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Supplementary Methods

Offline algorithm training

The algorithm was trained on a combination of open- and closed-loop trials. For each
day, the algorithm was trained on 2 blocks of 100 open-loop trials. The SBP data were organized
into batches of 64x256x3 (64 randomly selected time steps, 256 input channels, 3 previous time
bins adjacent in time to the current time step). The velocities of the virtual fingers during the
open-loop block were normalized by the standard deviation of the velocity and then multiplied
by 0.2 (referred to as stretchFactor), as a reduced amplitude of open-loop finger velocities
was previously observed to yield a better offline fit!. Thus, the finger velocities used for training
were (in pseudocode):

Yrrain = 0.2*Yraw/torch.std (Yraw, axis=0) Eq. 1
where Yraw was an array of d finger velocities for N training samples (N X d).

The algorithm (Extended Data Fig. 2) was initialized using the Kaiming initialization
method?. The neural network minimized the mean-squared error (torch.nn.MSELoss) between
the actual finger velocities during open-loop training and the algorithm output using Adam
optimization algorithm? (torch.optim.Adam). The optimizer was used with a learning rate of
10" and weight decay of 102 (parameters: Ir=1e-4, weight decay=1e-2), and the algorithm was
trained over 10 epochs.

After training the algorithm, a mean offset value, u.se, was calculated (Egs. 3 and 4) to
give the output of the neural network algorithm the same mean as the unnormalized training data.

Vhae = model.forward (Xrray) Eq.2

Hoffset= NP.MmMean (Vihar, axis=0) - np.mean (Yraw, axis=0) Eq.3



The variable vnat is the (N X d) output tensor after applying the trained neural network algorithm
(model), Xtram is a N X Ey X 3 tensor array for the N training time steps, £y input channels,
and 3 preceding time steps to the current time step. The variable vna was converted to a numpy
array and input to Eq. 2, and Yraw was defined in Eq. 1. A gain for the algorithm output, G, was
calculated to normalize the standard deviation of the algorithm output and further reduce the
output amplitude by a factor of 3 (which was empirically determined):

G = 1/(3*np.std (Vnat, 0)) Eq. 4
Thus, when running the algorithm for online, closed-loop decoding, the output for each time step
was adjusted according to Eq. 5:

P[n] = Pp[n — 1]+ 0.05 G - (fuoaer (X[n]) = Kogyset) Eq. 5
where Pr/n] denotes the position of d finger groups at time step 7.

After the offline algorithm training, the online, closed-loop sessions were performed.
After a closed-loop session, the adapted recalibrated feedback intention-trained (ReFIT)
algorithm'* was used to update the parameters of the neural network. Similar to above, SBP data
were organized into 64x256x3 batches, with the 64 time steps randomly selected. The
corresponding finger velocities used for training were assigned a value equal to the decoded
velocity when the velocity is pointed toward the target, and the sign is inverted when the velocity
is directed away from the target (Eq. 6):

Yrerrr = torch.sign (Pr - Pp) *torch.sign (Yraw) * Yraw Eq. 6
where Pr is the position of the target, Pr is the position of the fingers, and Yraw was an array of d
finger velocities for N training samples (N X d). Similar to offline training, the velocities were
then scaled by the standard deviation and a stretchFactor of 1.3 (promoting higher

velocities toward the target), except when the finger positions lie within the target when



stretchFactor divides the value of Yrerr (promoting lower velocities). These steps were
implemented by executing the 2 consecutive lines of pseudocode given in Egs. 8-9:

Yrrain = 1.3*Yraw/torch.std (Yrerrr, axis=0) Eq.7

Yrrain [Pr—=Pr < TS/2] = Yrrain[Pr—-Pr < TS/2]1/1.3/1.3 Eq. 8
Of note, dividing twice by 1. 3 in Eq. 8 is required to undo the 1 . 3 multiplication factor in Eq.
7. Starting with the same parameters for the neural network algorithm used during the online
session, the Adam optimization algorithm (Ir=1e-4, weight decay=1e-2) was applied and trained
over 500 additional iterations. A new value for u. was calculated according to Eq. 7 using
np.median instead of np.mean, and G was calculated as before in Eq. 4.

Hoffset= np.median (vhat, 0) - np.median (Yrerrr, 0) Eq.9

When running the algorithm online, the finger positions were again updated according to Eq. 5.

BCI rig and front-end signal processing

The BClI rig was set up in 3 distinct configurations as our lab transitioned from an older
analog setup to the newer digital setup. In the first setup used in sessions 1-7, 2 patient cables
were connected to the transcutaneous pedestals, which were routed to the Neural Signal Front
End Amplifier (Blackrock Neurotech, Salt Lake City, Utah) where the raw voltage was bandpass
filtered (0.3 Hz first-order high-pass and 7.5 kHz third-order low-pass), sampled at 30 kHz with
250 nV resolution, converted to an optical signal, and then sent to the Neural Signal Processor”.
In session 9, 2 Neuroplex E headstages were connected to 2 transcutaneous pedestals, and the
signal was analog filtered and sampled at the headstage and then sent to the digital hub via a
micro-HDMI cable. At the digital hub, the signal was converted to an optical signal transmitted

via optical cable to the Neural Signal Processor. In the final mixed configuration, used in session



8, the setup using the analog patient cable was connected to the anterior pedestal, and a
Neuroplex E headstage with its subsequent configuration was connected to the posterior
pedestal.

The Neural Signal Processor sends the digital signal to a SuperLogics machine running
Simulink Real-Time (v2019, Mathworks, Natick, MA). For most sessions, common average
referencing (CAR) was used to reduce the electrical noise on the input channels. However,
during both quadcopter sessions (sessions 8 and 9), CAR was switched to linear regression
referencing to predict a reference from the combined input channels that is subtracted from each
input channel®. The signals then passed through a 250-Hz digital high-pass filter. The data were
binned into 50-ms windows. The sum of the squared magnitude was calculated for each window.
This signal was denoted as spike-band power (SBP). Every 50 ms, UDP packets of neural
features are communicated to a Linux computer running Ubuntu with Python (v3.7.11), PyTorch

(v1.12.1, https://pytorch.org/), and Redis (v7.02), where the neural features pass into the

decoding algorithm. The entire system was interfaced with an additional Windows computer
running Matlab (v2019, Mathworks, Natick, MA) that was interfaced with the system to stop and

start experimental blocks during sessions.

Online performance metrics

Various metrics were calculated to characterize online performance. Trials in which
fingers started within a “new” target were excluded from the analysis. Performance metrics were
only calculated from successful trials. The acquisition time was defined as the time from the start
of the trial to when the fingers had successfully held on each of the targets for the required hold

time of 500 ms subtracted by 500 ms. The time to target was defined as the time from the start of



the trial to when all fingers reached the target (and did not require all fingers to be on the target
simultaneously). The orbiting time was the acquisition time subtracted by the time to target.
Targets per minute was the number of new targets per trial divided by the mean acquisition time
(excluding hold time). Successfully completing the tasks required completing the task within 10
s (i.e., acquisition time of 9.5 s). For completeness, the path length efficiency was calculated,
although a metric perhaps more suitable for single-effector d-dimension control. Path length for
each trial was calculated according to Eq. 10:
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Eq. 10

where ||| denotes the L, norm, L, is the path length efficiency for that trial, N+1 is the elapsed
samples until all fingers are on the target, and Pr is a vector of the positions of all d fingers.
Thus, L, close to unity implies the fingers traveled a direct path to the targets, and a value close
to zero implies a circuitous path to the target. Finally, when calculating the throughput in bits
per second (bps), Thps, the same adaption of Fitt’s law for fingers developed in Willsey et al.! was

used and is repeated in Eq. 11:

Thps = 28 Eq. 11

tacq

log,(3)+Xklog, (1+M>

where k indexes through all 3 finger groups, Dk is the distance of the A-th to the target, S is the
circular target radius, and 7., is the target acquisition time. 75,5 was then averaged over all trials.
For this calculation, the only trials included are those for which all fingers begin a distance from
the center of the target that is greater than twice the target radius. In an adaption to the approach
in Willsey et al.,! logx(3) bits was added on each trial to account for the information needed to

convey which finger is stationary. An alternative approach would be to not add these additional



bits and allow the Ty, to decrease with the understanding that the total corpus of targets is
higher.

To illustrate how decoded finger movements could be discriminated, the mean decoded
velocity was calculated during single-finger movements. This analysis is shown in Fig. 1f. Four
blocks of the 4D task with 1 new target/tr (Extended Data Fig. 5a) were used for this analysis.
On each trial, the mean velocity of all fingers was calculated during the ‘Go’ period (200-700 ms
after trial start) and normalized by the mean value of the finger group with the highest mean

value (which was the cued finger).

Confusion matrices

The fingers were classified during open-loop trials to relate the tuning of these arrays to
other reports focusing on classification”®. Classification over a 2-s movement window was used
to illustrate performance over typical windows used for classification and over a shorter 150-ms
window similar to windows used for closed-loop decoding. The open-loop data from a typical
day, session 6, were used for this analysis (200 trials and 192 input channels of SBP). Both a 10-
fold cross-validation and a linear discriminant analysis classifier that assumes a shared diagonal
covariance matrix across conditions were used. The analysis was performed in Matlab 2022a
using the functions: fitcdiscr.m (with 'DiscrimType' as 'diaglinear"), crossval.m, kfoldLoss.m, and

kfoldPredict.m.

Dimensionality
While there are numerous approaches to calculate dimensionality', the participation ratio

was used, which is roughly equivalent to the dimensions needed to capture 80% of the



variance!"'?. The ‘Go’ period during the trial, 200-700 ms after a new target appeared, was
averaged for each condition. A d X 1 condition vector, Cpor, was defined according to whether
each respective DOF at the beginning of the trial needed to flex/abduct (+1), extend/adduct (-1),
or remain stationary (0) to reach the targets. Thus, for 4D closed-loop decoding during the 4D
finger task, Cpor = [1,1,0,—1]7 if the thumb needed to flex and abduct to reach the target, the
index-middle group needed to remain on the target, and the ring-little group needed to extend.
The SBP for each electrode during the ‘Go’ period was z-scored and smoothed using
scipy.ndimage.gaussian_filterld with a sigma of 3 50-ms time bins. The data were then
organized into a matrix, D44, that was Ey X (cNy,), where Ey is the integer 192 for the number of
input channels, c is the integer 20 for the number of conditions in the 4D task with 2 new
targets/trial, and Ny is the integer 10 for the number of 50-ms bins in the ‘Go’ period. Similar
data matrices were calculated for the 2D task, D4, and for the 4D task with 1 target/trial, Dsai;.

The eigenvalues, u;, were then calculated for the cross-validated covariance matrix, DpDE

(where D, and D, were data matrices from 2 folds of the data). The participation ratio was

calculated (Eq. 12).

_ Giup?
PR = _ZiUiZ Eq. 12

Analysis of the 2D and 4D decoders on the 2D task

To determine whether mapping changes when mapping neural activity to a 4D vs 2D
task, decoders were trained on the 4D and 2D tasks as explained above and both of these
decoders were used for the 2D task (thumb flexion/extension and index-middle
flexion/extension). To compare these mappings, the 2D decoding algorithm was used to predict

the velocities when using the 4D decoder in closed-loop trials, and the 4D algorithm was used to



predict the closed-loop decoded velocities of the 2D algorithm. Fig. 2c illustrates velocities
decoded online by the 2D decoder and predicted by the 4D decoder. To quantify the similarity
between these signals, the normalized cross correlation, 7,, function was calculated as defined

below in Eq. 13,

Ynp[nl-vp[n] Eq 13

" = St 110 [y 5 Bp (1] D111

where D, is the velocity decoded during the online block and ¥ is the velocity predicted offline.
The value for r, was then averaged for both DOF. For paired blocks with the 4D and 2D
decoders, the normalized cross correlation function was calculated, and these data are displayed

in Fig. 2d.

Theoretical SNR dependency on channel count
For a theoretical comparison for the dependency of dSNR on channel count, a 1D signal,

S, measured independently on N channels was defined according to the form:
1
S =~ Xn(sk + M) Eq. 14

where si is the signal and 7y is 1.i.d. Gaussian samples from the distribution N (0, o). Assuming

for simplicity and without loss of generality that sx are equal, then Eq. 14 simplifies to:
525"‘%21\1% Eq. 15
Thus, the value of the expected signal in Eq. 14 equals simply s. The expected square of the

noise, E[n?], can be simplified to:

1 2 1 1
Bl = B (3 | = 5[ 10%] = 2 En Bl Ea. 16
where the last equality follows since the terms nk are independent. Finally,

1 1 2
Em*] =z EnEln’l = 5 No? = T Eq. 17



Thus, the SNR in this simplified case is:

SNRzE[S]/mzm-S/U. Eq. 18

Thus, for our definition of SNR as defined in Eq. 2 of the Methods, the SNR increases

proportionally with VN in this theoretical, simplified 1D formulation.
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