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C O G N I T I V E  N E U R O S C I E N C E

Intracortical brain-computer interface for navigation in 
virtual reality in macaque monkeys
Ophelie Saussus1†, Sofie De Schrijver1,2†, Jesus Garcia Ramirez3,  
Thomas Decramer3, Peter Janssen1*

We present an innovative intracortical brain-computer interface (BCI) to bridge the gap between laboratory set-
tings and real-world applications. This BCI approach introduces three key advancements. First, we used neural 
signals from three macaque brain regions—primary motor, dorsal, and ventral premotor cortex—enabling pre-
cise and flexible decoding of real-time three-dimensional (3D) sphere/avatar velocities. Second, we developed a 
realistic, immersive 3D virtual reality setup with dynamic camera tracking, allowing continuous navigation and 
obstacle avoidance that closely mimic real-world scenarios. Last, our BCI approach is very well suited for use by 
paralyzed patients, featuring a brief passive fixation without overt movements and closed-loop operation without 
retraining of the decoder during online decoding, relying on the user’s neural plasticity and the decoder’s robust 
generalization across tasks. Our BCI adapted to different environments, targets, and obstacles, illustrating its po-
tential to substantially enhance the quality of life for paralyzed patients by enabling natural, reliable, and flexible 
control in complex settings.

INTRODUCTION
Brain-computer interfaces (BCIs) are a promising technology that 
enable direct communication between the brain and external de-
vices by translating neural activity into specific commands. BCIs 
can be used to enhance or restore functions lost due to disease or 
trauma, bypassing damaged biological pathways (1–3). Intracortical 
BCIs (iBCIs) in nonhuman primates and humans have enabled con-
trol of computer cursors (4–11), manipulation of robotic or pros-
thetic arms (6,  10–17), wheelchair control (18,  19), restoration of 
communication (20–24), restoring motion of paralyzed limbs (25–
27), and even the provision of sensory feedback (28).

Previous motor BCI studies have often focused on cursor or ro-
botic arm control due to the limitations of a laboratory environment, 
which hamper the translation to real-world situations such as wheel-
chair navigation. Furthermore, realistic brain-controlled real-world 
navigation is frequently confronted with unpredictable events requir-
ing highly flexible online corrections that are likely to depend on both 
premotor and primary motor cortex activity. To bridge the gap be-
tween laboratory and home environments, we developed a BCI ap-
proach in a three-dimensional (3D) virtual reality (VR) environment 
with stereoscopic vision for realistic simulations of increasing com-
plexity and unpredictability. To maximize the potential of flexible 
control of the cortical motor system, we used simultaneous record-
ings in dorsal and ventral premotor and primary motor cortex. While 
previous BCI research was limited to simple tasks in basic settings 
[e.g., a sphere moving freely in a featureless space (8, 29) or 1D self-
motion along a screen-based virtual track during overt cycling (30)], 
our approach offers a more complex and realistic VR environment, 
with 3D movements that closely mimic real-life scenarios. In addi-
tion, we implemented a navigation task that effectively mimicked 

real-life wheelchair control through dynamic camera tracking and a 
realistic 3D VR environment. Our iBCI successfully translated neural 
activity from three motor cortical areas into real-time velocities in 
three monkeys, demonstrating the potential of our BCI system for 
real-world brain-controlled navigation.

RESULTS
We implanted three rhesus monkeys with Utah arrays in three motor 
regions: primary motor cortex (M1), dorsal premotor cortex (PMd), 
and ventral premotor cortex (PMv). We designed five tasks to vali-
date the effectiveness of our BCI (Table 1). In all tasks, the decoder 
was trained with data obtained during passive observation of the 
movements in the VR environment without any overt movements.

Success rates
To assess how well macaque monkeys could perform BCI-control 
tasks in a moderately complex 3D environment in VR, we first im-
plemented the Center-Out and Continuous Navigation tasks (movies 
S1 and S2). All three monkeys performed significantly above chance 
level from the start of the recording period (Table 1; permutation 
tests: all P <  0.0001), with individual sessions achieving success 
rates as high as 96% (Fig. 1, A and B, and fig. S1). Performance in the 
Continuous Navigation task was slightly lower (4 to 13% fewer suc-
cessful trials) compared to the Center-Out task, most likely due to 
the dynamic camera tracking in the former task. Monkeys 1 and 2 
had participated in a previous BCI project and reached success rates 
around 70% from the start of the recording period in both tasks. In 
contrast, Monkey 3 required more sessions (N = 11 for the Center-
Out task and N = 14 for the Continuous Navigation task) to achieve 
a similar success rate, demonstrating a clear learning trend across 
sessions in the Center-Out task [the first task learned; linear re-
gression: β = 0.0156, F (1,17) = 12.98, P = 0.0022, coefficients of 
determination (R2) = 0.433]. To verify that navigation was also 
possible from a first-person perspective, we removed the monkey 
avatar in the Continuous Navigation task in three sessions. Monkey 
3 achieved similar success rates (average success rate of 54 ± 1%) as 
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in the standard Continuous Navigation task, confirming the adapt-
ability of the BCI across perspectives (movie S3). Thus, macaque 
monkeys are able to achieve accurate navigation in a 3D VR envi-
ronment, even with dynamic changes in camera viewpoint during 
navigation, as well as from a first-person perspective.

To further investigate to what extent our animals could achieve 
flexible and accurate BCI control in more challenging VR environ-
ments, we later designed three additional tasks, which were per-
formed in separate sessions. In the 3D Center-Out task (Fig. 1C and 
movie S4), in which the animal was required to move the sphere in 
three dimensions, the overall success rate averaged 69 ± 6% across 
all sessions for Monkey 2 and 58 ± 8% for Monkey 3. Although per-
formance was lower than in the 2D Center-Out task, it remained 
significantly above chance level from the start of the recording pe-
riod (Table 1; permutation test: P < 0.0001), which is expected given 
the increased difficulty of controlling the movement in three dimen-
sions. Both monkeys successfully controlled movements in the third 
dimension (z direction) without requiring additional behavioral 
training beyond the standard Passive Fixation phase for this task, 
suggesting a degree of intuitive adaptation to 3D control.

We also observed markedly flexible and accurate BCI control in 
the Respawn task (Fig. 1D and movie S5). Without the need for ex-
plicit decoder training or additional animal training, both monkeys 
tested achieved around 90% success when the target object unpre-
dictably shifted position during the trial with no significant difference 
in performance between respawn trials and no-respawn trials (Mann-
Whitney U  =  185629.5, P  =  0.1556 for Monkey 2; U  =  101694.5, 
P = 0.0765 for Monkey 3).

Both monkeys also learned to achieve reliable obstacle avoidance 
in the Obstacle task (movie S6). Initially, the success rate of Monkey 2 
was lower in trials with an obstacle on the path (36%) compared to 
off-path trials (66%; Fig. 1E), but at the end of the recording period, 
the success rate of this animal in on-path trials reached 55% (which 
was still significantly lower than in off-path trials; U  =  142032.5, 
P = 7.071 × 10−16). In contrast, Monkey 3 performed markedly better 

in on-path trials, achieving an average success rate of 63%, closer to 
its off-path performance (73%, U  =  132242.5, P  =  6.534 × 10−4; 
fig.  S1E). Overall, the monkeys successfully completed the various 
tasks with a high success rate and without the need for extensive 
training, even when navigating 3D trajectories, encountering obsta-
cles, or adjusting to changes in target position during the trials.

Decoder generalization
Our decoder exhibited robust generalization across tasks, target 
positions, and environments. It was trained during a brief Passive 
Fixation phase (~7 min), in which the monkey passively observed 
movements toward three targets in a standard Center-Out layout 
(fig. S2A) with no obstacles or dynamic events. This single decoder 
was then used, without retraining or recalibration, to decode neural 
activity online in three distinct tasks: the Center-Out, Obstacle (fea-
turing object avoidance), and Respawn (involving midtrial target 
jumps) tasks. This fixed-decoder approach capitalizes on neural ad-
aptation and allows us to assess decoder robustness across varying 
task demands.

The decoder also generalized to novel target positions not includ-
ed during training. To test this, we compared success rates between 
pretrained targets shown during training (left, straight, and right) 
and novel ones (slight left and slight right). Across all tasks and mon-
keys, performance on novel targets was comparable to, and in some 
cases significantly exceeded, that on pretrained targets (fig. S3). The 
higher performance on new targets likely reflects differences in task 
difficulty: Pretrained targets required larger movement amplitudes, 
while novel targets were closer to the origin. Success rates for all tar-
gets remained well above chance, demonstrating effective generaliza-
tion of the decoder and behavioral strategy.

The decoder also generalized across environments and agent 
representations. In the Continuous Navigation task, although the 
decoder was trained on passive observations of a sphere moving on 
a simple grid with dynamic camera tracking (movie S7), it support-
ed accurate online control in a visually distinct forest environment 

Table 1. Estimated chance level, success rate (mean ± SD), number of channels used for decoding (mean ± SD), and the number of sessions per task 
and per monkey. For Monkey 1, the average percentages of electrodes used for decoding in M1, PMv, and PMd were 46, 34, and 20%, respectively. For Monkey 
2, only electrodes in M1 were used. For Monkey 3, the percentages of electrodes used for decoding in M1, PMv, and PMd were 36, 41, and 23%, respectively. The 
smaller percentage in PMd in Monkeys 1 and 3 was because only 64 electrodes were available for recording, compared to 96 for M1 and PMv. All success rates 
significantly exceeded chance level (P < 0.0001, permutation test).

Task Monkey Chance level [%] Success rate [%] 
(mean ± SD)

Number of channels 
(mean ± SD) Number of sessions

Center- Out task Monkey 1 23 73 ± 5 140 ± 6 5

Monkey 2 20 83 ± 8 49 ± 3 10

Monkey 3 23 64 ± 13 217 ± 11 19

Continuous Navigation 
task

Monkey 1 34 69 ± 6 139 ± 6 6

Monkey 2 30 70 ± 15 47 ± 5 7

Monkey 3 33 59 ± 8 216 ± 10 15

 3D Center- Out task Monkey 2 17 69 ± 6 43 ± 5 12

Monkey 3 19 57 ± 8 202 ± 14 10

 Respawn task Monkey 2 24 76 ± 9 40 ± 4 11

Monkey 3 26 82 ± 5 199 ± 15 9

 Obstacle task Monkey 2 19 63 ± 6 40 ± 4 10

Monkey 3 23 69 ± 9 203 ± 17 11
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Fig. 1. BCI control performance and flexibility across tasks and conditions. (A and B) Running mean of the success rate across sessions (window size = 3 and sliding 
window = 1), shown together alongside the estimated chance level (dashed line). The average success rate ± SD across all sessions is also displayed. (A) Running mean 
success rate of Monkeys 1, 2, and 3 for the Center-Out task. (B) Same data for the Continuous Navigation task. (C and D) Performance breakdowns demonstrating flexibil-
ity of BCI control under more complex conditions. Each panel shows running mean success rate for Monkey 2 (top) and Monkey 3 (bottom) under two conditions per task: 
(C) 3D Center-Out task with upper (blue) and lower (green) targets. The success rates for reaching the upper and lower targets were nearly identical (69 and 70, respec-
tively) and well above chance level for Monkey 2. Performance in this task was lower for Monkey 3, but the monkey still performed well above chance level for both targets. 
(D) Respawn task with trials that included respawning (blue) and no respawning (green). (E) Obstacle task with the obstacle on path (blue) and off path (green).
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without any training in that setting. Furthermore, decoder perfor-
mance remained stable across different visual representations of the 
controlled entity, including a sphere, a monkey avatar, and a first-
person perspective. These results suggest that the decoder captured 
behaviorally relevant neural dynamics while remaining robust to 
changes in visual and contextual features, supporting its potential 
usability in real-world settings.

In addition to across-task generalization, we assessed whether 
monkeys could adapt within a single session and in a given task un-
der fixed-decoder conditions. To assess whether monkeys improved 
control with a fixed decoder within a single session, we applied the 
within-session performance trend analysis described in Materials 
and Methods (fig. S4). For the initial tasks (Center-Out and Con-
tinuous Navigation), 37% of sessions showed significant within-
session improvement, 20% showed a decline, and 43% showed no 
change (constant). In contrast, in more difficult tasks, performance 
improvement occurred in only 20% of sessions, while 27% showed a 
decline (for data on individual monkeys, see fig. S4B). These find-
ings highlight variability in short-term performance changes across 
tasks and subjects, which may reflect differences in the ability or 
tendency to adapt neural activity during BCI control.

Offline decoding reveals regional contributions and the 
importance of closed-loop dynamics
To better understand the contributions of each brain area to decoder 
performance, we performed offline decoding using a matched number 
of high-weight channels from each area in the two animals (Monkeys 
1 and 3) that had spiking activity in the three areas. Decoding success 
rate was assessed using neural signals from individual areas (M1, PMd, 
and PMv), pairwise combinations (PMv  +  PMd, M1  +  PMd, and 
M1 + PMv), an equal-area “All” condition (PMv + PMd + M1), and an 
“Online Simulation” condition using all available channels offline. 
These success rates were compared to the “Online Decoding” perfor-
mance achieved during real-time, closed-loop control with visual feed-
back. Across both monkeys and tasks, PMv and PMd consistently 
outperformed M1 (Fig. 2, A and B), with several comparisons reaching 
statistical significance (see table  S1). The PMv  +  PMd combination 
yielded the highest performance among area pairs, significantly out-
performing M1 + PMd and M1 + PMv (all P < 0.05 in both monkeys, 
except Continuous Navigation task Monkey 3; see table S1). These re-
sults indicate that PMv and PMd signals are synergistic and that M1 
contributes little additional independent information once premotor 
activity is included. In the Center-Out task, PMv + PMd achieved per-
formance statistically indistinguishable (P > 0.05) from both the full 
All condition and the Online Simulation, demonstrating that premotor 
signals alone can support high BCI performance. In the Continuous 
Navigation task, slight performance advantages of the full-channel 
configurations may reflect differences in total channel count rather 
than meaningful additional contributions from M1.

These decoding patterns closely aligned with the decoder weight 
analysis, where the majority of weight was assigned to PMv and 
PMd electrodes. In Monkey 1, decoder weights were distributed as 
60% PMv, 21% PMd, and only 19% M1. In Monkey 3, the pattern 
shifted slightly (42% PMd, 19% PMv, and 39% M1), but premotor 
areas still dominated. In Monkey 2, who performed worse on the 
Obstacle task, all electrodes used in the decoder were from M1 since 
the other arrays had no electrodes with spiking activity. These ob-
servations suggest that premotor areas may be important for suc-
cessful obstacle avoidance.

Decoding performance under all offline conditions remained 
consistently lower than the actual online performance (Fig.  2C), 
even when using the same decoder and binned neural data (Online 
Simulation). We therefore hypothesize that the performance gap 
arises mainly downstream of the decoder, from differences in how 
these velocity commands are integrated into real-time VR—most 
notably, the variable ~50- to 100-ms delay between when a velocity 
is decoded and when its visual consequence appears on the screen—
compared to the idealized, fixed 50-ms updates used in the offline 
simulation. This suggests that navigation performance is highly sen-
sitive to the full closed-loop dynamics and the ability to react rap-
idly to changes in sensory feedback, and cannot be fully captured by 
offline replay alone. Neural adaptation is more directly supported by 
our within-session trend analysis: Monkey 1, who exhibited the 
largest gap between online and offline decoding, also had the high-
est proportion of sessions with performance improvement over time 
(53.4%), indicating dynamic adjustment of neural activity during 
task execution (fig. S4B). The co-occurrence of a large online-offline 
discrepancy with strong within-session improvements is consistent 
with the interpretation that animals adapt their neural output spe-
cifically to the real closed-loop system, in a way that is not revealed 
when neural data are replayed offline. Together, these findings pro-
vide strong evidence that monkeys adapt their neural output in re-
sponse to fixed-decoder feedback, enhancing control over time. The 
failure of idealized offline replay to capture these improvements 
highlights the critical role of real-time closed-loop interaction and 
adaptation mechanisms in iBCI performance.

Trajectories and time to target
We investigated the sphere’s trajectories during BCI control in the ad-
ditional tasks. Figure 3A shows that in both monkeys, the final y co-
ordinate of the sphere in the 3D Center-Out task differed significantly 
between upper and lower target trials (Mann-Whitney U = 195291, 
P  =  5.26 × 10−60 for Monkey 2; U  =  75468, P  =  3.11 × 10−34 for 
Monkey 3).

Next, we investigated how fast Monkeys 2 and 3 corrected the 
trajectories during respawning by calculating the reaction time, de-
fined as the time required for the sphere to change its trajectory 
from the original target to the respawn target, starting from the mo-
ment the target was respawned (i.e., changed location). The average 
reaction time across all conditions was 661 ms for Monkey 2 and 
1058 ms for Monkey 3 (Fig. 3, B and C; Kruskal-Wallis test between 
conditions, Monkey 2: statistic = 91.84, P = 5.18 × 10−17; Monkey 3: 
statistic = 41.77, P = 5.759 × 10−7).

Last, we explored the monkey’s strategies for obstacle avoidance 
by plotting the trajectory of each individual trial per target for each 
monkey (Fig. 3D). Monkey 2 used both sides to navigate around the 
obstacles and made deviations from the straight trajectory closer to 
the target, whereas Monkey 3 tended to favor one side and often 
made a larger deviation early in the trajectory.

In the Center-Out task, the average time to target in the Passive 
Fixation phase, during which the sphere was autonomously con-
trolled by the Unity 3D engine’s built-in navigation system (see the 
“Experimental phases” and “Unity” sections in Materials and Meth-
ods), was 2750 ms. This compares to 3196 ms (Monkey 1), 3182 ms 
(Monkey 2), and 3111 ms (Monkey 3) in the Online Decoding 
phase, which was controlled in real time by the monkeys through 
neural activity. This result indicates that the time to target in the 
Online Decoding phase was, on average, 15% slower (across all 
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Fig. 2. Offline decoding performance across cortical regions and configurations, compared to both offline simulation and actual closed-loop online perfor-
mance. (A and B) Offline decoding success rates for different cortical input configurations in the (A) Center-Out task and (B) Continuous Navigation task, using data from 
Monkeys 1 and 3. Each configuration consisted of a matched number of high-weight electrodes from either individual areas (PMv, PMd, and M1), pairwise combinations 
(PMv + PMd, M1 + PMv, and M1 + PMd), or an equal-area All condition (balanced channels from each area). Success rates were normalized to the Online Simulation con-
dition (decoder trained and tested offline using all available channels from that session). Boxplots show the median (orange line), interquartile range (IQR; box), and range 
within 1.5× IQR (whiskers); circles indicate outliers. Asterisks mark significant differences within each monkey (Monkey 1: one-sided exact binomial test; Monkey 3: 
Wilcoxon signed-rank test; P < 0.05). All statistical comparisons and P values are provided in table S1. (C) Table summarizing median success rates [IQR], normalized to the 
true Online Decoding performance (closed-loop condition with real-time feedback and adaptation). IQR computed from empirical session medians. Offline decoding 
underperforms across all configurations, highlighting the importance of full closed-loop interaction between neural activity, decoder, and VR environment. Number of 
sessions (N) for each task is provided in Table 1.
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Fig. 3. Trajectory analysis of the three supplementary tasks for Monkeys 2 and 3. (A) 3D Center-Out task: Density distribution of the y coordinate of the endpoint 
values of trials with upper (blue) and lower (green) targets (across all sessions). (B and C) Reaction time and average trajectory per respawn condition for the Respawn task. 
(B) Density distribution of average reaction time per respawn condition over all trials and sessions. (C) Average trajectory for each respawn condition, together with the 
SD in the x and z directions across all trials and all sessions. The respawn moment is also shown. (D) Individual trajectories of successful trial across all sessions for the 
Obstacle task, for each target (green square) when the obstacle (red square) was on the target’s path. The number of sessions (N) for each task is provided in Table 1.
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monkeys) compared to the Passive Fixation phase (fig. S5A). In the 
Continuous Navigation task, the average time to target was 48% 
slower during the Online Decoding phase (fig. S5B), which high-
lights the increased difficulty of this task. For the time to target in 
the three additional tasks, see fig. S5 (C to E) (see also Supplemen-
tary Results for additional task-specific comparisons).

Influence of surface electromyography and eye movements 
on decoded velocities
We wanted to assess the influence of surface electromyography 
(sEMG) on the decoded velocities (v, vx, vy, and vz). The mean cor-
relation coefficients across sessions between sEMG and decoded 
velocities were consistently very low across tasks and velocity com-
ponents, ranging from −0.08 to 0.06 for Monkey 1 and −0.20 to 0.13 
for Monkey 2 (table S2). Cross-correlation analysis for lags ranging 
from −100 to 100 ms (50-ms increments) yielded similar results. 
Regression analyses further supported these findings, with R2 values 
near zero for both the linear and nonlinear models (table S3). Al-
though the combined P values from the regression analyses were 
statistically significant, the small effect sizes suggest that sEMG had 
minimal influence on decoded velocities. Furthermore, the high 
mean square error (MSE) values for both monkeys across all tasks 
and velocity components indicate poor predictive performance of 
the models (table S3).

We also computed the Spearman correlation between the x and y 
components of the eye position and the decoded velocity. Similar to 
the results for the sEMG analysis, we found very small correlation 
coefficients for all velocity components and for each component of 
the eye movement, except for a notable correlation between the x 
component of the eye position and vx (table S4), which is related to 
the monkeys tracking the sphere’s position during online decoding, 
as in natural behavior (31). However, such a correlation was not ob-
served during the Continuous Navigation task, where the camera 
dynamically followed the avatar. In this task, the decoding was 
world-centered rather than eye-centered (decoding velocities to the 
left remained left even if the camera had moved and the avatar had 
to go straight ahead), altering the relationship between the eye posi-
tion and the decoded velocity. These findings suggest that eye move-
ments did not fundamentally influence the decoded velocity.

DISCUSSION
We developed a robust and flexible iBCI that enables macaque mon-
keys to control movement in a 3D virtual environment using only 
neural activity. By decoding signals from M1, PMd, and PMv into 
continuous velocity commands, our system supported real-time con-
trol across a broad range of tasks including center-out navigation, 
obstacle avoidance, dynamic target switching, and first and third per-
son continuous navigation in visually complex scenes, mimicking 
real-life navigation. Unlike prior studies that focused on 2D cursor 
control, robotic arms, or 1D movement along a track on a 2D moni-
tor during overt cycling (30), our VR design emphasizes real-world 
challenges: task switching, spatial and contextual generalization, and 
BCI control without overt movements or proprioception.

Our decoder introduces key innovations relative to previous 
iBCIs. To allow a detailed comparison, we have summarized the 
methodology used in previous studies and in our study in table S5. 
A central innovation of our approach lies in the training paradigm. 
Our decoder was trained during a single, brief passive observation 

phase (~7  min) with no overt movements, and was then applied 
without recalibration or retraining across multiple tasks. For human 
use, short and infrequent recalibration periods are likely acceptable 
if they provide clear performance benefits; however, our results 
show that robust control and substantial task generalization are 
achievable even without such retraining. This fixed-decoder design 
stands in contrast to most previous iBCI systems, which relied on 
overt or attempted movements during training and often included 
multiphase training or online adaptation [e.g., ReFIT (32)]. In our 
case, decoder training was based entirely on passive visual feedback, 
and control was achieved using neural signals alone, under full 
physical restraint, with sEMG verification to rule out residual move-
ment correlation. These constraints closely replicate the conditions 
faced by individuals with complete paralysis.

Our decoder also differs architecturally from standard approaches. 
Instead of directly mapping neural activity to movement using linear 
models (e.g., Kalman or Wiener filters), we adapted the Preferential 
Subspace Identification (PSID) framework for online, closed-loop de-
coding and replacing the linear regression with a nonlinear variant. Our 
method extracts a low-dimensional latent state optimized for behav-
ioral relevance before predicting velocity, offering a favorable trade-off 
between complexity, interpretability, and real-time feasibility. Com-
pared to linear decoders or data-hungry models like recurrent neural 
networks and transformers, our PSID-based decoder provides a clini-
cally viable and computationally efficient alternative. Despite its sim-
plicity, the decoder generalized over a range of tasks and contexts. For 
example, the decoder trained on a 2D Center-Out task enabled success-
ful control in Obstacle and Respawn tasks, despite these involving ob-
stacle configurations and respawn dynamics that were not present 
during training. Moreover, performance on novel targets (not included 
in the training set) was comparable to—or even better than—that on 
pretrained targets. Furthermore, the decoder successfully transferred to 
different environments and visual perspectives: Although trained on a 
sphere moving on a grid, the decoder supported online decoding in a 
visually distinct forest environment and functioned with a monkey ava-
tar and in first-person perspective. Such generalization suggests that the 
decoder captured abstract, behaviorally relevant neural dynamics rath-
er than relying on low-level visual or contextual cues. Together, these 
results indicate that a single fixed decoder can support a family of re-
lated navigation-like behaviors that rely on continuous velocity com-
mands, and is therefore likely to extend well to other continuous 2D-3D 
velocity-based applications such as 2D cursor control or end-effector 
control of a robotic arm, rather than to tasks with fundamentally differ-
ent structure, consistent with recent work on geometry-driven limits to 
cross-task generalization in motor cortex (33).

We observed a persistent performance gap between offline and 
online decoding, despite using identical decoders and binned neural 
data, indicating that navigation performance depends critically on 
the full closed-loop interaction between neural activity, decoder, 
and VR environment and cannot be fully captured by idealized of-
fline replay. Neural adaptation is more directly supported by our 
within-session trend analysis, where monkeys (particularly Monkey 
1) showed progressive within-session performance improvements 
under fixed-decoder conditions. These improvements likely reflect 
closed-loop learning mechanisms, where real-time feedback facili-
tated dynamic adjustment of neural output. Offline simulations, 
even when using full channel sets, could not replicate these gains, 
emphasizing the necessity of real-time interaction for capturing the 
full capabilities of BCI systems.
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Another important comparison concerns decoding performance 
during passive fixation relative to during natural movements. Relat-
ed intracortical cursor BCIs have used observation-based calibration 
and arm-restrained or arm-free operation (9, 34, 35), but none di-
rectly compare matched passive- versus movement-trained decoders 
or test passive-only calibration in complex 2D/3D navigation under 
full restraint as we do here. In a previous study from our laboratory 
(36), we used a similar decoder in a Center-Out task on a 2D screen 
and found that performance was higher when the monkey made 
overt movements compared to a passive condition (average across 
Monkeys 1 and 2: 63 and 53%, respectively). However, that study 
used a channel selection paradigm and online ReFIT recalibration. 
In the present study, we used a more complex task without recalibra-
tion and trained the decoder on all spiking channels. Despite these 
additional challenges, success rates in our passive condition were 
comparable to—or even exceeded—those in the movement-assisted 
experiment by our group (36). This underscores the robustness of 
our decoder and shows that high-performance BCI control is possi-
ble without movement or proprioception.

Several biological and technical design choices likely contributed 
to this success. Unlike most iBCI studies that rely solely on M1 and 
PMd, we simultaneously recorded from M1, PMd, and PMv. A paral-
lel study (36) showed that PMv activity alone can support online cur-
sor control at performance levels comparable to M1 or PMd. Our 
offline analysis showed that premotor activity from PMv and PMd 
carried rich, behaviorally relevant information for BCI decoding. Us-
ing matched numbers of high-weight channels, we found that PMv 
and PMd consistently outperformed M1 across tasks and monkeys. 
The combination of PMv + PMd often matched or exceeded the All 
condition (balanced PMv/PMd/M1 input), suggesting a synergistic 
premotor contribution and underscoring the limited independent 
contribution of M1 if premotor signals are available. These findings 
align with our decoder weight analysis, where most decoding weight 
was assigned to PMv and PMd (e.g., 60% PMv in Monkey 1), and 
further validate PMv as a viable and underutilized BCI signal source.

In addition, our 3D VR environment with stereoscopic vision 
likely improved the realistic visual feedback to the animals, improv-
ing the closed-loop learning. We achieved depth perception by 
means of liquid crystal shutters operating at 60 Hz and synchro-
nized to the refresh rate of the monitor, a setup in which monkeys 
achieve excellent performance in a 3D-structure categorization task 
(37–39), suggesting optimal stereovision. In addition, the VR envi-
ronment created in Unity contained many other depth cues (per-
spective, shading, texture, and relative motion) similar to real-world 
situations.

Our work extends standard 2D screen-based cursor BCI studies 
and self-navigation BCI studies by showing that a decoder trained 
purely from passive fixation can support direct intracortical control of 
continuous 3D navigation in stereoscopic VR across multiple tasks and 
environments under full physical restraint. Together, our iBCI system 
demonstrates several critical capabilities that make it highly suitable 
for assisting paralyzed patients in real-life situations. It enables fast, 
precise control and continuous navigation, which are essential for 
tasks such as wheelchair control. The system can seamlessly adjust to 
changes in target locations and successfully perform obstacle avoid-
ance, all of which are necessary for navigating in complex, cluttered 
environments such as a house, while also responding quickly to chang-
es in the patient’s intentions. Our BCI was also capable of generalizing 
across different environments, transitioning smoothly from a basic 

environment to a complex virtual environment without additional 
training. This adaptability, combined with a short straightforward Pas-
sive Fixation phase, enhances its practicality for home use. In addition, 
our BCI’s performance was unaffected by muscle activity, ensuring re-
liable control even in patients with residual movement. The dominant 
role of PMv and PMd in decoding, coupled with clear evidence of on-
line neural adaptation, suggests a powerful cortical substrate for intui-
tive, closed-loop control. These features suggest that our iBCI could 
substantially improve the quality of life for paralyzed patients by en-
abling them to perform daily tasks with greater independence.

MATERIALS AND METHODS
Surgery and recording procedures
Three male rhesus monkeys (Macaca mulatta, 7 to 9 kg) were im-
planted with a titanium headpost that was fixed to the skull with tita-
nium screws and dental acrylic. After training the monkey in a 
fixation task, we implanted three 96-channel Utah arrays with an 
electrode length of 1 or 1.5 mm and an electrode spacing of 400 μm 
(4 mm by 4 mm, Blackrock Neurotech, UT, USA), guided by stereo-
tactic coordinates and anatomical landmarks. The arrays were insert-
ed with a pneumatic inserter (Blackrock Neurotech, UT, USA) with a 
pressure of 1.034 bar and an implantation depth of 1 mm. During all 
surgical procedures, the monkey was kept under propofol anesthesia 
(10 mg/kg per hour) and strict aseptic conditions. Postoperative ana-
tomical scans (Siemens 3T scanner, 0.6-mm resolution) verified the 
positions of the Utah arrays in dorsal premotor area F2, ventral pre-
motor area F5c, and the hand/arm region of the M1. All surgical and 
experimental procedures were approved by the ethics committee on 
animal experiments of KU Leuven and performed according to the 
National Institutes of Health’s Guide for the Care and Use of Labora-
tory Animals and the European Union Directive 2010/63/EU.

During a recording session, neural data were collected with digital 
Cereplex M headstages (Blackrock Neurotech, UT, USA) that were 
connected to two digital neural processors. The data were subsequent-
ly sent to the Cerebus data acquisition system that recorded the signal 
of 256 channels, thus allowing simultaneous recording of the three 
brain areas (one bank of 32 electrodes in PMd was not recorded). The 
signal was high-pass filtered (750 Hz) and sampled at 30 kHz. Each 
recording day, the thresholds to detect spikes were set manually below 
the noise to capture the neural activity of individual neurons. Note 
that one channel could contain the signal of one or multiple neurons.

Experimental setup
The monkey sat in a chair with its head fixed and arms restrained in 
front of a Viewpixx 3D screen (VPixx Technologies Inc., Saint-Bruno, 
Canada; 1920 × 1080 pixels with a refresh rate of 120 Hz) in a dark 
room (Fig. 4). On the screen, pairs of images for left and right eye with 
slight angular disparities were presented alternately at 120 Hz. The 
monkey wore shutter glasses with liquid crystal lenses that opened 
and closed when voltage was applied, which was perfectly synchro-
nized with the screen at a frequency of 60 Hz for each eye to achieve 
stereoscopic vision. A similar setup was used in detailed behavioral 
and electrophysiological testing of 3D vision based on disparity in 
macaque monkeys (37–39). An infrared camera monitored the mon-
key’s eye movements with a sampling rate of 500 Hz (EyeLink 500, SR 
Research, Ontario, Canada). Prior to each recording session, the eye 
tracking system was calibrated by requiring the animals to fixate tar-
gets presented on the 3D screen.
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Experimental design
Each session consisted of a Passive Fixation phase, a Decoder Train-
ing phase, and an Online Decoding phase. The same decoder was 
used across tasks unless the task geometry or perspective changed, 
in which case a new decoder was trained. The main goal of each 
experiment was to move an entity (a sphere or a monkey avatar) 
from a starting point to a target that pseudorandomly appeared in 
the 3D environment.
Experimental phases
In the Passive Fixation phase, the monkey passively observed Unity’s 
task execution using its artificial intelligence (AI)–driven navigation 
system. This phase used three strategically placed targets—left, straight 
ahead, and right—to cover the main directions in the 3D environ-
ment. For each target, we typically collected 30 trials while recording 
neural activity in three motor areas (M1, PMv, and PMd) and the ve-
locities of the moving entity. In the Decoder Training phase (typical 
duration of a few seconds to 1 min), we trained a model using the 
neural activity and the entity’s velocities that were recorded during the 
Passive Fixation phase. In the Online Decoding phase, the monkey 
controlled the entity using its decoded neural activity. The tasks devel-
oped in Unity used computed velocities from the decoding algorithm 
as inputs, enabling real-time control of the entity’s movement. The 
online decoding formed a closed-loop BCI as the monkey observed 
the decoded velocities in real time on the 3D screen.
Tasks
The first task was a Center-Out task, featuring a sphere in a 3D envi-
ronment that moved on a 2D plane toward the target (a white 
cube; Fig. 5A). During the Passive Fixation phase, the sphere moved 
from a fixed starting point in a straight line to one of three targets 
(far left, straight, and far right) that appeared pseudorandomly. The 
eyes were monitored to ensure fixation on the part of the screen 
where the sphere moved toward the target. For each target, 30 cor-
rect trials were recorded. During the Online Decoding phase, the 
monkey needed to reach five possible target positions (fig. S2) that 
appeared pseudorandomly by controlling the sphere movements 
through the decoding algorithm.

In the Continuous Navigation task, the starting position at the 
beginning of each trial was the end position of the previous trial. In 
the Passive Fixation phase, the monkey observed a sphere perform-
ing continuous movements on a 2D grid. The sphere followed a 

curved trajectory toward the target, and the camera dynamically 
tracked the sphere on the grid (movie S7). The Center-Out task and 
the Continuous Navigation task differed with respect to the camera 
movement. In the Center-Out task, the camera remained fixed, the 
sphere moved in the z (depth) and x direction (width), and the tar-
gets remained at a constant distance from the camera, causing 
the sphere to appear smaller on the screen as it moved toward the 
targets. In contrast, in the Continuous Navigation task, the camera 
dynamically tracked the sphere on the grid. As the sphere approached 
the targets, their size increased on the screen. Similar to the Center-
Out task, three targets were used during the Passive Fixation phase, 
and 30 correct trials of each target were recorded. While the Pas-
sive Fixation phase was performed with a sphere moving on a plane 
with dynamic camera tracking, the Online Decoding phase used 
a monkey avatar navigating in a 3D forest environment (Fig. 5B). 
When the avatar rotated, the camera rotated correspondingly, re-
vealing different sections of the 3D forest. During the Online 
Decoding phase, the monkey was required to navigate the avatar 
monkey to five different target positions in the forest environ-
ment. During this phase, we recorded 100 trials per session, for 
both main tasks.

Monkeys 2 and 3 performed three additional tasks that were 
based on the main Center-Out task. In the first additional task, the 
sphere was moved in the x (width), y (height), and z (depth) direc-
tions (3D Center-Out task). This task used 10 different targets, five 
of which were situated on the plane at identical positions to those in 
the first Center-Out task and the remaining five targets shared the 
same xz coordinates but had positive y coordinates (i.e., located higher 
than the five targets on the plane, balancing on thin cylinders; Fig. 5C). 
In the Passive Fixation phase of the 3D Center-Out task, six targets 
were shown—three on the ground and three elevated—and for each 
target, we recorded 15 correct trials. During the Online Decoding 
phase, the animal moved the sphere in three dimensions to reach 
each of the 10 possible targets that appeared pseudorandomly.

For the last two tasks, the Passive Fixation phase was identical to 
the Center-Out task. During the Online Decoding phase of the 
Respawn task, the target could respawn (i.e., disappear and reappear 
at another location) to one of its adjacent target positions after the 
sphere crossed a specific point in the space (z coordinate equal to 
two;  Fig.  5D). Thirteen target patterns were possible and chosen 

Fig. 4. Implantation site and experimental setup. (A) Implantation site of three 96-channel Utah arrays: one in PMd, PMv, and M1. (B) Experimental setup of closed-loop 
BCI: Head-fixed monkey sitting in a chair with restrained arms. A 3D screen in front of the monkey displayed the task. The monkey wore shutter glasses synchronized with 
the 3D screen, to allow the perception of depth. Created in BioRender. O. Saussus (2026); https://BioRender.com/edtwzlf.
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pseudorandomly: no respawning of the five target positions and re-
spawning of each target in two possible directions (to the left or to 
the right) or in one possible direction for the most left and most 
right target. In the Obstacle task, an obstacle was added during the 
Online Decoding phase (Fig. 5E). The obstacle appeared pseudoran-
domly on or off the path to the target. The obstacle was smaller than 
the target, situated in the middle of the trajectory to the target, and 
oriented in the direction of the specific target, so that the sphere had 
to deviate from a straight trajectory in on-path trials. During the 
Online Decoding phase of the three additional tasks, 120 trials were 
recorded per session, balanced across the different task conditions 
explained above. The dimensions of all tasks can be found in fig. S2.
Experimental protocol
In the Center-Out tasks, the sphere appeared at the starting position 
on the xz plane, while for the Continuous Navigation task, the start-
ing position of the sphere/avatar was the end position of the last 
trial. To start a trial, the monkey had to fixate on the sphere or avatar 
for a duration of 500 ms. Subsequently, a target appeared at one of 
the predetermined positions. The sphere or avatar had to reach the 
target within a predefined time period, denoted as maximum trial 
time (5.5 s for the Center-Out task and the 3D Center-Out task, 8 s 

for the Continuous Navigation task, and 6.5 s for the Respawn and 
Obstacle tasks). A trial was successful when the sphere or avatar 
stayed inside a predefined box around the target (target window) for 
500 ms. Successful trials were rewarded with a liquid reward. An un-
successful trial occurred if the target was not reached within the maxi-
mum trial time or if the sphere, avatar, or target exited the camera’s 
field of view. Trials in which the subject failed to maintain fixation 
at the beginning of the trial were aborted and not further analyzed. 
Upon completion of a trial in the Center-Out tasks (whether suc-
cessful, unsuccessful, or aborted), both the sphere and the target 
disappeared from the screen. If, in the Continuous Navigation task, 
the avatar did not reach the target in the predefined time window or 
if the target went out of the scene, the trial stopped and the avatar 
remained at its final position, while the target disappeared.

Unity
Software and hardware
The tasks were developed using Unity 2021.3.16f1 and implemented 
on standard desktop computers. The Unity’s 3D Universal Render 
Pipeline template was used as a starting point for developing each 
task. The subject interacted with the tasks developed in Unity using a 

Fig. 5. Experimental tasks. (A and B) Two main tasks: Temporal sequence of the (A) Center-Out task and (B) Continuous Navigation task (B) in xyz space. (C and D) Three 
supplementary tasks. (C) 3D Center-Out task with two possibilities, upper target and lower target. (D) Respawn task in chronological order, with the respawning of the 
target to a different location during the decoding trial. (E) Obstacle task with two possibilities during the decoding trial, above with obstacle on the path of the target and 
below with an obstacle off the path of the target.
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custom-built BCI system. Unity was installed on a first computer 
controlling the 3D screen that the monkey was looking at. On a sec-
ond computer, the decoding model (in Python) was trained to de-
code velocities in real time. On a third computer, the central task 
script (in Python) was executed, facilitating the exchange of com-
mands between the three programs. These commands included basic 
instructions such as configuring trials, starting and stopping trials, 
and predictions. A local area network facilitated communication be-
tween the three programs using ZeroMQ over TCP/IP sockets to en-
able efficient and reliable data exchange in a distributed system.
Scene composition
The Center-Out task was set up in an environment with a flat plane 
featuring a grid pattern, providing multiple depth cues in 3D space. 
The sphere was able to translate in the x and z directions in the 
Center-Out, Respawn, and Obstacle tasks and in the x, y, and z di-
rections for the 3D Center-Out task. The targets were white static 
cubes. In the 3D Center-Out task, the elevated targets were located 
on thin cylinders. In the Continuous Navigation task, the environ-
ment was a virtual forest in an open field bordered by mountains 
(Fig. 5B). The navigational entity was now represented by a monkey 
avatar (a capuchin monkey) obtained from the Unity store (40). The 
dimensions of each scene are shown in fig. S2.
Movement during training
The movement of the sphere and avatar during the Passive Fixation 
phase of the experiment was controlled by a built-in Unity compo-
nent, the Nav Mesh Agent. Attached to the sphere/avatar game ob-
ject, the Nav Mesh Agent operated on a baked Nav Mesh on the 
navigation plane. The “SetDestination” method was used to update 
the Nav Mesh Agent’s destination, initiating the autonomous move-
ment of the sphere toward the target in a straight trajectory. The 
motion began with an acceleration, gradually reaching a steady 
speed of 4 units/s. As the sphere approached the target position, it 
decelerated, ensuring that the sphere came to a complete stop just 
before making contact with the target. For the Continuous Naviga-
tion task, the sphere moved along a smooth, curved trajectory to-
ward the target. Our method leveraged Bezier curves to compute a 
curved path toward the target. The trajectory path was divided into 
destination points, and the SetDestination function guided the ava-
tar through these points, resulting in a realistic and more natural 
movement pattern. The movement during the 3D Center-Out task 
involved the sphere moving on the plane (to the lower targets) and 
flying from the ground to the elevated targets. The use of the Nav 
Mesh Agent was not possible due to its restriction to the surface-
only baked Nav Mesh. Instead, the Unity built-in function “trans-
form.Translate” was used to move the sphere in a straight line, along 
with the simulation of acceleration and deceleration.
BCI-controlled movement
The decoding algorithm produced velocities (vx, vy, and vz) that dic-
tated the direction and the speed of the sphere/avatar’s movement. 
These velocities were transmitted to Unity every 50 ms, forming the 
basis for real-time updates to the sphere/avatar’s position in the vir-
tual environment. The sphere and the avatar were equipped with a 
rigid body component. The decoding algorithm dynamically ad-
justed Unity’s rigid body velocity, translating navigational intent 
into realistic sphere and avatar movements. The sphere/avatar was 
only responsive to the decoding algorithm’s output during the inter-
val from target onset to target acquisition. The sphere was limited to 
translation in the x, y (for the 3D task), and z directions. In the Con-
tinuous Navigation task, the avatar could translate in the x and z 

directions while dynamically rotating based on the velocities. From 
the x and z velocities, we computed the rotation angle and forward 
speed. The forward speed (v) was computed as the magnitude of the 
velocity vector using the formula v =

√

v2
x
+ v2

z
 . The rotation angle 

(θ) was calculated using the arctangent function θ = tan−1
(

vx
vz

)

 . Ro-
tation was achieved using the “Quaternion.Lerp” function applied 
to the avatar’s transform, ensuring a smooth rotation that corre-
sponded to the avatar’s actual movement.
Camera view
A dual-camera setup replicated the visual perspectives of the left and 
right eyes to create binocular disparities. These perspectives were se-
quentially displayed on the 3D screen, simulating a stereoscopic or 
3D view. The camera projection was configured for a perspective 
view, and the field of view for each camera was set to 60°. For the 
Center-Out task, the camera positions remained fixed. In contrast, 
during the Continuous Navigation task, the cameras dynamically 
tracked the avatar in the 3D environment. The tracking was achieved 
using the command “transform.LookAt(),” enabling the camera to 
smoothly translate and rotate in sync with the avatar’s movements. 
Throughout the task, it was essential to verify that the sphere (for the 
Center-Out tasks) or the target (for the Continuous Navigation task) 
remained within the camera’s field of view at all times. To achieve 
this, the Unity function “GeometryUtility.TestPlanesAABB(camera_
frustum, collider.bounds)” was used. This function assessed whether 
the collider bounds of the object (sphere or target) remained within 
the 3D space visible to the camera (camera frustum). The camera 
frustum was computed with the Unity function “GeometryUtility.
CalculateFrustumPlanes.” This evaluation was conducted for both 
the left and right eye camera views.
Reaching the target
The target was reached by the sphere/avatar when it stayed within a 
predefined box around the target (target window) for 500 ms. Since 
both the target and the controlled sphere are 3D physical objects 
that could not intersect, we defined the target window based on the 
distance from the target’s edge to the window boundary, which was 
1.35 units, with the sphere’s diameter being 0.5 units. The larger 
window also accounts for the requirement that the sphere must re-
main inside it for 500 ms, allowing for minor movement during this 
time. The dimensions of the target window for the different tasks are 
shown in fig. S2. During the Respawn task, the target’s position and 
rotation were changed to the new position when the sphere crossed 
the grid coordinate equal to two. For the Obstacle task, an addi-
tional cube was added to the scene around which the sphere needed 
to navigate to reach the target.
Avatar animation
In the Continuous Navigation task, the monkey avatar was equipped 
with walking, running, and idle animations. The monkey avatar ad-
opted an idle animation, resting on both its arms and legs without 
any motion, when its velocity was at zero. If the avatar’s velocity was 
higher than zero and below 2 units/s, the walking animation was 
activated. When the velocity exceeded 2 units/s, the running anima-
tion took over. The speed of the running animation was adjusted 
based on the actual velocity, providing visual feedback that reflected 
the avatar’s current speed.
Additional functions
The Continuous Navigation task contained virtual trees in the forest 
environment. The avatar could be blocked behind a tree if the sub-
ject did not navigate properly around it. To ensure the task focused 
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on reaching the targets and not avoiding trees, a special function 
made sure that if the avatar stayed blocked behind a tree for the en-
tire trial, its starting position was reset to the center of the forest for 
the next trial. This reset was initiated by checking the avatar’s veloc-
ity (near zero for over 4 s). The environment in the Continuous 
Navigation task, whether the grid or the forest, was not infinite. If 
the avatar was close to the environment’s edge, it was reset to the 
center at the start of the next trial. This was controlled by fixed 
boundaries to define the environment limits.

Decoding algorithm
The decoding algorithm translated neural activity of PMv, PMd, and 
M1 into the movement of the sphere/avatar in real time. Initial 
training of the decoder relied on labeled training data, using a non-
linear extension of the PSID framework (41), which we adapted for 
real-time, closed-loop BCI. While PSID was originally developed 
for offline analysis, we extended it by adding a nonlinear regression 
stage to decode continuous 3D velocities. Once the decoding algo-
rithm was trained, it was able to predict real-time velocities based 
on real-time brain signals. This combination of nonlinear decoding 
and real-time state estimation enables fast, interpretable, and task-
generalizable BCI control.
Electrode selection
With our data acquisition system, we could record from 256 elec-
trodes simultaneously. Before each experiment, electrode signals 
were visually inspected, and if no spikes were detected, the spike 
threshold was set below a predefined value. During the training of 
the decoding algorithm, electrodes with thresholds below the pre-
defined value were excluded from the model.
Training
The training of the decoding algorithm involved a supervised meth-
od using labeled data from the Passive Fixation phase. The data in-
cluded spike rates of each selected electrode for each 50-ms time 
bin, along with the corresponding velocities 

(

vx , vy , and vz
)

 and po-
sitions of the sphere/avatar at that time stamp. The PSID method 
was used to train the decoding algorithm. The state of the brain was 
considered as a high-dimensional latent variable at each time point. 
A dynamic linear state space model was used to characterize both 
the neural activity and the behavior. Since we only wanted to con-
sider neural dynamics that were related to the behavior of interest, 
we computed the behaviorally relevant latent variables (fig.  S6A) 
together with the corresponding model parameters in this Decoder 
Training phase using two parameters: the number of extracted states 
n1 = 6 and the projection horizon i = 5 (41).

After extracting latent variables from the neural signal, the next 
step involved deriving velocities from these latent variables using re-
gression (fig.  S6B). Due to the inherent nonlinear relationship be-
tween the latent variables and velocities, a kernel approximation was 
used as a preprocessing step. Using the Nystroem kernel approxima-
tion with the radial basis function, the data underwent a projection 
into a higher-dimensional space, enhancing the capturing of nonlin-
ear patterns. The Nystroem method approximates the kernel matrix 
using a smaller subset of data points, reducing the computation time. 
The chosen parameters of the Nystroem kernel approximation were 
γ = 0.34 , which influenced the smoothness of the decision boundary 
of the Gaussian kernel; ncomponents = 700 , which was the number of 
data points used in the approximation; and random_state = 42 , 
which was used for reproducibility, ensuring that the same ran-
dom subset of data points was selected in each run. Next, a linear 

regression was applied to predict the velocities. The linear regression 
process identified the optimal-fitting flat hyperplane that minimized 
the difference between predicted and actual velocities. More specifi-
cally, a ridge regression was used, which introduced a regularization 
term to avoid overfitting the model and prevented potential multicol-
linearity (high correlation) in the data. The strength of the regulariza-
tion was controlled by the hyperparameter α = 0.1 . To ensure that the 
model learned the relationship between latent variables and veloci-
ties based on the provided ground truth, both the kernel approxima-
tion and the linear regression were trained using the labeled training 
data. The different parameters used for the training of the decoder 
were computed using hyperparameter optimization on a subset of 
the training data in a preliminary pilot study.
Online decoding
To predict velocities from neural activity in real time, a recursive 
Kalman filter was used in combination with the regression step. The 
recursive Kalman filter estimated and updated the latent states of the 
system based on the observed brain signals in a sequential and itera-
tive manner. The filter processed each new observation, in this case, 
the neural activity in a 50-ms time bin, and refined its estimate of 
the latent states based on the current and past information. The 
principal advantages of using a recursive Kalman filter are the se-
quential updating of the latent states, the ability to handle noisy ob-
servations, and the ability to adapt to changing dynamics over time.

Statistical analysis
Success rate and chance level
The success rate was defined as the ratio of successful trials to the 
total number of trials for each session. To assess the significance of 
differences in success rates across various groups, we calculated 
Mann-Whitney U tests. The groups compared were the upper and 
lower targets for the 3D Center-Out task, the respawn and no re-
spawn trials for the Respawn task, and the on-path and off-path ob-
stacle trials for the Obstacle task (all taken across all sessions). To 
estimate the chance level of each task, we conducted a permutation 
test. For each 10,000 permutations, the target labels were shuffled 
and a test statistic—in this case, the success rate across trials—was 
computed. By comparing the observed statistic (success rate of the 
monkey across all trials and sessions) to the distribution of the per-
muted statistics, we could quantify the likelihood of observing such 
performance by chance. To determine whether the observed success 
rate was significantly different from what could occur by random 
chance, we computed the P value by determining the proportion of 
permuted test statistics that were as, or more, extreme than the ob-
served success rate.
Offline decoding analysis per cortical region
To assess the contribution of the different cortical areas to decoding 
performance, we performed an offline analysis using data from the 
same sessions as the Online Decoding experiments. For each session, 
we selected the subset of electrodes with the highest cumulative de-
coder weights, as defined by their absolute contributions to the latent 
variables in the trained online decoder. To ensure comparability across 
regions, we used the same number of channels for each area, based 
on the minimum available channel count across M1, PMd, and PMv 
(Monkey 1: 27 to 35; Monkey 3: 41 to 61 channels). Decoding perfor-
mance was then evaluated using neural signals from each area indi-
vidually (M1, PMd, and PMv), from pairwise combinations of areas 
(PMv + PMd, M1 + PMd, and M1 + PMv), and from a balanced selec-
tion across all three regions (All). These configurations were compared 
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to two references: a decoder using all channels offline (Online Simula-
tion), and the actual performance achieved under the closed-loop on-
line condition (Online Decoding). Decoding success was quantified 
and normalized either to the All condition, the Online Simulation, or 
the Online Decoding performance, allowing us to assess the relative 
area contributions and compare offline decoding to closed-loop online 
performance. Statistical comparisons between conditions were per-
formed using Wilcoxon signed-rank tests (two-sided), with a signifi-
cance threshold of P < 0.05.

In addition, we quantified the relative contribution of each brain 
area to the trained decoder by summing the absolute decoder weights 
on the latent variables for each electrode. We computed the percentage 
of total weight contributed by M1, PMd, and PMv separately, based on 
the decoder trained on all channels. To focus on the most informative 
electrodes, we applied a 50% cumulative weight threshold: We includ-
ed electrodes in descending order of their absolute weight until 50% of 
the total decoder weight was accounted for. This analysis allowed us to 
assess how strongly each cortical area influenced the decoder, inde-
pendent of channel count. Last, to relate offline and online decoding 
performance to within-session changes in behavior, we integrated 
these results with our within-session adaptation analysis (see next sec-
tion), which quantifies the extent to which monkeys improved perfor-
mance under fixed-decoder conditions within a session.
Within-session adaptation analysis
To assess whether monkeys adapted their neural activity to improve 
control within a session and in a given task under fixed-decoder 
conditions, we analyzed trial-by-trial task performance. For each 
session, a smoothed success rate was computed using a moving av-
erage (window = 7 trials, step size = 1). We then fit a linear regres-
sion to the smoothed success rate across all trials in the session. 
Sessions were classified based on the slope and significance of the fit: 
improvement (positive slope, P  <  0.05), decline (negative slope, 
P < 0.05), or constant (P ≥ 0.05). This analysis was performed for 
each monkey-task combination, and results were then summarized 
both per monkey and pooled across monkeys for each task.
Reaction time
We computed the reaction time in the Respawn task as the time in-
terval between the change in target position and the detected point 
of deviation in the sphere’s trajectory, which corresponds to the 
monkey’s response to the target change. We started by smoothing 
the trajectory using a low-pass Butterworth filter and a moving av-
erage. Next, we computed the tangents along the trajectory to deter-
mine the movement direction at each time point following the target 
jump time. The reaction point was defined as the first noticeable 
deviation in movement direction after the target jump, identified us-
ing a predefined angular threshold. We accounted for the ~100-ms 
delay between the neural intention to change direction and the re-
sulting visible movement of the sphere on the screen (because of 
delays introduced by neural signal binning, software communica-
tion, and visual rendering on the display) by subtracting it from the 
reaction time.
Time to target
We calculated the time it took the monkey to move the sphere/ava-
tar to the target. This time-to-target measurement started from the 
moment the sphere/avatar was allowed to move and ended when the 
trial was successful, defined as staying for 500 ms within the target 
window. We compared the time to target during the Passive Fixation 
phase, when Unity was in control, and the Online Decoding phase, 
when the monkey was in control.

Influence of sEMG on decoded velocity
To investigate whether arm and hand movement influenced the de-
coded velocity during the Decoder Training and Online Decoding 
phases, we recorded sEMG from the biceps (biceps brachii) and the 
thumb (abductor pollicis brevis) of Monkeys 1 and 2, using two dry-
adhesive electrodes, along with a ground electrode placed next to the 
biceps electrode. The raw sEMG was preprocessed by applying a 
high-pass Butterworth filter (order = 4, cutoff frequency = 30 Hz), a 
50-Hz notch filter, and a low-pass Butterworth filter (order = 4, cut-
off frequency = 500 Hz). The signal was rectified, and its envelope 
was obtained using a Butterworth low-pass filter (order = 4, cutoff 
frequency = 20 Hz) (42). For every trial, the sEMG signal was seg-
mented into 50-ms bins to align with the decoded velocity and aver-
aged over each bin, after which all trials of a session were concatenated.

We assessed the relationship between sEMG and decoded veloci-
ties using Spearman correlation analysis. We computed the mean 
correlation across all sessions and the combined P value (Fisher’s 
method) for the different tasks and for the different velocity compo-
nents (vx, vy, and vz; v = magnitude of velocity). To account for po-
tential time delays, cross-correlation analysis was conducted with 
lags ranging from −100 to +100 ms (50-ms increments). A positive 
lag indicates that the sEMG follows the decoded velocity, whereas a 
negative lag suggests that the sEMG precedes the decoded velocity, 
considering typical delays from motor cortex to sEMG [50 to 150 ms; 
(43)] and to decoded velocity (50 to 150 ms). In addition, we per-
formed linear and nonlinear regression (polynomial, degree = 2) 
analyses to evaluate how well sEMG predicted the decoded veloci-
ties by computing the R2 and the MSE values, together with the com-
bined P value.
Influence of eye movements on decoded velocity
During the Decoder Training and Online Decoding phases, the 
monkey watched a screen displaying tasks while its eye movements 
were monitored continuously. Except for the Continuous Navigation 
task, the monkey had to maintain its gaze within a large electroni-
cally defined window that contained both the initial position of the 
sphere and the target. For the Continuous Navigation task, the eye 
window matched the screen size, because the camera view rotated 
with the sphere/avatar. To estimate the influence of eye movements 
on the decoded velocities, we computed the Spearman correlation 
between the eye position (x and y components) and the decoded ve-
locity components (vx, vy, and vz; v = magnitude of velocity). The eye 
movement data were segmented into 50-ms bins, and the average 
value was taken as a feature. The correlation coefficients were com-
puted similar to those between the sEMG and the decoded velocity.
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