement planning. The activity of
a neuron within the somatosensory stream can be thought of as a “vote” for the type of
sensory information to which it is tuned. Therefore, activation of a neuron via electrical
stimulation can be used to tell the brain that a particular type of sensory information is
present.

The location of stimulation, including the type of neurons that are stimulated and their
relation to the behavioral task of interest, seems to be critical for effective stimulation, yet
there are only minor differences in animals’ ability to detect stimulation across different
brain regions (109, 110). Despite this apparent flexibility, there are several reasons that
most studies have focused on the early somatosensory cortex (111-115). First, its superficial
position upon the cortical surface makes the somatosensory cortex more accessible than

the thalamus or spinal cord. Second, neurons within the somatosensory cortex tend to have
smaller receptive fields than higher-level areas, which means that smaller portions of the
body can be targeted for selective stimulation. Third, more neurons are devoted to each body
part in the somatosensory cortex than in earlier parts of the nervous system, making it easy
to target many locations to encode complex information. A motivating example is the hand,
for which high-dimensional feedback will be needed to control grasp and detect touch in the
fingers.

An argument can still be made for targeting higher cortical areas. For instance, the

receptive fields of neurons within area 5 are larger than in the somatosensory cortex,

often spanning multiple joints, and are mostly proprioceptive in nature. Therefore, it is
possible that stimulation at a single site in area 5 would encode a set of joint angles

for the entire upper limb—something that would require multichannel stimulation within

the somatosensory cortex. However, if electrical stimulation evokes unusual neural activity
patterns within the brain, stimulation of higher cortical areas may be more likely to disrupt
sensorimotor function than would stimulation of early somatosensory regions. Therefore,
although multiple brain regions could serve as viable targets for artificial sensation, there are
many reasons to assert that the primary somatosensory cortex is an ideal choice.

4.3. Neural Activity Patterns Evoked by Electrical Stimulation

The brain represents natural sensory information in the number and timing of neural

action potentials. Therefore, to design effective artificial sensation, we must understand

how the spatial and temporal pattern of stimulation-evoked neural responses depend on the
parameters of electrical stimulation. The smallest unit of electrical stimulation is a constant-
current biphasic pulse, which minimizes damage to both brain and electrode. Stimulation
often consists of a train of pulses, which can vary in timing (stimulation frequency and pulse
timing), stimulation amplitude, and the shape of the biphasic waveform (Figure 3). Each of
these parameters affects stimulation-evoked neural activity patterns.

Traditionally, a single pulse of electrical stimulation was thought to activate neurons within
a sphere surrounding the electrode tip (116). An increase in the stimulation amplitude
increased the number of activated neurons and extended their physical spread (117).
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However, more recent research found that low-amplitude electrical stimulation activated
only a sparse, distributed set of neurons whose axons were proximal to the electrode tip
(118), and an increase in stimulation amplitude seemed to fill in the space by recruiting
more neurons within the same space. A possible resolution has been proposed, asserting
that while stimulation does activate axons that pass by the electrode tip, the likelihood of
directly activating a cell body depends on the distance between the neuron and the electrode
tip (119).

Stimulation frequency, pulse timing, and pulse shape can also control stimulation-evoked
neural activity patterns (Figure 3). Stimulation frequency affects the spatial extent of
stimulation-evoked activity (120), the population of neurons that are recruited, and the type
of responses that are elicited (inhibitory versus excitatory) (121). The specific temporal
pattern of pulse delivery also matters, such that small differences in timing change the
population of recruited neurons (122). Finally, the application of asymmetric waveforms
reduces the spatial extent of neural activation by electrical stimulation (123). Ongoing
animal behavior at the time of stimulation also affects evoked neural activity; stimulation
delivered during movement is less effective at activating neural responses (124) and

can actively suppress neural activity (125). However, the interaction between behavior
and stimulation-evoked neural activity has yet to be explored in depth, despite its clear
importance.

Stimulation-evoked neural activity patterns can be made to resemble neural activity during
natural sensory processing by careful manipulation of stimulation parameters. In one study,
for example, controlling the timing and amplitude of a train of stimulation pulses in a
pattern designed using a recurrent neural network can make stimulation-evoked spiking
patterns look more natural (126). The only limitation of this study is that the algorithm
was optimized to manipulate the activity a single neuron without considering the effects on
surrounding neurons, thus ignoring spatial activation patterns. However, the study presents
a compelling proof of concept in combination with published literature demonstrating
spatial control over neural activity patterns via manipulation of natural stimuli (127). Future
research will need to focus on higher-dimensional control over stimulation-evoked neural
activity.

4.4. Learning to Use Artificial Sensation

The goal of artificial somatosensation is to enable naturalistic control of an external device
in a bidirectional BMI. However, stimulation-evoked neural activity generally does not look
natural in the spatial patterns of activation (118). Therefore, we have a critical open question
to address: Does artificial sensation have to be learned?

4.4.1. Direct transfer of performance.—Animal behavioral experiments show that
electrical stimulation can directly replace natural sensation, particularly the sense of touch.
Monkeys trained to compare the frequencies of mechanical vibrations were equally able to
compare the frequencies of mechanical and electrical stimuli without any further training
(128) if certain stimulation parameters were used. Similarly, monkeys trained to detect
and discriminate mechanical touch to different fingers on the hand can, without training,
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complete the task when electrical stimulation of area 3b or area 1 replaces one or both
natural stimuli (112). Rodents, too, can substitute electrical stimulation with natural touch,
but only if stimulation is targeted to the barrel cortex rather than the trunk or hindlimb areas
(129).

Examples of direct transfer extend beyond the somatosensory cortex. Rats trained to
perform a tone discrimination task could immediately transfer performance when the sounds
were replaced by electrical stimulation (130), and could generalize task performance to

new stimulation sites without further training (131). Therefore, although direct transfer
between natural sensation and electrical stimulation is possible, the location and stimulation
parameters must be carefully chosen.

4.4.2. Learning-based artificial sensation.—In contrast to the examples of direct
transfer discussed in the preceding section, most behavioral studies involving artificial
sensation require some training, where an animal gradually learns to detect or discriminate
patterns of electrical stimulation. Such learning-based approaches can be divided into
passive and active sensing. During passive sensing, animals receive stimulation as a cue to
complete some action, such as reaching or gazing toward a target. Researchers then change
the stimulation patterns in order to query perception and stimulus discriminability (e.g.,
115, 132). Active sensing, on the other hand, more closely resembles natural sensorimotor
function, where the timing and parameters of stimulation change as a function of the
animal’s behavior.

Passive sensing has provided a rich body of data on how well animals can distinguish
between electrical stimulation with different parameters, and how those parameters can

be mapped back to natural sensation. Animals detect stimuli as weak as a single pulse

of electrical stimulation (133), even at amplitudes that are close to the threshold for
evoking neural activity (117), and remain sensitive to stimulation for years (134); however,
increasing stimulation amplitude makes artificial sensation easier to detect (133). Animals
can distinguish the temporal pattern of stimulation within the primary somatosensory
cortex, the electrode across which stimulation is being delivered (113, 135), the frequency
of stimulation (132), and even the precise timing of stimulation pulses (136). Although
amplitude and frequency can be controlled independently during stimulation, these two
parameters are not always perceptually dissociable (132). Note that these behavioral
results describing the discriminability of stimulation parameters mirror the differences in
stimulation-evoked neural activity patterns described above, identifying stimulation pulse
timing, frequency, amplitude, and location as parameters that can be manipulated to elicit
distinct sensations.

Active sensing studies serve as a proof of concept that electrical stimulation can provide
interactive, real-time information to represent internal and external stimuli. For example,
electrical stimulation can transform inaccessible sensory information in the environment into
something that we can understand and use. Rats, like most rodents, are normally unable

to detect infrared (IR) light; however, by translating measurements from a head-mounted

IR sensor into the frequency of cortical electrical stimulation, they can localize IR-emitting
targets within their environment (137). Similarly, rats can use stimulation signals to guide
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their progress through a Morris water maze, where stimulation provides information about
target location (138). Both of these results are possible only if the animals integrated
stimulation timing with information about their own position and heading in space.

Another compelling example of active integration is a study where animals had to determine
which of two “virtual textures” had a higher spatial frequency (114). In this task, monkeys
received an electrical stimulation pulse whenever their fingers passed over a virtual ridge, so
the timing and frequency of electrical stimulation depended on the movements of the animal
itself as well as on the spatial frequency of the virtual texture. To properly discriminate
between the two, the animal needed to integrate stimulus timing with the location and

speed of its hand moving across the workspace. Therefore, for animals to complete this and
prior behavioral tasks, artificial sensation had to be integrated into the normal sensorimotor
processing loop in order to help the animals plan their movements.

In addition to sensorimotor integration, a critical aspect of natural sensation is integration
with other forms of sensory information. For example, during natural reaching, humans
make use of both proprioceptive and visual information to plan and guide their movements
(139) in a manner that depends on the relative reliability of the inputs (140). Experiments
have found that electrical stimulation can indeed be integrated with both other sensory cues
and motor plans. Monkeys trained to use visual flow fields or multichannel stimulation to
reach to invisible targets ultimately integrate the two signals “optimally” on the basis of their
relative reliability (111, 141). Human patients also integrate artificial sensation optimally
with natural vision in order to estimate the size of a handheld object (142). Thus, artificial
sensory information can be integrated with natural sensory streams reporting information
about both the external environment and the internal state of the user.

In the active sensing experiments described above, animals learned to integrate natural
sensorimotor information with the timing and location of stimulation, even though patterns
of electrical stimulation did not imitate local neural activity patterns and instead had to

be learned. These results suggest that learning-based stimulation is sufficient for artificial
sensation; however, the behavioral tasks described were relatively simple, so the information
needed was relatively low dimensional. In contrast, control over a prosthetic arm will require
higher-dimensional information, including the position and rotational speed of each joint as
well as touch across the surface of the limb. Therefore, as the complexity of the problem
scales, we may have to be more careful about the learning load imposed on the user, but for
simpler tasks, a learning-based approach is highly effective.

4.5. Cortical Adaptation to Electrical Stimulation

Any act of learning requires neural plasticity, defined as the ability of neurons to change
the strength and pattern of their connections as a result of experience. Natural sensorimotor
learning involves plasticity within the basal ganglia and the sensory, motor, and prefrontal
cortices—brain areas that are responsible for adapting to new sensory information and
associating sensory inputs with motor commands (143). Learning in a motor BMI also
involves plasticity in, at a minimum, the basal ganglia and motor cortex (144), while
learning to detect electrical stimulation requires (at least) plasticity in sensory cortical areas
(145). However, electrical stimulation drives cortical plasticity even in the absence of any
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behavioral relevance (146, 147), so learning within the context of a BMI will consist of

a balance between adapting to stimulation-evoked responses, assigning stimulation-evoked
responses behavioral relevance, and associating stimulation-evoked responses with motor
commands.

45.1. Stimulation-evoked neuroplasticity in the absence of overt behavior.—
Neurons undergo both homeostatic plasticity, which maintains steady activity levels over
time, and Hebbian plasticity, a form of activity-dependent plasticity (148). Scientists have
successfully employed Hebbian plasticity to strengthen specific connections within the
cortex, by pairing neural activity on a recording electrode with electrical stimulation on

a second electrode. Neural plasticity can be induced quickly this way, within 48 h of
stimulation (149-151), and the effects persist for hours. However, timing is important:
Plasticity is induced only with low-latency stimulation (5-50 ms after an action potential)
(149, 150).

Increasing the functional connectivity between neurons has significant behavioral
consequences. Pairing stimulation across two electrodes lowers the threshold for stimulus
detection on a single electrode (151), making the stimulus more salient. Furthermore,
spike-triggered stimulation within the motor cortex reorganizes motor output, shifting the
muscle activated by the recorded neuron toward that of the stimulated one (presumably by
strengthening the lateral connections between neurons) (149). Paired stimulation has clinical
applications, such as forging new connections to circumvent brain areas damaged by stroke
or disease.

Plasticity in neural responses can also be induced by electrical stimulation in the absence of
specific pairings. For example, cortical electrical stimulation correlates spontaneous spiking
in a population of neurons (147) and shifts neural receptive fields toward those at the
stimulation site, expanding the total cortical area dedicated to a single part of the body (146).
Nearly identical shifts follow prolonged exposure to natural stimuli (152), indicating shared
mechanisms of plasticity between natural and artificial sensation.

4.5.2. Learning to detect electrical stimulation.—Adding behavioral relevance to
electrical stimulation is at the heart of artificial sensation; however, surprisingly little is
known about how neurons adapt their responses to behaviorally significant stimulation.
Single neurons do seem to change their responses in subtle ways. Neurons typically respond
to electrical stimulation by a short burst of excitation followed by a longer-lasting inhibition
(117). After behavioral training, neurons have both a larger active response and a longer
inhibitory phase compared with baseline (145). These changes show clear adaptation to
novel experience.

Additional evidence reveals circuit-level adaptation during learning to detect electrical
stimulation. Nonhuman primates can learn to detect stimulation at amplitudes as low as

5 YA (153), at which only a sparse set of neurons is activated (118). The lower bound on
conscious detection of neural activity is thought to be around 14 neurons within the upper
layers of the mouse somatosensory cortex (154), although further training can lower this
bound to a single neuron (155). Neural prostheses will ultimately require a large number of
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stimulating channels to encode high-dimensional sensory information, which will be easier
to implement if only a small number of neurons are needed for detection on each channel.

Behavioral experiments that involve learning to detect electrical stimulation have provided
some insight into how neural circuits might adapt during learning. Animals can detect the
presence of weak natural and electrical stimuli with practice; however, learning to detect
electrical stimulation seems to compete with detection of natural stimuli (153). Therefore,
learning to detect electrical stimulation seems to require plasticity to optimize neural circuits
for a particular stimulation-evoked neural activity pattern. In contrast, training mice to
control a simple BMI does not interfere with responses to natural stimuli (156). Thus, it

is possible that different mechanisms of learning and plasticity are employed for sensory
perception than for de novo motor learning, even within the sensory cortices.

4.6. Sensory Percepts Elicited by Electrical Stimulation

Electrical stimulation can either elicit overt sensations or simply bias the perception of
natural stimuli (157). Animal models provide only indirect evidence regarding stimulation-
evoked sensations, with mixed results suggesting both naturalistic sensations (112, 128, 130,
131, 158) and unnatural sensations (111, 114, 135, 136). Humans, on the other hand, can
simply tell us how electrical stimulation feels.

Electrical stimulation in humans that was used to map cortical function in the course of
surgery induced sensations such as numbness, tingling, and “as though it was going to sleep
(105). Only in recent research with penetrating microelectrodes have stimulation-evoked
sensations come to have a more “natural” feel, including a mix of natural (mechanical,
movement, temperature) and unnatural (tingling, vibration) sensations (115, 159). In
addition to the location and type of electrodes used, the parameters chosen for electrical
stimulation affect evoked sensations. Humans perceive the intensity of a stimulation-induced
sensation to increase linearly with stimulation amplitude and duration (115). In contrast,
increasing stimulation frequency has mixed effects on perception,at some times heightening
and at others weakening the perceived intensity of the stimulus (159). Note that most of

the sensations described above have qualities of touch; proprioceptive-like sensations were
found at higher stimulation amplitudes and frequencies (160). What has yet to be fully
explored in humans is how precise timing affects evoked sensations (but see 161).

Electrical stimulation seems to elicit mixed sensations: some that feel natural and others that
do not. However, we argue that sensation need not feel natural to be useful during behavioral
tasks. Humans were able to use peripheral nerve stimulation as part of a bidirectional

BMI, even when the sensations elicited by stimulation felt unnatural (162). Furthermore,

as discussed above, animals learned to integrate electrical stimulation cues into natural
sensory and motor behavior, even where stimulation patterns did not imitate natural neural
activity patterns. From these studies, we conclude that stimulation-evoked sensations that
convey graded information to the nervous system are already accomplishing the ultimate
goal of artificial sensation in a sensory or bidirectional BMI—enabling accurate, precise
sensorimotor function. We go so far as to speculate that stimulation will, over time, start to
feel natural as it acquires higher-level meaning during closed-loop behavior.
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5. CONCLUSIONS AND FUTURE RESEARCH

In this review, we have discussed sensory and motor BMIs separately, because the
complexities of each pathway have resulted in largely distinct lines of research focused

on optimizing each component in isolation. However, implementing bidirectional BMI
experiments will be critical to achieving high levels of performance for both motor readout
and sensory processing. Even when considering motor or sensory BMlIs separately, research
has revealed the importance of closed-loop sensorimotor interactions and the need for new
engineering approaches to optimize closed-loop BMls.

While feedback like vision allows almost all motor BMIs to be closed-loop systems,
movement precision and real-world interactions will be limited in the absence of
proprioceptive and tactile feedback (4, 103). Advances in motor BMIs require that we move
past purely open-loop machine learning approaches to optimize closed-loop performance.
Doing so will require careful consideration of all aspects of the system, from neural features
to control dynamics, and how they interact with the brain’s learning computations.

From the sensory side, future experiments must be closed-loop to promote learning and
plasticity. Although we have learned much about how electrical stimulation is processed
using passive sensing alone, the most complex behavioral tasks achieved with electrical
stimulation were closed-loop, where stimulation was delivered as a function of the

animal’s behavior rather than passively received prior to behavior. In imitation of natural
sensorimotor processing, we must train BMIs by taking advantage of three levels of neural
plasticity: adaptation to motor control algorithms, adaptation to electrical stimulation inputs,
and a learned mapping between the two.

Much as natural sensory and motor functions codevelop, optimizing bidirectional BMIs will
ultimately require joint design of artificial sensory and motor pathways. Such design will
require insight into the principles of neural plasticity in sensorimotor BMIs, as well as new
engineering methods for closed-loop optimization. The future of BMI must be bidirectional.
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SUMMARY POINTS

Sensory and motor neural circuits form through paired experience and
continually adapt together to control sensorimotor function.

The inclusion of sensory feedback, whether natural or artificial, in motor
brain—-machine interfaces (BMIs) leads to learning and error-based corrections
that in turn lead to performance differences relative to predicting motor intent
alone.

All elements of a motor MBI together define a sensorimotor transformation
that influences the neural computations for learning and control.

Artificial sensation is integrated with natural sensory and motor processing
during closed-loop sensorimotor behaviors.

Neural circuits adapt to continued electrical stimulation, even in the absence
of behavioral relevance.

The tight link between sensory inputs and motor outputs in closed-loop BMls
engages innate neural mechanisms for learning, thereby changing the nature
of engineering problems that must be solved to optimize BMI performance.
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FUTURE ISSUES

1 Algorithms to train closed-loop BMIs must include constraints informed by
learning and control mechanisms in the brain.

2. Design of optimal stimulation patterns for artificial sensation must include
closed-loop experiments, where behavioral relevance will drive plasticity and
learning.
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Figure 1.
Closed-loop brain—-machine interfaces (BMIs).
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Figure2.
Motor brain—machine interfaces define multistep sensorimotor transformations. This

illustration highlights the transformation in an example interface where the firing of 100
neurons in the primary motor cortex (M1) controls the velocity of a two-dimensional cursor
through a linear decoding algorithm. Of the many brain areas that contribute to movement,
we chose to measure from one (M1). Our sensors measure only a small fraction of the
thousands of neurons in M1. These 100 neurons now define the motor output (behavioral
readout; purple), while all other neurons can only indirectly contribute to movement
(nonreadout; gray). Finally, the decoding algorithm maps a pattern of neural activity in

the 100 readout neurons into a two-dimensional velocity.
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Figure 3.
(a) A stimulating microelectrode is implanted in layer /ii of the cortex. () Parameters

that can be manipulated during electrical stimulation of brain tissue include the amplitude,
frequency, timing, and shape of biphasic pulses.
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