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Abstract

Objective—Brain-machine interfaces (BMI) traditionally rely on a fixed, linear transformation
from neural signals to an output state-space. In this study, the assumption that a BMI must control
a fixed, orthogonal basis set was challenged and a novel active dimension selection (ADS) decoder
was explored.

Approach—ADS utilizes a two stage decoder by using neural signals to both i) select an active
dimension being controlled and ii) control the velocity along the selected dimension. ADS
decoding was tested in a monkey using 16 single units from premotor and primary motor cortex to
successfully control a virtual hand avatar to move to eight different postures.

Main Results—Following training with the ADS decoder to control 2, 3, and then 4 dimensions,
each emulating a grasp shape of the hand, performance reached 93% correct with a bit rate of 2.4
bits/s for eight targets. Selection of eight targets using ADS control was more efficient, as
measured by bit rate, than either full four-dimensional control or computer assisted one-
dimensional control.

Significance—ADS decoding allows a user to quickly and efficiently select different hand
postures. This novel decoding scheme represents a potential method to reduce the complexity of
high-dimension BMI control of the hand.
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1. Introduction

In recent years, brain-machine interfaces (BMI) have increased in complexity, which is
typically defined by the number of degrees of freedom (DOF) being controlled. A cursor on
a display is an example of a two DOF system [1]. The horizontal and vertical components of
the cursor are controlled independently, based on the recorded neural signals. Translation of
the hand can be described as a three DOF system in standard Cartesian coordinates, both in
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neurophysiologic studies [2] and in BMI implementations [3-5]. In addition to controlling
translation, a current goal is to create BMIs that control currently available robotic hands [6-
9] that replicate many of the natural actions of the human hand. Creating BMIs that can
replicate natural control of the 22 DOFs of the human hand remains challenging [10].

The 22 DOFS of the hand often do not move independently. A large fraction of the variance
in complex, multi-joint movements can be mathematically reduced to a small number of
principal components [11-13]. Such principal components or “synergies” have been used to
define the basis set of motion for robotic design [14,15], have been applied in decoding and
reconstructing movements from recorded neural data [16,17], and have been implemented as
DOFs to be used in real-time BMI control [18]. Current BMIs thus often have designs that
combine subsets of joints of the hand into fixed synergies [10]. Rather than controlling all
the DOFs of the hand independently, an underlying BMI state-space with fewer control
dimensions is defined. The BMI state-space is decoded from the incoming neural signals and
then output in a fixed manner to the controlled DOFs (e.g. robotic joints, stimulated muscles,
or displayed virtual features) that make up the physical plant [19].

While current BMI implementations rely on fixed state-spaces with all output dimensions
continuously and equally controlled, there are alternative parameterizations of the hand that
consider discrete classes of movement that may be more effective. Napier [20] described
distinct patterns of prehensile movements, such as precision and power grips. Arbib and
colleagues [21] proposed the idea of virtual fingers where the number of digits that oppose
the thumb could be selected and moved together as a “virtual finger” to create varying sized
grasps. Other neuroprosthetics, like electromyographic (EMG) controlled prosthetic arms,
have implemented switching algorithms [22—24] that allow the user to first select a type of
grasp and then execute it. In reality, the natural musculoskeletal system of the hand does not
necessarily require fixed, orthogonal synergies, and likely is controlled by more complex
neural encoding [25]. Yet alternative encoding schemes for BMIs controlled by cortical
neurons remain relatively unexplored.

Several methods have been employed in current BMI controlled devices to improve
performance, though at the cost of completely autonomous user control. Some BMI designs
use a priori knowledge of the desired movement to mix an automatically generated signal
with the user’s neural signals, creating movements that more closely replicate natural
movements while limiting user flexibility and depending more on autonomous, external
sensor-controlled robotics [26—30]. Selective control of certain dimensions has been used as
a training technique to allow sequential learning of the different DOFs [5,10,31,32], but in
these cases the dimension(s) to be controlled in a given trial are specified by the designer/
experimenter. Does such selective control require an external agent, or might the user’s
neural signals both specify the dimension(s) to be controlled and control the movement
along those dimension(s)?

Here, a novel BMI was designed to use such active dimension selection (ADS) to control a
four dimensional basis that mimics four common human grasps. This approach combines the
ideas of classes of grasps and selective control of movement. This novel ADS decoder uses
the same set of recorded neural signals in a two-step process where with each time step: i)
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the dimension being controlled was selected, and ii) the velocity along the chosen dimension
was actively controlled; meanwhile, the three remaining dimensions were passively held in a
neutral posture. ADS allows the same neural signals to accurately control a selected subset
of dimensions important to the current task while offloading control of other dimensions to
an automated process. While this limits flexibility in the range of movements that can be
performed compared to when all dimensions can be controlled simultaneously, many
movements including common grasps can be defined with a single movement dimension.
The present study demonstrates that ADS allows these reduced dimension movements to be
performed reliably and efficiently.

2. Methods
2.1. Virtual hands

Two 20-DOF (4 DOF for each of the 5 digits) virtual hands were created using the MSMS
software package [33]. Four reduced dimensions were designed to emulate the flexion/
extension movement of four common grasps observed in humans: power (all five digits),
pinch (thumb and index finger), tripod (thumb, index, and middle fingers), and opposition
(thumb and little finger). In contrast to many commonly defined joint synergies, these four
dimensions were not defined to be orthogonal in the 20-DOF joint space. Rather they were
defined with the goal of creating grasping movements most useful to a subject when
constrained to move along only a single dimension at a time.

These four grasp dimensions then were used as a Cartesian state-space, defining the task
environment. This four-dimensional state-space completely defined and reliably mapped to
the position of the 20 DOF virtual hands. In the state-space, the value for each dimension
(power, pinch, tripod, and opposition) ranged from -1 (maximum extension) to +1
(maximum flexion). The current state-space values were then translated to the 20 DOF
virtual hand by summing the amount of flexion/extension for each DOF based on which
grasp dimensions included motion of each DOF (e.g. total index flexion/extension at the
metacarpophalangeal and inter-phalangeal joints was the sum of the power, pinch, and tripod
values in the state-space; little finger flexion/extension was the sum of the power and
opposition values).

The task display (Fig. 1A) consisted of two virtual hands: an avatar hand on the left and a
target hand on the right. The target hand was presented stationary at up to eight different
target postures that corresponded to eight different locations in the 4-dimensional state-space
(Fig. 1B). These locations were at either +0.667 (flexion) or —0.667 (extension) along one of
the four grasp dimensions, with all other dimensions set to 0. The monkey’s task then was to
move the avatar hand to match the target posture. The avatar hand was deemed to have
matched the target hand posture when the state-space coordinates of the avatar were greater
than +0.5 (flexion) or less than —0.5 (extension) in the target dimension and between —-0.167
and +0.167 in all other dimensions.

In addition to the avatar and target virtual hands, the background color on each half of the
display also varied, providing additional feedback on the current state-space location of the
avatar hand and the target hand posture. The state-space was mapped to a Hue-Saturation-
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Value color space with hue representing the dimension (radial direction) of movement and
saturation representing the amount of flexion/extension (distance from the origin). Since the
hue/saturation color wheel is two dimensional, the four dimensional state-space was
collapsed by summing the locations of the four state-space values when the four dimensional
axes are defined to be 45° apart as shown in Fig. 1B.

The monkey’s task then consisted of moving the avatar hand in two, three, or four state-
space dimensions to match one of the four, six, or eight target hand postures, respectively.
The sequence of events in a single trial is illustrated in Fig. 1A. At the start of each trial, the
controlled avatar hand and target hand both were automatically centered to a neutral posture
(0, 0, 0, 0). At the cue time point, the target hand changed abruptly to a pseudorandomly
selected target posture e.g. (+0.667, 0, 0, 0). For 300 ms immediately following the cue, the
avatar hand remained fixed at the neutral posture, preventing unwanted movement that
would have resulted from spontaneous neural activity that had occurred before the cue. After
this 300 ms the hand was free to move through the 2, 3, or 4-diminensional state-space under
brain control (described below). The trial ended when one of the target postures was
contacted (matched the target boundaries defined above), or else after 5 s timed out. If the
correct posture was achieved, the monkey was given a water reward. If the trial was
incorrect, either because one of the wrong target postures was contacted or because the 5 s
timed out, the same target was repeated up to two more times to encourage the monkey to
not skip difficult targets.

2.2. Neural Recordings

A male Rhesus monkey weighing approximately 10 kg was used as the subject in the present
study. All procedures for the care and use of nonhuman primates followed the Guide for the
Care and Use of Laboratory Animals and were approved by the University Committee on
Animal Resources at the University of Rochester, Rochester, New York. Floating
microelectrode arrays (MicroProbes, Inc), each with 16 recording electrodes had been
implanted in the monkey’s left hemisphere using procedures described in detail previously
[34]. The present study was conducted using the electrodes on eight such arrays: four in
primary motor cortex (M1) and four in ventral premotor cortex (PMv). The electrode lengths
ranged from 1.5-7.5 mm, such that neurons were recorded from the hemispheric surface to
the depth of the anterior bank of the central sulcus (M1) and the posterior bank of the
arcuate sulcus (PMv). The electrodes in M1 used for BMI control spanned a distance of
approximately 17 mm along the central sulcus and were centered on the region of M1 from
which movement of the digits were evoked with intracortical microstimulation. The
electrodes in PMv used for control spanned a distance of approximately 9mm along the
inferior limb of the arcuate sulcus. Sixteen of the 128 recorded channels were selected based
on the best discriminable spiking units. Eight of the channels were from the arrays implanted
in M1 and eight from the arrays in PMv; no distinction between the two areas was made in
the present experiment and analyses. Online spike sorting was performed to select the most
prominent spiking unit on each channel (Plexon, Inc). The same 16 channels were used from
day to day. Occasionally, a unit was lost, which required switching channels at the start of
the day. No switching was performed within sessions.
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2.3. BMI Decoding

Each unit’s firing rate was estimated by convolving the spike train with a 500 ms Gaussian
window (center = =250 ms, o = 125 ms). The estimated firing rate was then square root
transformed to better normalize the variance [35]. To create zero-centered neural control
signals, a running average of each unit’s square root transformed firing rate was calculated
as an exponential moving average updated after each trial with the average from the new
trial added with a weight of e to 19 of the previous average. The average then was subtracted
from the instantaneous square-root transformed firing rate to generate the normalized
instantaneous firing rate for each unit. The BMI system sampled neural firing rates and
updated joint positions at 100 Hz.

2.3.1 Active Dimension Selection (ADS) decoder—The ADS decoder relies on the
same underlying linear relationship used in classical linear, velocity decoders that decode
state-space velocities from the normalized instantaneous firing rates. However, the ADS
decoder does not use the neural signals to control all state-space velocities simultaneously.
Rather, the ADS decoder selects only a single dimension that is being moved by the neural
signals while the other dimensions are held at or returned to a neutral posture.

Like a classic linear decoder, the ADS decoder used decoding weights (1) for each
dimension that are a simple linear transformation from firing rate to state-space velocity.

Tyx1=Wix16Ni6x1, Egn. 1

Here, the instantaneous firing rates of the 16 recorded units (A) is multiplied by a weight
matrix (W) that transforms the firing rates to velocities (x) in the four-dimensional state-
space.

The novel component of the ADS decoder is the manner in which these state-space
velocities are used. Rather than all four velocity estimates simultaneously controlling the
virtual hand, only the largest magnitude velocity signal moves the hand along that single
dimension of the state-space.

1=t 1T Wix16Ne,16x1,  such that ;= max{|z1. 4}, Eqn. 2

The new position along dimension 7in the state-space becomes the previous position plus
the velocity signal along dimension /based on the instantaneous firing rates (/) at time step
t The ADS decoder selects the A" dimension based on that dimension having the largest
magnitude velocity signal. For the other dimensions, the state-space positions are not
actively controlled by the neural signals. Instead, the ADS decoder returns the other
dimensions in the state-space to zero, corresponding to a neutral hand posture along those
dimensions.
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Xy j=0xy—1j, for all j # 1, Egn. 3

where a = 0.926

For all dimensions j other than the active dimension /, the previous position is multiplied by
a constant (a) to approximate an exponential decay back to zero with a time constant of
approximately 130 ms.

If at any 10 ms time step a different dimension attained the largest velocity signal, the ADS
decoder selected this dimension as the new active dimension, and the previously active
dimension decayed back towards zero. The four state-space variables from a single, example
trial all have been plotted as a function of time in Fig. 2. In this trial, the monkey first
extended the avatar hand along a wrong dimension (light grey) before the brain signals
corrected and flexed the avatar hand along the correct dimension (blue) to the desired hand
posture.

2.3.2 Decoding Weights Updating—As shown in Eqgn. 1, decoding weights (/) were
used to linearly transform the 16 instantaneous firing rates (/) to velocities (x) in the
dimensions of the state-space. Following each session, the data was organized and analyzed
to generate decoding weights for the following session. The input data for generating the
weights consisted of the average firing rate for the 16 recorded units for each trial during the
previous session. For each unit, the average firing rate was the average of the normalized
instantaneous firing rate from 300 ms after the cue was presented until the trial ended by
contacting one of the target hand postures or timing out after 5 s. These average firing rates
thus represent a single value for each 777 unit for each ”’trial and were arranged in an A=16
x Ktrials matrix.

The weighting matrix (I4) was generated for each session using one of two methods: i)
uniform weights, or ii) regressed weights (illustrated in Figure 3). The uniform weights
method was used for all sessions during the first 90 days. For day 91 and all subsequent
sessions, regressed weights were used. The weights were estimated with the following two
procedures:

i Uniform weights were originally generated on the first day for each output
dimension by randomly assigning +1 or -1 to each of the 16 neurons, with the
constraints that: a) for each dimension, 8 neurons were assigned a weight of +1
and 8 neurons were assigned —1; and b) the weight vectors for all dimensions
were mutually orthogonal. The weights were updated for each session from the
previous recording session by assigning weights based on the dimension and unit
that showed the most modulation. This was determined by creating a receiver
operator characteristic (ROC) curve for each dimension [36]. The ROC curve
was constructed by comparing the fraction of flexion trials and extension trials
along a given dimension with firing rates for a given neuron less than a series of
firing rate thresholds. The area between the ROC curve and the 45° no-
discrimination line was then used to determine the difference in modulation for
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each neuron for flexion versus extension trials for a given dimension. The
neurons that increased their firing for flexion compared to extension were given a
weight of +1 and those with extension greater than flexion were given a weight
of —1. The largest modulated neurons for a given dimension based on the area of
the ROC curve were assigned first with each new +1 or -1 weight to a given unit
and dimension being assigned contingent on meeting constraints aand b above.
Weights were assigned using this greedy approach until no longer possible and
the remaining weights were assigned +1 or —1 as necessary given the constraints.

ii. After day 91, regression weights were generated using ordinary least squares to
predict a target matrix, Y, from the neural data, N. Each column of Y'represented
a trial with @'rows corresponding to the @'dimensions and +1 indicating a flexion
target or —1 indicating an extension target in the given dimension. As an example
in the 4D case, the Y matrix:

has three columns to represent the targets for three trials: the first trial with a 15t
dimension flexion target; the next trial, a 2"d dimension extension target; and the
third trial, 41 dimension flexion target. Linear least squares regression was then
performed to generate the best weight matrix (I4) to predict the target matrix (Y)
from the neural data (N).

Waxi16 X Nigxk=Yaxk

To maximize the separation between dimensions and encourage the generation of neural
signals that were distinct for different targets, the resulting weight matrix, W, was
transformed such that all rows were orthogonal. To transform the weight vectors for all
dimensions by similar amounts, pairs of weight vectors were symmetrically rotated to be
orthogonal to one another. Such rotations were iterated until the weight vectors for all
dimensions were mutually orthogonal.

On occasional days when a channel’s unit was lost for the subsequent recording session, the
unit of another channel was selected by the investigator and was assigned the previous unit’s
weights.

The monkey was initially trained with a joystick to become familiar with the avatar and
target hands and the sequential events of a behavioral trial. The horizontal and vertical
positions of the joystick were mapped to the velocity of power and pinch grasps,
respectively. After the monkey could reliably move the avatar hand using the joystick to the
correct position when a target hand was presented, the monkey was switched to brain
control. Since the joystick allowed only two DOF control, brain control was first trained on
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the same two dimensions. The first time the monkey experienced movements of the virtual
hand along the third and fourth dimensions was when these dimensions were added during
brain control.

Early brain-control training used two methods of computer assistance. First, a constant
velocity bias in the correct state-space direction was added to the brain controlled velocity
signal to increase the probability of movement toward the correct target. Second, error
detection was turned off to allow the monkey to contact the correct target after first
contacting an incorrect target in the same trial. These two assistance measures were adjusted
daily by the experimenter with the goal of the monkey being rewarded on approximately
75% of trials. As performance improved, both forms of assistance were gradually eliminated
so that the avatar hand was controlled by only recorded brain signals.

2.5. Experiments

All initial training was done with the ADS decoder. Once performance plateaued with the
ADS decoder, two experiments were performed. The first experiment added catch trials
during some recording sessions where the BMI decoder was switched from the ADS
decoder to two other decoders. The second experiment used only the ADS decoder but
varied the feedback display to examine how well and which parts of the visual display were
being used by the monkey during the BMI task.

2.5.1. Experiment 1) ADS vs. CDS vs. Full decoding—To measure the information
available and precision achieved with similar neural signals, in some sessions two alternative
decoding schemes were used in randomly intermixed catch trials while still using the ADS
decoder in most trials. In each case, the decoding weight matrix (I4) was the same across
decoders. The first was full dimensional control (Full) where all dimensions were controlled
simultaneously. As described by Eqn. 1, for Full control the decoding weights (I4) were
matrix multiplied by the instantaneous firing rates for the 16 units (/V) to produce the
simultaneous velocity signals along all dimensions. These velocity signals controlled all
hand dimensions simultaneously with the virtual hand moving freely within the state-space.
Thus, Full decoding used the same decoding weights as ADS but did not incorporate an
actively selected dimension (Eqgn. 2 and 3 above). The second was a one-dimensional
computerized dimension selection (CDS) control in which the computer automatically
selected the active dimension and the neural signals were responsible only for controlling
the velocity of the hand along that dimension with the appropriate row of decoding weights
in W. All other dimensions were fixed in a neutral position. The Full and CDS trials each
comprised 20% of randomly selected trials and the ADS decoder was used in the remaining
60% of trials.

2.5.2. Experiment 2) Varying display feedback—To examine which parts of the
visual display were being used by the monkey, three sessions were performed with blocks of
three modified display conditions in addition to a block with the regular display. These
sessions were performed with ADS decoding only. The three modified blocks were: i) only
hands — only the target and avatar hands were displayed against a grey background instead
of the color shifting background, ii) only colors — only the constant-color target background
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and shifting-color avatar background were displayed with neither the target or avatar hand,
and iii) no avatar, only target — the target hand with color background was displayed but the
avatar hand and its shifting-color background were not.

2.6. Performance metrics

Five different metrics were used to measure performance. Performance was often worse
early in the session as the monkey and system adjusted to new decoding weights as well as
later in the day as the monkey became less motived; therefore, only ordinal trials 101-700 of
approximately 1000-1400 total trials per day were used in assessing performance. Also,
since the monkey was required to repeat incorrectly performed trials up to 3 times and thus
knew the desired target at the start of the subsequent trial(s), only trials that followed a
correct trial were used in all five performance metrics.

1

Success rate. The percentage of all trials successfully completed by the monkey.
The denominator includes correct trials, trials where an incorrect target was
contacted, and trials where the 5 s timeout was reached.

Percentage timeouts. The percentage of all trials where neither a correct or
incorrect target was contacted but rather the movement time reached 5 s.

Percentage correct. The percentage of target postures correctly contacted. To
allow for exact assessment of chance performance, only trials where one of the
targets was contacted were included in the denominator. Timeout trials, where no
targets were contacted within 5 s, were not included. Thus, chance levels for 4, 6,
and 8 possible targets were 25, 16.7, and 12.5%.

Mean movement time. The mean movement time was the total time from cue to
trial end (either target contact or 5 s trial timeout) for all trials divided by the
number of trials.

Bit rate. The bits per trial was calculated as:

Bits per trial=log2(N)+p - log2(N)+(1—p) - log2 <]1v:’1>

where N is the number of possible targets and p is the percentage correct [37,38].
The bits per trial was then divided by the mean movement time to generate the
bit rate in bits per second. The bit rate is a useful metric for comparing BMI
performance between experiments, and represents the number of useful bits of
information transmitted when making selections with an output device (e.g.
answering yes/no questions, spelling words). The bits per trial is based on the
percentage correct since an output device would receive the transmitted
information of a correct or incorrect trial but simply wait and ignore timeout
trials. The mean movement time used to calculate bit rate does include the time
of timeout trials to reflect the increased transmittal time.
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3. Results

3.1 Learning and performance with Active Dimension Selection

The monkey was trained on two-dimensional (2D) followed by three- (3D) and then four-
dimensional (4D) control. Each dimension had two target postures (flexion and extension),
providing 4, 6, and 8 targets for 2D, 3D, and 4D, respectively. The learning time course for
training (white regions) and blocks of experiment 1 (grey regions) is plotted in Fig. 4. On
Day 1, the monkey was first switched from joystick control to 2D brain-control (blue
markers), using uniform decoding weights (W) for all channels. During early recording
sessions computer assistance aided the monkey in contacting the correct target, and the
success rate shown here was estimated off-line by simulating the avatar hand motion that
would have been produced by the recorded neural activity had it acted solely through ADS
brain-control with no computer assistance (open blue circles). Because the initial weights
were arbitrary, performance started close to chance (25% for 4 targets) and steadily
increased. After ~3 weeks, computer assistance was discontinued. The monkey then
performed the 2D task entirely with ADS brain-control (filled blue circles), continuing to
improve until plateauing at approximately 80%. Next, experiment 1 with CDS and Full-
control catch trials were included for several sessions (grey region).

Following 2D, a 3" dimension was introduced on day 63 (red markers). Initial training again
included computer assistance (open red circles). After advancing to total brain-control (filled
red circles), on day 91 the decoding weights (14} were switched from constant uniform
weights to weights updated daily based on linear regression (vertical black line), resulting in
a sudden increase in success rate from 73% to 89%. Thereafter, the monkey continued to
improve in 3D control. Catch trial experiments were again performed. Finally, the 4t
dimension was added, initially with computer assistance (open yellow circles) and then
progressing to total brain-control (filled yellow circles).

The experiments then were repeated with 2D, 4D, and 3D control. Although with the initial
introduction of each added dimension 20-30 recording sessions were needed for ADS
performance to plateau, when 2D, 4D, and 3D control were repeated, ADS returned to a
high level in less than five sessions. Furthermore, when using uniform weights success rate
plateaued at ~ 80%, but after switching to regression weights, the ADS success rate for 2D-,
3D-, and 4D-control, all reached greater than 95% correct during some sessions. On days
with catch trials, ADS control tended to have slightly lower success rates. In comparison,
CDS-control catch trials were nearly 100% correct, while Full-control catch trials showed
substantially lower performance that decreased with the number of controlled dimensions.

Using the novel ADS decoder, the monkey thus successfully controlled the virtual hand to
achieve the instructed target hand posture with a high level of accuracy (Supplementary
Video 1 and 2). This performance was quantified by analyzing all days after switching to
regressed weights (Day 91) on the training days when only ADS control was used with
normal feedback and without computer assistance (White regions with filled circles in Fig.
4). Because performance tended to improve during the first few days of training when
switched to a different number of dimensions and performance also tended to decrease
during and following the Full and CDS catch trial sessions, the best and most stable
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performance tended to be the late training sessions with ADS-only decoding preceding catch
trial sessions. To examine these late training sessions, the final three sessions before
initiating catch trial sessions were also analyzed separately (3 sessions in white area
immediately preceding grey regions). For 4D, the ADS decoder was utilized twice after
switching to regressed weights so there is a total of six late training sessions. The 3D ADS
decoder was also repeated twice but since the second instance had only two sessions
preceding catch trial sessions there were only five available late training sessions. The 2D
ADS decoder was used for only one series of sessions using regressed weights so there are
only three late training sessions. As shown in Fig. 5A, using ADS the monkey successfully
contacted the correct target with an average of 89% correct even for the 4D task. When
analyzing only the late training sessions immediately before switching to Full/CDS/ADS
sessions (larger circles), the average was 93% correct for the 4D task. The average
movement times during these late training sessions were 0.86, 1.16, and 1.03 s for 2D, 3D,
or 4D, respectively (Fig. 5D). Because larger numbers of targets resulted in only a modest
decrease in accuracy with similar movement times, the bit rate was highest for the 8-target,
4D task, at 2.4 bits/s (Fig. 5E).

Fig. 6 illustrates the neural activity during movements to the 8 different targets in a single
4D session. The activity of a typical single unit is plotted for all trials in Fig. 6A. This
neuron’s firing decreased in anticipation of the cue and then became strongly modulated
~250 ms after the cue appeared. This neuron in general fired more for extension movements
of the avatar hand, except in the thumb-little finger opposition dimension where it fired more
for flexion. Fig. 6B shows the mean firing rates across all trials to each of the 8 targets for
each of the 16 units used for BMI control in this session. Rather than being modulated for
only a few targets, most units were modulated to varying degrees for all 8 targets. This
represents a key benefit of ADS. If units are assigned to control all dimensions
simultaneously, some units must either have small modulation to maintain near zero velocity
along certain dimensions or units must cancel out in those dimensions. By using active
dimension selection, all units can be modulated corresponding to the currently selected
dimension’s weights, irrespective of tuning along other dimensions.

3.2 Experiment 1) Comparing ADS with other decoders

To better quantify the effect of active dimension selection, sessions were conducted with
Full (Supplementary Video 3) and CDS (Supplementary Video 4) control catch trials (grey
regions in Fig. 4). The full-control condition required the neural signals to control all
dimensions simultaneously whereas in CDS control the neural signals only controlled
flexion/extension along the correct dimension, selected automatically by the computer.
Example brain controlled trajectories in the 4D state-space are shown in Fig. 7 for trials of
power grip flexion. Although actually four-dimensional, for purposes of illustration the
trajectories of the four state-space variables are plotted here in two separate two-dimensional
Cartesian coordinate spaces. Using the ADS decoder (Fig. 7A), trajectories are rendered
more efficient by restricting movement to a single dimension at a time. Fig. 7B illustrates
that the CDS decoder automatically restricted movement entirely to only the power flexion/
extension dimension. In contrast, Fig. 7C shows how Full control allowed movement within
the entire state-space, making precise movement to the correct target extremely difficult.
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Performance in the ADS, CDS, and Full-control trials for the final five 2D, 3D, and 4D
catch-trial sessions in Fig. 8. With Full control, although the monkey had a success rate of
93% for 4 targets in the 2D case, the success rate dropped in the 3D and 4D case to 45% and
22% (Fig. 8A), respectively, largely the result of 39% and 72% of trials ending in 5 s
timeouts. In the remaining trials a target was contacted, but fewer than 80% of targets
contacted were correct (Fig. 8B). In contrast, with either CDS or ADS, less than 1% of trials
ended with timeout errors, and thus the success rate and percentage correct were equivalent.
With CDS, the monkey had near perfect performance selecting from the two targets along
the computer-selected dimension in the 2D, 3D, and 4D cases. With ADS, success rate was
slightly lower than with CDS, but much higher than with Full control in both the 3D and 4D
cases. Percentage correct with ADS was not different from CDS in 2D but significantly
lower in the 3D and 4D cases (XZ test, p<0.05) with ADS being at 99%, 86%, and 95% for
2D, 3D, and 4D, respectively. Percentage correct with ADS was significantly higher than
Full-control in all cases (X2 test, p<0.05). Mean movement times were relatively constant as
a function of the number of task dimensions with either ADS or CDS, but increased with
more task dimensions under Full control, primarily as the result of more 5 s timeouts. For
ADS, the mean movement times were 0.76, 0.98, and 0.93 s for 2D, 3D, and 4D,
respectively.

The bit rate is a combination of percentage correct and mean movement time. With either
ADS or Full control, the monkey selected from 4, 6, or 8 targets which corresponds to 2,
2.58, and 3 of bits per trial, respectively. With CDS, the computer limited the monkey to 2
targets, or 1 bit per trial, whether working in 2D, 3D, or 4D. Movement times with CDS and
ADS were similar while the bits per trial were more in the ADS case. The longer movement
times and lower percentage correct with Full control lowered the bit rate. Consequently,
ADS provided higher bit rates than either CDS or Full-control.

3.3 Experiment 2) Hand shape versus background color of the feedback display

The complete task display conveyed the brain-controlled and target variables using both
virtual hand shape and changing background color. The relative importance of hand shape
versus background color was determined by reducing the information displayed during three
4D sessions conducted at the end of the study following the initial training and Experiment 1
shown in Fig. 4. In each of these three sessions, ADS decoding was used to control the
virtual hand in blocks of trials with three different types of reduced feedback. First, the color
shifting background was replaced with a neutral grey background so only the displayed
avatar and target hands provided information about the task. Second, the avatar and target
hands were removed and only the two colored backgrounds—a target color rectangle and a
feedback color shifting rectangle—indicated the brain-controlled BMI scene. Third, the
brain-controlled avatar hand and color background were removed leaving only the target
hand and color displayed, requiring the animal to modulate its neural signals with no visual
feedback.

Fig. 9 compares the monkey’s performance averaged across the three sessions with the
regular display (dark grey) and with each of the three reduced display modes. With only the
virtual hands displayed on a constant grey background (light grey), success rate was slightly
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worse than with full visual feedback (89% vs. 73%). In contrast, without the two virtual
hands, using only colors (white), the monkey performed at chance (11%). Finally, with no
avatar hand or color feedback, viewing only the target (medium grey), the monkey’s
performance (45%) was reduced compared to viewing only hands, though better than when
viewing only colors. The success rate in all 4 conditions were statistically different from one
another (p<0.001, pairwise comparisons using XZ test). Due to the nature of ADS decoding,
the percentage of timeouts was small for all display conditions (Fig. 9B). There were no
observed timeout errors with the regular display or the only hands conditions. A small
percentage of only colors (4.5%) and only target (3.8%) trials ended in timeouts.
Consequently the percentage correct of completed trials was identical or nearly identical to
the success rate in all cases. The mean movement time only slightly increased from the
regular display (1.01 s) to the only hand (1.10 s) condition, but increased significantly for
the only colors (1.76 s) and only target (1.72 s) conditions (p<0.05, bootstrapped confidence
intervals). Combining percentage correct and mean movement time reduced the bit rate from
2.2 to 1.3 bits/s when the regular display was reduced to only hands but fell to 0 when only
colors were presented as the monkey was performing at chance. Hence the monkey relied
more on the virtual hands than the background colors. The no avatar, only target condition
resulted in a low bit rate of 0.3 bits/s albeit above chance performance. Thus neural
modulation and resulting control were improved with visual feedback and were not simply a
ballistic neural trajectory generated after the target was displayed.

4. Discussion

The ADS decoder provided multi-DOF BMI control of an avatar hand that enabled the
monkey to quickly and accurately select the presented target postures. The bit rate of 2.4
bits/s for eight targets in four dimensions using an avatar hand compares favorably to many
standard 2D center-out BMI task bit rates of 1 bit/s or less [39]. A more recent study
reported a bit rate of 3—4 bits/s [40] in a standard 2D center out task although with additional
processing using Kalman filtering with online BMI optimization and more spiking channels.
Here, BMI control was achieved with simple linear decoding weights, using no Kalman
filtering or other advanced statistical processing, no online updating within a session, and
only 16 spiking units. For simple target selection tasks, rather than controlling a cursor on a
2D screen, future consideration should be given to BMI schemes that use a higher number of
output dimensions but reduced movement within those dimensions.

Active dimension selection leverages the fact that complex movements like grasping are not
random but predictable and coordinated across joints. BMIs are limited because the number
of recorded neurons is relatively small compared to the entire neural population of the
natural motor system. With limited information, performance can be improved when good
inferences can be made about the intended movements. Better statistical priors improve
prediction. In reality, movements do not uniformly span even the reduced space of low-
dimensional principal component descriptions. Although not emphasized, hand grasps
plotted in the first two principal components in Figure 7 of Santello et al. [11] show a
distinctive “L” pattern in the PC space rather than being uniformly distributed. Thus, a large
fraction of the hand grasp shapes can be defined by specifying points along the two axes
defined by the “L,” without needing to cover the entire two-dimensional space of the first
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two PCs. The present results illustrate the advantages of constraining movements to such
principal axes within a state-space.

Using neural signals to select the active dimension effectively transformed BMI control from
a four-dimensional task into four one-dimensional tasks. This permitted the ADS decoder to
select targets quickly and correctly, with only a slight performance decrement compared to
one-dimensional, CDS control. Conversely, Full control became increasingly difficult as the
number of dimensions increased, with many trials having no target contacted within the 5 s
time limit. Using catch trials with no cue as to control type (ADS vs. CDS vs. Full control),
the information and precision possible with identical neural signals was measured
accurately. Although the number of neural signals and their noise limit any BMI
implementation, by ignoring the noise in unwanted dimensions ADS improves on classic
Full-dimensional decoders for performing a specific set of BMI-controlled movements.

Feedback and neural adaptation are critical for BMI applications. Although initial training as
well as the feedback experiment (Experiment 2) was performed using only ADS decoding,
one can speculate about the differences in the effect of training and feedback that might be
expected with ADS decoding compared to traditional full-dimensional decoding. BMI
performance is determined by how well users can generate neural signals that are easily
decodable with little overlap between different conditions. Training in the ADS condition
allows the user to develop neural activity that has strong modulation along the active
dimension being controlled with no need to precisely modulate other dimensions of control,
provided the proper dimension has been selected. Additionally, determining through visual
feedback which dimensions to flex or extend can be difficult in an increasingly high
dimensional space. The feedback is likely less ambiguous in the ADS environment where
the different classes or selected dimension result in distinct hand movements and only one
dimension must be monitored at any given time. These factors suggest that ADS could
improve learning rates and performance compared to traditional full-dimensional BMls.
Further work will be needed to directly compare the effects of training and feedback on
performance with ADS versus full-dimensional decoders.

The proof-of-principle ADS avatar hand presented here was limited in two aspects that could
likely be improved in the future. First, in the current implementation, the movement was
limited to only one dimension out of the larger, four dimensional state-space. For instance,
the power grasp could not be performed with varying degrees of flexion at individual digits
as might be needed for an irregularly shaped rock versus a spherical ball. With more
recorded neurons and more complex models, active dimension selection could be expanded
to enable the BMI to actively control two or three dimensions at a time in a state-space with
an even higher number of dimensions. The optimal ratio of actively controlled to total state-
space dimensions has yet to be examined. Second, the current decoding scheme was also
relatively limited in the precision of movement along a given dimension. The experiment
was designed and the monkey was trained to select different target postures as quickly as
possible with no required hold time. The largest magnitude velocity signal was used to select
the active dimension, making it difficult to hold a constant, neutral posture. This could
potentially be remedied by adding a state or dimension that holds the hand stationary, as
well as by improving the decoding of precise, low-velocity movements.
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Active dimension selection is a novel technique that allows the neural signals to select
accurate control of a subset of dimensions important to the task, while offloading control of
other dimensions to a more automated process. This approach allows grasp dimensions to be
defined that are not required to be orthogonal in joint space, and thereby generates efficient
trajectories along a single grasp dimension. In contrast, other approaches define dimensions
of grasping based on either physical degrees of freedom of a prosthetic [10] or orthogonal
principal components of hand movement [18]. Such approaches require simultaneous
control of each added dimension to increase the available movement repertoire; transitioning
to these added dimensions can lead to inconsistency and frustration [10]. The ADS approach
allows for the possibility of adding novel hand movements with less interference from
previously learned movements. Further work will be needed to explore how to balance the
flexibility of simultaneous dimension control versus efficient movement paths of ADS to
best select and generate useful movements.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Virtual hand grasping task. A) The task display featured a target hand posture and

background color on the right and the brain controlled avatar hand with a colored
background (representing the current location in the state-space) on the left. Each trial
consisted of i) Start both — the target hand and avatar hand were returned to a neutral
posture, ii) Cue — the target hand was moved abruptly to one of eight possible hand postures
while the avatar hand remained fixed for 300 ms, iii) Move — the avatar hand moved under
brain control, the example video frame shows the avatar hand (left) midway to the flexed
power grasp target posture (right); the less saturated blue (left) also instructs the monkey
more flexion is necessary to match the fully saturated blue (right), and iv) Contact — the
avatar hand is within the flexed power target boundaries. B) The eight different target hand
postures along the four different grasp dimensions are shown schematically, collapsed into a
two-dimensional arrangement. Each of the four grasp dimension has target flexion and
extension hand postures (with associated colors) — precision pinch (green/magenta), three-
finger tripod (cyan/red), power grasp (blue/orange), and thumb and little finger opposition
(indigo/yellow). These four dimensions were mapped to the 20 DOFs of the virtual hand.
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Figure2.
State-space variables with ADS decoding for a single trial of power grasp flexion. The four

state-space variables are plotted on a single axis. Dotted horizontal lines represent the
flexion (+0.5) and extension (—0.5) targets that must be crossed along the single target
dimension. Dashed horizontal lines represent the region around zero (—-0.167 to +0.167) that
the other state dimension values must be within to complete a successful target contact. The
power grasp dimension (blue) was required to cross the flexion target line at +0.5. Another
dimension (light grey) was initially active, and slightly extended before neural control
switched to select the correct dimension, after which the ADS decoder returned this
dimension to zero. The other two dimensions (black and dark grey) never deviated from
zero. N.B. Scores for different dimensions have been offset slightly from zero for display
purposes.
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Figure 3.
Schematic of channel weights for the 3D ADS decoder. The uniform weights on the left are

either +1 or —1 for all 16 channels. Each dimension (power — blue/orange, pinch — green/
magenta, tripod — cyan/red) has 8 positive weights and eight negative weights. If a weight is
+1 (e.g. blue up and orange down in the power grasp dimension), then flexion of the given
grasp is facilitated when the unit has a firing rate above baseline and extension is facilitated
when the firing rate is below baseline. Conversely, units with —1 weights (e.g. orange up and
blue down) facilitate extension with increased firing and flexion with decreased firing. The
sum across all 16 units of the unit’s weight multiplied by its firing rate determines the net
velocity of flexion/extension. In ADS control, only the dimension with the maximum
absolute signal moves while the other dimensions are passively fixed. The regressed weights
on the right are similarly used by the decoder, but can be different in their magnitude as
determined by linear least squares regression.
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Figure 4.

Success rate across recording sessions during training (white regions) and experiment 1
(grey regions). The monkey was trained to control first the 2D, 3D, and then 4D virtual
hand. Following this initial training, 2D, 4D, and 3D control were tested again. Open circles
represent days when computer assistance was used, and the virtual hand was only partially
controlled by the brain. For these days, the success rate has been estimated with post-hoc
analysis of how the recorded neural signals would have performed without computer
assistance. Initially, the decoding weights were uniform across all 16 channels. On day 91
(vertical black line), the uniform weights were replaced with regressed weights based on the
previous day’s data. The grey regions are days when CDS (diamond) and full (triangle)
control catch trials were performed in addition to standard trials performed with the ADS
(circle) decoder.
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Figure5.
Performance for ADS virtual hand control in ADS-only training sessions as measured by A)

success rate, B) percentage timeouts C) percentage correct, D) mean movement time, and E)
bit rate. Success rate is the percentage of all trials completed successfully. The percentage
correct includes only trials completed and not trials that timed out. The mean movement
time includes all trials. The bit rate is a combination of the percentage correct and mean
movement times. The larger circles represent the late training sessions as defined as those
immediately preceding switching to the Full/CDS/ADS experiment (3 sessions preceding
grey regions in Fig. 4). For 2D, there was only one set of three sessions while for 3D and 4D
there were two sets of three sessions. However, for 3D there are only five data points since
the Full/CDS/ADS experiment was started once with only two preceding all-ADS sessions.
The thinner horizontal lines are means across all ADS training sessions with regressed
weights while bold horizontal lines are means for larger circles representing late training
sessions immediately preceding Full/CDS/ADS experiment sessions.
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G15a

Time (s)

Individual unit firing rates. A) A raster plot is shown of all observed action potentials for
trials from a single 8 target, 4D session for an example unit (C15a). Trials are sorted by the
eight target hand postures and aligned at the Cue (vertical black line). Black dots indicate
when the correct target was contacted while larger red crosses indicate contact with an
incorrect target. The mean normalized firing rate calculated by the online control algorithm
as a function of time for the eight different trial types is plotted on top. B) The mean
normalized firing rate for all 16 units used for control in the same session.
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Figure 7.
State-space variable trajectories for power grasp flexion trials in a 4D session with catch

trials. A) All ADS trials are shown from a single recording session. The four dimensions of
the state-space are shown in two separate two-dimensional plots. Power and pinch are the
abscissa and ordinate of the left plot; tripod and opposition are the abscissa and ordinate of
the right plot, respectively. Trajectories of correct trials are blue, while trajectories that
contacted incorrect targets are red. B) CDS control catch trials. The power grasp dimension
was selected automatically by the computer and the neural signals only controlled movement
in the power dimension. All CDS trials in the session were correct. C) Full control catch
trials. Trajectories from correct trials are blue; from incorrect trials, red; and from trials that
timed out after 5 s, grey. f/e, flexion(+)/extension(-).
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Figure8.

Performance comparison of Experiment 1. The final five recording sessions in which the
control algorithm was switched between ADS, CDS, and Full control were analyzed for
each number of dimensions. A) Success rate incorporate error trials, including trials with 5 s
timeouts. B) The percentage timeouts is percentage of trials with 5 s timeouts. C) The
percentage correct only includes trials where a target was contacted. Grey lines show chance
levels for 4, 6, and 8 targets. D) Mean movement times again incorporate error trials,
including trials with 5 s timeouts. The grey line indicates the 300 ms before the avatar was
allowed to move. E) Bit rate combines mean movement time and percentage correct into a
single metric of maximum communication capacity based on information theory.
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Figure9.
Performance for three different reduced display conditions compared to the regular task

display using ADS decoding. In the Only Hands condition, the target and avatar hands were
displayed, but the background color was a static grey. In the Only Colors condition, the
target color and shifting avatar color were displayed, but not the target or avatar hands. In the
No Avatar, Only Target condition, the target hand and its associated color were displayed,
but not the avatar hand or color. The averages were calculated across approximately 450
trials in each condition pooled from three sessions. The 95% confidence intervals are shown
using binomial proportions for the percentages, bootstrapping for the movement times, and
combined best and worst percentage correct and movement times for the bit rate.
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