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Abstract
Recurrent neural networks (RNNs) are useful tools for learning nonlinear relationships in time
series data with complex temporal dependences. In this paper, we explore the ability of a
simplified type of RNN, one with limited modifications to the internal weights called an
echostate network (ESN), to effectively and continuously decode monkey reaches during a
standard center-out reach task using a cortical brain–machine interface (BMI) in a closed loop.
We demonstrate that the RNN, an ESN implementation termed a FORCE decoder (from first
order reduced and controlled error learning), learns the task quickly and significantly
outperforms the current state-of-the-art method, the velocity Kalman filter (VKF), using the
measure of target acquire time. We also demonstrate that the FORCE decoder generalizes to a
more difficult task by successfully operating the BMI in a randomized point-to-point task. The
FORCE decoder is also robust as measured by the success rate over extended sessions. Finally,
we show that decoded cursor dynamics are more like naturalistic hand movements than those
of the VKF. Taken together, these results suggest that RNNs in general, and the FORCE
decoder in particular, are powerful tools for BMI decoder applications.
S Online supplementary data available from stacks.iop.org/JNE/9/026027/mmedia
(Some figures may appear in colour only in the online journal)

Introduction

better than its static counterpart, the linear decoder [1, 3, 7, 11],
presumably due to the Kalman filter’s ability to capture aspects
of the plant dynamics in the kinematic data. However, due
to the linearity of the Kalman filter, the power of the VKF
must be limited in contexts where the relationship between
the inputs and outputs is nonlinear. While the nature of motor
representation in the pre-motor dorsal cortex (PMd) and motor
cortex (M1) remains an open question [12–18], it seems likely
that the relationship between neural activity in these areas
and arm kinematics is nonlinear. Thus, it is appropriate to

Brain–machine interfaces (BMIs) translate neural activity into
control signals for prosthetic devices, such as computer cursors
and robotic limbs, aiming to offer disabled patients greater
interaction with the world. Despite many compelling proofof-concept animal experiments [1–8] and human clinical trials
[9, 10], a fundamental limitation of these systems is the
performance of the decoder. A standard decoder in BMI
systems, the VKF [5], has seen wide application and performs
1741-2560/12/026027+10$33.00
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Figure 1. Network schematic of the FORCE decoder with inputs and outputs. The FORCE decoder is a recurrent neural network with
effective internal connections defined by the matrix gJ + WF WO T , with g a global scale factor. The input to the decoder is the set of binned
spikes s1 (t ), . . . , s96 (t ) from the multi-electrode array implanted in PMd and is multiplied by the weights in the matrix WI . The network
output is a decoded, normalized version of the monkey’s arm position and velocity in the x and y directions, denoted px (t ), py (t ), vx (t ), vy (t )
for the normalized position and velocity signals, respectively (red traces on the right). The decoder is trained solely by modifying the
weights WO in red. The output is fed back to the network through weights WF , allowing the decoded positions and velocities to modify the
network dynamics. Thus, the network dynamics are a combination of the binned spikes, the activity resulting from the internal connectivity
and the decoded position and velocity signals. The actual decode during BMI was a linear combination of position and integrated velocity
signals rescaled to the physical dimensions of the workspace.

explore nonlinear methods when decoding arm kinematics
from PMd/M1 activity.
A standard class of models for learning nonlinear
relationships is the neural network. FNNs7 are important
standard tools in machine learning [19], whose computational
power derives from both nonlinearity and the distributed
nature of the computation [20]. However, despite some initial
exploration of FNNs to BMI [3, 21, 22], it is not clear
that FNNs are a beneficial tool for BMIs as they have not
outperformed the linear filter substantially. This is primarily
because they lack network dynamics and because their input–
output relationships are difficult to understand. The latter in
turn makes model selection and optimization more difficult.
The dynamical version of a neural network, the recurrent
neural network (RNN), so named because of the feedback
connections that create ongoing internal dynamics (network
neurons’ activities are a function of their own past), have
been proposed for almost as long as FNNs [23, 24]. The
RNN appears to have all the criteria for an excellent BMI
decoder because it has network dynamics and the computation
is both nonlinear and distributed. Unfortunately, due to the
complexities involved in training them [25, 26], RNNs have
seen more limited application and have remained firmly in
the realm of academic research. It is worth noting that Fetz
anticipated their potential utility for BMI over ten years ago
[27], and in basic neuroscience research ten years before that
[28–30].
Recently, there has been some progress on the difficult
problem of training RNNs. Specifically, Jaeger and colleagues
proposed the echostate network (ESN), defined as a randomly
initialized RNN, where synaptic changes are limited to the
output units of the network [31]. The output of the ESN
is a linear readout of the recurrent, nonlinear units and
may potentially feedback to the network, thus modifying
the network’s dynamics (see figure 1 for a sketch). Due to
the explicitly constrained learning problem, ESNs are easily

trained and were shown to solve practical spatiotemporal
problems [31]. More recently, we proposed a new, online
learning rule for ESNs, called the FORCE learning rule (first
order reduced and controlled error), enabling ESNs to operate
far more stably and in a more powerful regime [32].
There have been some applications of RNNs to the
problem of BMI. Sanchez and colleagues used a RNN to
decode monkey hand position of a stereotyped reaching
movement from offline array recordings of posterior parietal,
premotor and motor neurons [33]. Also, Gunduz and
colleagues trained an ESN to decode two-dimensional hand
trajectories from offline human ECoG recordings [34].
Given these recent advances in RNNs, we investigated
whether we could successfully design and use a RNN as the
decoder in the online BMI setting. Specifically, we studied a
RNN, based on the ESN architecture and using the FORCE
learning rule, applied to the online, continuous decode of
monkeys’ arm kinematics from a 96-channel array in M1 or
M1/PMd. We demonstrate not only its successful operation
but also significantly improved performance when compared
to the current state-of-the-art velocity Kalman filter algorithm.

Methods
Experimental methods
We trained monkeys to acquire targets with a cursor controlled
by either native arm movement or neural activity. The
monkeys were trained to make point-to-point reaches in a 2D
fronto-parallel plane with a virtual cursor controlled by the
contralateral arm or by a neural decoder [35]. In the centerout task, monkeys had to acquire targets that alternated from
the center of the workspace to one of eight preset peripheral
locations located 8 cm away from the center. In the pinball
task, targets would appear randomly in the workspace. In
both tasks, upon successfully holding the cursor within 2 cm
of the target for 500 ms, the monkeys received a liquid
reward. The virtual cursor and targets were presented in a 3D
environment (MSMS, MDDF, USC, Los Angeles, CA). The

7 FNNs are more commonly known as artificial neural networks (ANN) or
multilayer perceptrons (MLP). We use the term feed-forward here to highlight
the difference with a RNN.
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Figure 2. Representative ABA block trials for monkey J and monkey L. Representative days are shown for both monkeys. Shown are the
target acquire times for each trial (ms). First, 200+ hand trials were collected as a baseline at the beginning of the session (acquire times
shown in light blue and blue). The VKF decoder was run for 300+ trials (light green and green), followed by the FORCE decoder for
300+ trials (acquire times shown in light red and red) and finally the VKF decoder again for 300+ trials. The block average acquire times are
shown as black lines across the trial blocks. Trials numbers without data points were used for either training data or for ‘burn’ trials that
allowed the monkey to habituate the new decoder.

state, xV KF (t ) = [vx (t ), vy (t ), 1], models velocity and allows
for a fixed bias. The observations of the VKF are the neural
data, denoted y(t ), and are used to update the state estimate.
The VKF was constructed and run in a similar fashion
as in previous work [11]. Specifically, the VKF assumes a
linear relationship between the kinematic state and neural
observations both subject to additive Gaussian noise. The
system equations are as follows:

hand position was measured with an infrared reflective beadtracking system at 60 Hz (Polaris, Northern Digital, Ontario,
Canada). Spike counts were collected by applying a single
negative threshold, set to 4.5× root mean square of the spike
band of each neural channel. Behavioral control and neural
decode were run on separate PCs using the xPC Target platform
(Mathworks, Natick, MA) with communication latencies of
3 ms [36]. This system enabled millisecond-timing precision
for all computations. Neural data were initially processed by
the Cerebus recording system (Blackrock Microsystems Inc.,
Salt Lake City, UT) and were available to the behavioral
control system within 5 ± 1 ms. Visual presentation was
provided via two LCD monitors with refresh rates at 120 Hz,
yielding frame updates within 7 ± 4 ms. Two mirrors visually
fused the displays into a single 3D percept for the user, creating
a Wheatstone stereograph (see figure 2 in [35]).
All procedures and experiments were approved by
the Stanford University Institutional Animal Care and Use
Committee. Experiments were conducted with adult male
rhesus macaques (L and J), implanted with 96-electrode Utah
arrays (Blackrock Microsystems Inc., Salt Lake City, UT)
using standard neurosurgical techniques [37–39]. Monkeys
L and J were implanted 37 months and 18 months prior to
the primary experiments, respectively. An electrode array was
implanted at the border of the dorsal aspect of the premotor
cortex (PMd) and primary motor cortex (M1) for monkey L
and in M1 for monkey J, as estimated visually from anatomical
landmarks.

xV KF (t ) = AxV KF (t − 1) + w(t )

(2.1)

y(t ) = CxV KF (t ) + q(t ),

(2.2)

C = YXT (XXT )−1

(2.4)

where A is the k × k state update matrix and C is the
I × k observation matrix, where k is the dimensionality of
the kinematic state (3, in this case of the VKF) and I is
the dimensionality of the neural observations (number of
channels being recorded, 96 in this case). The vectors w(t )
and q(t ) are Gaussian noise sources for each system, with
w(t ) ∼ N(0, W) and q(t ) ∼ N(0, Q), where W and Q
are the sample noise covariance matrices of w(t ) and q(t ),
respectively. The parameters for the Kalman filter are thus the
set of four matrices {A, C, W, Q}. Each can be efficiently and
analytically inferred given a training set. Using time-aligned
and binned kinematic (X) and neural (Y) data (binned at the
same width as the testing set, 50 ms in this case), we fit the
parameters for the Kalman filter using the following matrices:
!
"−1
(2.3)
A = X2 XT1 X1 XT1

Velocity Kalman filter

1
(2.5)
(X2 − AX1 )(X2 − AX1 )T
D−1
1
Q = (Y − CX)(Y − CX)T ,
(2.6)
D
where D is the number of samples in the training set. X1 and
X2 are nearly identical to X, but contain one less column of
data (X1 is missing the last column and X2 is missing the first
W=

In this study, we compared the performance of the RNN to the
decoder widely viewed as the state-of-the-art in the field, the
‘velocity Kalman filter’. The VKF linearly tracks the evolution
of a kinematic state (in this case, the velocity of the cursor on
the screen) over time, using discretized observations (binned
neural data) to update estimates of the state. The kinematic
3
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column). These parameters are used in the VKF decoder and
run in real time on the decoding computer.
The actual velocities used to generate the cursor position
were κ[vx (t ), vy (t )], with the parameter κ defined as the output
gain of the filter (typically κ = 1). However, we wanted to
test whether or not simply modulating the velocities of the
VKF would result in better performance, so we modulated κ
between 1.0 and 2.0 in some studies. Note that equations (2.1)
and (2.2) were still used to update the Kalman filter and κ
was merely an output gain that we applied to the cursor output
only.

a rank-M modification to the matrix governing the recurrent
activity in the network.
The network was trained online9 with the FORCE learning
algorithm, as described in [32]. Briefly, the FORCE learning
rule is a supervised learning algorithm for RNNs designed to
stabilize their complex and potentially chaotic dynamics using
very fast weight changes and strong feedback. The precise
details of how the algorithm works are described in [32].
For practical implementations, we describe here the recursive
least-squares (RLS) algorithm [40] for the network defined by
equations (2.7) and (2.8).
First, we define a continuous error signal

Recurrent neural network

e(t ) = z(t ) − f(t )

Our generic recurrent network model is defined by an Ndimensional vector of activation variables, x, and a vector
of corresponding ‘firing rates’, r = tanh(x). Both x and r are
continuous in time and take continuous values. The equation
governing the dynamics of the activation vector is of the
standard form
dx
τ (t ) = −x(t ) + gJr(t ) + hWI u(t ) + WF z(t ) + b. (2.7)
dt
The N × N matrix J describes the weights of the recurrent
connections of the network, and we take it to be randomly
sparse, meaning that only n < N randomly chosen elements
are non-zero in each of its rows. The non-zero elements of
J are drawn independently from a Gaussian distribution with
zero mean and variance 1/n. The parameter g provides a global
parameter that controls the strength of the recurrent network’s
initial internal coupling and is a crucial parameter that is
adjusted in a task-by-task basis. The input to the network,
u(t ), an I-dimensional vector, is fed in through the matrix of
weights WI , with dimension N × I, again taken to be randomly
sparse with i < I randomly chosen, non-zero elements in each
row that are drawn independently from a Gaussian distribution
with zero mean and variance 1/i. The parameter h is a global
scaling of the input. Each neuron receives a weighted sum of
the M-dimensional output of the network z(t ) (defined below).
The feedback weights are defined by the matrix WF , of size
N × M, again taken to be randomly sparse with m < M
randomly chosen8 non-zero elements in each row that are
drawn independently from a Gaussian distribution with zero
mean and variance 1/m. The neurons receive a constant bias
b, drawn from a Gaussian distribution with standard deviation
σb . The neuronal time constant τ sets the time scale of the
network.
The output of the network is a weighted sum of the
network firing rates, defined by the equation
z(t ) = WO T r(t ),

(2.9)

for a given continuous target signal f(t ). Using RLS, the
modification to the mth column of WO is defined by
WO (m) (t ) = WO (m) (t −$tl ) − em (t )P(t )r(t ),

(2.10)

P(0) = α −1 I,

(2.12)

where $tl is the time increment for the learning step, which
need not be the same as the simulation time step, and P(t ) is
an N × N matrix representing the inverse correlation matrix.
It is updated at the same time as the weights according to the
rule
P(t − $tl )r(t )rT(t )P(t − $tl )
P(t ) = P(t −$tl ) −
. (2.11)
1 + rT(t )P(t − $tl )r(t )
The algorithm also requires an initial value for P, which is
taken to be
where α −1 takes on both the roles of the initial learning rate
and regularizer for the learning algorithm.
We applied network equations (2.7) and (2.8) and the
FORCE learning rule defined by equations (2.9) through
(2.12) to our BMI task of continuous hand decode by
choosing as inputs the binned neural signals and for the
outputs, the monkeys’ arm kinematics. A schematic is shown
in figure 1. Specifically, the inputs to the network, u(t ),
were the 96-dimensional (I = 96) multi-unit activity of
spike counts (collected as described above), binned to the
simulation time step of the network, $t. We trained the
network to output a four-dimensional (M = 4) signal,
z(t ), representing normalized position and velocity through
time in both the horizontal (x) and vertical (y) spatial
dimensions. We calculated the hand velocities from the
positions numerically using central differences. Finally, both
position and velocity datasets were then interpolated up to
1 ms and then downsampled to the appropriate simulation $t,
which differed for the two monkeys. In order to provide the
output units with a constant bias, the firing rate of the first
neuron of the network, r1 (t ), was set to a constant of 1.
Since the FORCE decoder outputs both normalized
position and velocity, we combined both for our final decode.

(2.8)

where WO is an N × M matrix whose elements are initialized
to zero. The only matrix (or vector) learned in this network
is WO . As mentioned, the output is fed back to the network
via a matrix of weights WF . Thus, network dynamics arising
from internal connectivity are controlled by the effective
connectivity matrix, gJ + WF WO T , and so training WO allows

9 By ‘online’ we mean in this context the presentation of single examples to
the network and learning algorithm, to which the network responds and then
the parameters are adjusted. This is in opposition to batch-learning algorithms
where all the training data are used to make a single, large modification to the
parameters. We do not mean online in the BMI sense of closed-loop interaction
with the monkey.

8

In the case of i = 1 or m = 1, it is better to choose the weight from a
uniform distribution between −1 and 1.

4
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Results

Table 1. Network parameters for monkeys J and L. The first five
parameters differ between the monkeys and reflect a trade-off
between accurate kinematic dynamics (monkey J, with more active
channels on the array) versus an accurate decode from an array with
fewer active channels (monkey L). $t: simulation time step, τ : the
neuronal time constant of the network units, N: the number of RNN
neurons, n: the number of connections from one neuron to another,
g: global scaling of internal connections, h: global scaling of inputs,
i: the number of inputs to each RNN neuron, m: the number of
outputs fed back to each RNN neuron, σb : the standard deviation of
the bias current to each RNN neuron.

$t
τ
N
n
g
h
i
m
σb

Monkey J

Monkey L

15 ms
75 ms
1200
120
0.5
0.5
12
2
0.025

25 ms
125 ms
1500
150
1.0
0.5
12
2
0.025

Both the VKF and FORCE decoders were trained to generate
monkey arm kinematics data from multi-unit arrays implanted
in PMd/M1 in a center-out 8 reach task. In this task, a monkey is
instructed to move a virtual cursor to instructed targets located
along the periphery and the center of a circle. The subject
must hold the target for 500 ms to successfully complete
the trial. To assess the VKF and FORCE decoders, we used
a basic trial block structure (a representative day for each
monkey is shown in figure 2). First, the monkey performed
a set of 200 baseline hand measurements. The target acquire
times are shown in light blue and blue for monkeys J and
L, respectively. The target acquire time is the time it took,
after target onset, for the monkey to move the cursor into
the target acceptance window and hold it there for 500 ms.
After performing another 500 native hand measurements (not
shown), used for training, the monkey then transitioned to the
VKF decoder for a block of 300 trials (acquire times shown in
light green and green for monkey J and monkey L), then the
FORCE decoder for 300 trials (light red and red for monkey
J and monkey L), and finally the VKF decoder for another
300 trials. In order to allow the monkey to habituate to a new
decoder, we allowed the monkey about 100 initial ‘burn’ trials
that were not used in the performance statistics. In this way, we
tested each monkey in an ABA block structure. For monkey J,
we measured four days of ABABA blocks. For monkey L, we
measured two days of ABA blocks and two days of AB blocks,
since monkey L sometimes stopped working in the last block
of VKF trials, though never during the block of FORCE trials.
A video demonstrating the quality of the FORCE decoder
can be found in the online supplemental materials available at
stacks.iop.org/JNE/9/026027/mmedia.
Because the FORCE decoder showed significantly
faster mean speed than the VKF decoder (speeds are
reported later), we experimented with the output gain of
the VKF decoder, κ in equation (2.2), to check whether
simply increasing the output gain might increase the speed
and performance of the decoder. While the speed of
the cursor was increased by increasing the output gain
of the Kalman filter (supplemental figure 1 available at
stacks.iop.org/JNE/9/026027/mmedia), the performance of
the online decoder was decreased in rough proportion to the
increase of the output gain above 1 (supplemental figure 2
available at stacks.iop.org/JNE/9/026027/mmedia). This is
because uniformly increasing the velocity of the cursor makes
it more difficult to satisfy the constraint of a 500 ms hold time
within the target window. This hold time is required to count
a successful trial and is a critical test of cursor controllability.
Therefore, despite the difference in mean cursor speeds of the
VKF and FORCE decoders, we report the comparisons of the
VKF decoder performance with unity output gain (κ = 1),
which gave the best performance for both monkeys, against
the performance of the FORCE decoder.
We tested the performance of the decoders in BMI mode
in a number of ways, including computing three summary
statistics, the success rate, the distance ratio and the average
error angle (summarized in table 2). The success rates across

The decode used during the BMI mode, dx (t ), dy (t ), was a
mix of both velocity and position, defined by
# t
dx (t ) = βγv
vx (t $ ) dt $ + (1 − β )γ p px (t )
(2.13)
0

dy (t ) = βγv

#

0

t

vy (t $ ) dt $ + (1 − β )γ p py (t ),

(2.14)

where vx , vy , px , py are the normalized velocity and positions
in the x and y dimensions, β = 0.95 and γv , γ p are factors
that convert from the normalized velocity and position,
respectively, to the physical values associated with the
workspace.
The parameters of the model are listed in table 1. Many
of the parameters were the same across monkeys but five were
chosen separately (see section 4 for an explanation of choices).
These are listed at the top of table 1. A network was simulated
by integrating equation (2.7) using the Euler method at a time
step of $t = τ /5 and then evaluating equation (2.8). The
learning algorithm was applied every two simulation time steps
($tl = 2$t), with an initial diagonal loading of the inverse
correlation matrix with α = 100. The input data u(t ) and target
output f(t ) were recorded as described in the experimental
methods and processed as described above. Roughly 300–
500 center-out reaches were collected and used as training
data with 20–50 reaches left for an offline cross validation.
The network was trained on the data for four passes of the
data on average, which took about 15 min. During training,
each neuron had Gaussian noise with 0 mean and standard
deviation 0.01 injected into it. After training, the network was
placed into the embedded real-time environment (xPC), in
exactly the same way as the VKF, to operate online in the
BMI mode. Specifically, at each time point, the RNN module
received binned spikes and output the current estimate of the
hand position, which was used to display the cursor position
on the screen. During the BMI mode, the network was run
without any noise.
5
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Table 2. Summary performance statistics for monkeys J and L for native hand, the VKF decoder and the FORCE decoder. Success rate: the
percentage of correct trials divided by the total number of trials. To be considered a successful trial, we enforced a 500 ms hold time of
the cursor on the target. Distance ratio: a unitless measure of cursor trajectory quality that is independent of cursor speed. A smaller distance
ratio is better. Average error angle: the angle between the instantaneous velocity vector and the vector pointing from the cursor center to the
target center, averaged across each time step of the trajectory from target onset to final target acquisition.
Monkey J
Success
rate
Distance
ratio
Average
error angle

Monkey L

Hand
99.9%

VKF
97.5%

FORCE
99.5%

Hand
100%

VKF
95.3%

FORCE
92.8%

1.16 ± 0.56

2.30 ± 1.41

1.94 ± 1.17

1.08 ± 0.21

2.74 ± 1.36

1.68 ± 0.91

55.2 ± 19.2◦

73.2 ± 18.3◦

63.2 ± 16.6◦

50.5 ± 18.0◦

65.6 ± 13.7◦

55.7 ± 18.2◦

all trials for monkey J for hand, VKF decoder and FORCE
decoder were 99.9%, 97.5% and 99.5%, respectively. The
success rates of monkey L were 100%, 95.3% and 92.8%,
respectively. We also measured the distance ratio metric [41],
which gives a measure of cursor trajectory quality that is
independent of cursor speed. The distance ratio is a unitless
quantity and is defined as the actual distance traveled from the
time of target onset to target acquisition, divided by the straight
line distance from the start location to the target. A smaller
distance ratio is better. The distance ratios were 1.16 ± 0.56,
2.30 ± 1.41 and 1.94 ± 1.17 for the hand, VKF decoder and
FORCE decoder across all trials for monkey J (mean and
standard deviation). The distance ratios were 1.08 ± 0.21,
2.74 ± 1.36 and 1.68 ± 0.91, respectively, for monkey L across
all trials. We also report the average error angle, which is the
angle between the instantaneous velocity vector and the vector
pointing from the cursor center to the target center, averaged
across each time step of the trajectory from target onset to
final target acquisition. The average error angles across all
targets in degrees for monkey J (mean and standard deviation)
were 55.2 ± 19.2◦ , 73.2 ± 18.3◦ and 63.2 ± 16.6◦ for hand,
VKF decoder and FORCE decoder, respectively. For monkey
L, they were 50.5 ± 18.0◦ , 65.6 ± 13.7◦ and 55.7 ± 18.2◦ ,
respectively.
In order to understand the different performance of the
two decoders, we also studied the mean distance to the target
as a function of time for both decoders and both monkeys
(figure 3). Specifically, these plots show the average distance
of the cursor to the target at each time point, averaged across
trials. The thicker line shows the average ‘dial-in’ time.
Its borders are defined by the first and last times the monkey’s
cursor went into the target acceptance window, on average.
The length of this thick line measures how well the monkey
can stop the cursor (the shorter the better). In light blue and
blue, we show data for natural hand performance; in light red
and red, the data for the FORCE decoder, and in light green
and green, the VKF for monkeys J and L, respectively, in all
cases. The average last acquire time (recall that there may be
multiple acquire times because the cursor can move in and
then out of the target window within the 500 ms hold time),
which is the final time point of the thick line, measures how
long on average it takes the monkey to complete the task. For
native hand performance, this was 499 ms for monkey J and
530 ms for monkey L, for the FORCE decoder it was 911 ms

8
J Hand
L Hand
J FORCE
L FORCE
J VKF
L VKF

Distance to Target (cm)

7
6
5
4
3

1497

2

977
911

530
499

1

0

200

400

600

800

1413

1000 1200 1400 1600

Time (ms)

Figure 3. Mean distance to target. Top—the distance (cm) of the
arm to the target at each time point averaged across all trials and
reach directions for both monkeys. The thicker line is the duration
between the first time the monkey acquired the target and the final
time the monkey acquired the target. Light blue and blue show
monkey J’s and L’s native hand performance. Light red and red
show the FORCE decoder’s performance for monkeys J and L in
BMI mode. Light green and green show the VKF’s performance for
monkeys J and L in BMI mode. Bottom—the average last acquire
times for both monkeys under all three conditions. Average last
acquire time measures how long on average it takes the monkey to
complete the task.

and 977 ms, and for VKF 1413 ms and 1497 ms. Compared
to native hand performance, this is roughly 1.8× slower for
the FORCE decoder and roughly 2.8× slower for the VKF
for both monkeys. In absolute time, the FORCE decoder was
520 ms faster on average for monkey J and 502 ms faster
on average for monkey L as compared to VKF results. These
numbers are visualized as a bar graph in the bottom panel
of figure 3, with the same color scheme. We note that the
reduction in average last acquired time for the FORCE decoder
was primarily due to the reduction in ‘dial-in’ time (i.e. the
length of the thicker line). This indicates that in addition to
eliciting high cursor velocities, the subject was able to control
6
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Figure 4. Average acquire time histograms. Left—the histograms of average acquire time (ms), the time it took the monkey to complete a
successful trial, across all trials for monkey J. All trials with acquire times greater than 2000 ms are shown at ‘2000+’ ms. (Light blue/native
arm, light red/FORCE decoder and light green/VKF). Right—the histograms of average acquire time across all trials for monkey L
(blue/native arm, red/FORCE decoder and green/VKF).
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Figure 5. Mean cursor speed. Left—the mean cursor speed (cm s−1 ), the magnitude of the velocity of the cursor, for monkey J after target
onset. Light blue shows monkey J’s native hand speed. Light red shows the speed of the cursor with the FORCE decoder in BMI mode.
Light green shows the mean cursor speed during operation of the VKF in BMI mode. Right: same as the left panel, but for monkey L
(blue/hand, red/FORCE, green/VKF).

the cursor and dial into the target more effectively with the
FORCE decoder than with the VKF.
Across reach directions and trials, the monkeys took
different amounts of time to complete the reaches. The
histograms for the average time to reach the target are shown
in figure 4. This is the time it took for a monkey to successfully
acquire and hold a target without leaving the target box, minus
the mandatory hold period of 500 ms, averaged across all trials.
For both monkeys, the average acquired time histograms are
more skewed toward shorter times for the FORCE decoder in
comparison to the VKF.
One feature of the FORCE decoder is the potential for
more accurate kinematics profiles. In the left panel of figure 5,
we show the speed profiles for monkey J with native hand
(light blue), FORCE decoder in BMI mode (light red) and the
VKF in BMI mode (light green). These speed profiles show the
cursor speed (the magnitude of the velocity vector), averaged
over trials at each time point. The right panel shows the same
data for monkey L. These data show that the FORCE decoder
was both faster during the initial attempt toward the target (just
before 400 ms) and also slowed down more quickly (around

550 ms) as the target was acquired. While not as strong,
this pattern also holds for monkey L (right panel, blue/hand,
red/FORCE decoder, green/VKF).
Finally, we assessed whether or not a FORCE decoder that
was trained on center-out reaches could generalize to a task
more difficult than center-out reaches. To test this, we used the
FORCE decoder on a moderately more difficult task, known
as the pinball task. Briefly, the pinball task uses randomized
targets, where the starting position is the last target position and
the next target is randomized somewhere within the workspace.
To be considered a successful trial, we again enforced a
500 ms hold time of the cursor on the target. We allowed
monkey J to continue working on the pinball task until
he chose to stop. The results are shown in figure 6. For
comparison, in blue is monkey J’s native arm performance
as measured by the hit rate, or successful targets per minute,
over a time period of just over an hour from a separate day
(all experimental parameters were the same). In light red, we
show the performance of the FORCE decoder. Native arm
performance at this task was about 52 targets per minute,
while the FORCE decoder was about 37 targets per minute.
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native arm kinematics is shown clearly for monkey J (figure 5,
left panel) when comparing the speed profile of native arm
performance to that of the FORCE decoder in BMI mode.
In general, we had more difficulty training a FORCE
decoder for monkey L, presumably because monkey L’s
array contained less information due to fewer well-modulated
channels. Note, for example, monkey L’s success rate with the
VKF decoder (95.3%) versus the FORCE decoder (92.5%).
The design choices that led to better performance were to
increase the number of RNN neurons to N = 1500 (see
table 1) at the expense of faster dynamics, since we had to
increase $t. In so doing, we attempted to squeeze as much
information out of the electrode array as possible. Note that
for monkey L, the FORCE decoder nevertheless showed a
modest increase in the average maximum speed compared to
the VKF. Clearly, having a larger network run at smaller $t
is preferable, but each network time step had to complete in a
fixed amount of time, necessitating design tradeoffs for realtime application. The speed profiles shown in figure 5 are
consistent with design choices emphasizing speed in monkey
J and reliable decodes in monkey L.
Another major design choice was the selection of internal
connection strength in the network, g, for each monkey. Again,
this choice reflects our understanding of the quality of the
information in each monkey’s array. Since g scales the strength
of internal connectivity in the network, a smaller g will more
slavishly follow the inputs (g = 0 gives a feed-forward
network). On the other hand, if g ! 1, a randomly connected
RNN will have ongoing, chaotic dynamics when not driven by
a strong input. So a larger g, along with appropriately scaled
feedback, WF z(t ), will allow a FORCE decoder to more easily
and meaningfully generate parts of kinematic patterns that are
potentially missing in the neural data. Of course, the potential
risk is that those kinematics do not generalize well to novel
conditions. Clearly, no amount of pattern generation will make
up for the total loss of information in the array.
Since our FORCE decoder outputs both velocity and
position (though it need not), we experimented with various
combinations of velocity and position by changing the relative
contribution parameter, β. For a purely positional decode,
β = 0, the decode was noisy and the monkeys were easily
frustrated. For a purely velocity-based decode, β = 1, the
decoded kinematics were smooth, but were subject to some
drift that negatively affected performance. Thus, we settled
on β = 0.95, which allowed for a smooth, primarily velocitybased decode while incorporating some positional information
to keep the cursor more tightly bound to the workspace.
There are some key next steps to investigate as part of
further expanding the capabilities of RNNs as BMI decoders.
First, we reported an algorithm named ReFIT-KF (recalibrated
feedback intention trained Kalman filter) [42–45], which
is a model-independent improvement to online BMI that
takes advantage of a two-stage aspect of online decoding. It
is possible that the FORCE decoder may also benefit from
the application of the ReFIT algorithm. Second, the FORCE
decoder learns in a continuous manner (online in the machine
learning sense, meaning the updates to trained weights are done
incrementally through time). Examining whether continuous

Hit Rate ( targets / minute)

60
50
40
30
20
J Hand
J FORCE

10
0

0

10

20

30

40

50

60

70

Time ( minutes )

Figure 6. Generalization of the FORCE decoder. The decoder was
trained on center-out 8 reaches and then the task was switched to the
pinball task. The hit rate, which is the number of successful target
acquisitions per minute, is shown for monkey J using his native arm
(light blue) and in BMI mode with the FORCE decoder (light red).
The monkey was able to sustain performance for over an hour on a
more general task. Data for the VKF not shown because the monkey
would not work with the VKF decoder long enough to take
meaningful data.

We were unable to get monkey J to work with the VKF for
long enough to take meaningful data with the pinball task,
presumably because the VKF’s relatively poor control offers
too challenging a task for the monkey to use over an extended
period of time. In summary, these data show that the FORCE
decoder was able to operate constantly and effectively for over
an hour on a task that was more general than the task on which
the monkey was trained. This task was not attempted with
monkey L.

Discussion
In this study, we introduced the FORCE decoder, which is
a type of RNN with limited learning called an ESN trained
with the FORCE learning algorithm, for use in cortical BMIs.
We showed that the FORCE decoder outperforms the current
standard decoder, the VKF, as measured by the time it takes
the cursor to successfully reach the target on average (acquired
time before a success). The histograms of the time it takes the
cursor to get to the target are skewed toward briefer times for
the FORCE decoder as compared to the VKF, primarily due to
the reduction in ‘dial-in’ time. Also the mean cursor speed for
the FORCE decoder more resembled the speed profile of the
monkeys’ native arms in terms of acceleration, peak velocity
and deceleration. Finally, for monkey J we demonstrated that
the FORCE decoder trained on center-out reaches generalized
to the more difficult pinball task, and did so for over an hour
with a steady hit rate.
We found that the FORCE decoder functions better at
faster $t, allowing a neuronal time constant τ to be set such
that network dynamics could successfully follow the velocity
profiles of the monkeys’ cursor kinematics when controlled
by their arms. This better matching of decoder kinematics to
8
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learning of the weights of a FORCE decoder during online
BMI control might lead to better and more robust decoder
performance would also be interesting. Finally, it appears
possible to make significant progress in the harder problem of
training generically configured RNNs [46]. Given our initial
results, investigation of new techniques to train generically
configured RNNs applied to BMI could prove fruitful.
There are also some implementation questions that will
need to be investigated, as part of using RNNs as BMI
decoders in the laboratory setting as well as, potentially, in
the fully implantable medical-device setting. Like the VKF,
the expensive step of computing the state update of a RNN
is the matrix-vector multiplication. First, in the laboratory
setting a key question is how many neurons an RNN can have
and still run in real time. By real time, we mean receiving
inputs, computing, and having available at the output of
the RNN the answer within some $t. The time step $t in
this paper is 15 ms and 25 ms for monkey J and monkey
L, respectively. Running on a standard xPC (Intel E8600
3.33 GHz, 2GB RAM) we were able to use 1200 neurons
for monkey J and and 1500 neurons for monkey L in our
RNNs. This bodes well for the laboratory setting as we were
able to run, in real time, a sufficient number of neurons to
exceed the state-of-the-art performance of the VKF. In future
work, more powerful computers will be able to run ever larger
number of neurons. Second, in the fully implantable medicaldevice context [47], key questions are form factor and power.
In terms of form factor, RNNs can be implemented with just
a few transistors per neuron and routing/weighting circuitry
can also be quite lean. Therefore, replacing a Kalman filter
or linear filter in current-integrated circuit designs with a
RNN should be possible without significant area differences.
In terms of power draw, this too should be possible without
significant increases. In fact, it may be possible to substantially
reduce the power requirements as RNNs can be implemented
using neuromorphic design principles which include spiking
neural networks and sub-threshold transistor operation
[48, 49]. We have recently demonstrated the real-time
operation of a decoder with a few thousand spiking neurons
(performing Kalman filtering), which is projected to have
substantially lower power draw than a Kalman filter with
comparable performance implemented in traditional digital
circuitry [50, 51].
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