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Abstract

The brain coordinates multiple parallel motor programs, ensuring synergy and preventing
interference during movements. Yet, performance often degrades when brain—machine interfaces
are used during concurrent tasks or ongoing movements. We suggest that latent neural
representations may represent a strategy to solve this issue. In this study, we addressed this
question using neural signals from a tetraplegic individual with partial residual motor function,
implanted with a wireless epidural electrocorticography (ECoG) device. By adapting
dimensionality reduction techniques, we found that motor execution and motor imagery span
partially overlapping subspaces in mesoscale neural signals, shaped by specific frequency band
contributions. Despite substantial shared variance, we show that identifying orthogonal, condition-
specific dimensions enables successful decoding of executed and imagined movements, even when
performed simultaneously. These findings show that ECoG signals can expose separable neural
subspaces, allowing executed and imagined actions to be harnessed independently and in concert.
This opens a promising avenue to develop brain—-machine interfaces that can simultaneously
control multiple external devices or operate alongside natural movements.



Introduction

Motor imagery is the cognitive process in which individuals mentally perform a
movement without any physical execution. The relationship between motor execution
and motor imagery has been extensively studied. Both engage motor-related brain
regions but with different activation patterns [1-3]. Motor imagery is often considered
a conscious parallel to motor preparation, where movements are mentally rehearsed before
execution [4]. However, motor imagery also involves an inhibitory component consisting
of the challenge of vividly imagining a movement while consciously suppressing its
physical execution [5].

In the last decade, research has shifted from studying individual neurons to examining
neural populations through large-scale recordings [6]. This shift has led to the concept
of neural manifolds or neural spaces, lower-dimensional representations of neural activity
that capture the coordinated dynamics of neural populations [7, 8]. These neural spaces
provide valuable insights into how the brain encodes motor behaviors, even when motor
processes activate corresponding brain areas without overt movements [9, 10]. The
identification of neural spaces has shown that motor preparation and execution occupy
distinct, orthogonal subspaces, with activity transitioning between these spaces as
movements unfold [9, 11-13]. On the other hand, movement imagination [14] involves
shared and exclusive spaces with motor execution, with the shared spaces consisting of
common dynamics between the two neural processes and exclusive spaces containing
neural patterns specific to each. While most of these studies rely on spike sorted or multi-
unit activity, whether this geometric relationship between motor execution and imagery is
also identifiable at the mesoscale level remains unclear. Addressing this question is
particularly relevant for surface-electrode-based BMIs, such as electrocorticography
(EC0G), which represent a compelling alternative to intracortical microelectrodes [15—
18]. These BMIs offer reduced invasiveness and fewer associated side effects while
preserving long-term usability [19-22]]. Identifying and leveraging neural spaces with
these less invasive techniques could significantly enhance the effectiveness and
accessibility of BMIs, broadening their impact for a wider range of patients. Moreover,
the use of latent neural spaces both offers greater temporal stability, preserving a
subject’s representation even as the activity of individual neurons varies over time [23—
25], and allows the bridge across multiple subjects [26, 27], thereby enabling the training
of more powerful and generalizable cross-subject BMI algorithms.

Most BMIs are designed to decode imagined movements in conditions with minimal or no
concurrent physical movement. In certain instances, minor unstructured movements
become part of the training signal distribution and are treated as noise by the classifier,



thereby still enabling the decoding of motor imagery. While this strategy is
appropriate for individuals with complete paralysis, it can be limiting for those with
incomplete tetraplegia [28]. These individuals often retain some motor function, and
restricting real movement in favor of motor imagery can hinder natural interaction in
daily life. This highlights the need for alternative approaches that allow decoding of
imagined actions concurrently with purposeful, goal-directed movements, whether
coordinated with or independent from the external end effector controlled by the BMI.
We propose that neural spaces capturing distinct representations of motor execution and
motor imagery could help address this issue. Specifically, the



separation of imagery and execution into orthogonal neural subspaces may help identify
a specific neural space where motor imagery decoding could be more robust. This could
ultimately allow users to perform physical movements without disrupting simultaneous
BMI control through motor imagery. This challenge involves identifying task-null spaces,
where neural signals can be modulated voluntarily without interfering with concurrent
task-oriented actions [29]. By disentangling motor imagery from concurrent execution,
we identify a candidate execution-null space, where neural modulation could drive an
external effector, while performing other activities.

In this study, we addressed the challenge of decoupling motor execution from
motor imagination by identifying a potential solution within the neural manifolds
framework, which offers a principled approach to uncover condition-specific neural
subspaces. To this end, we adapted dimensionality reduction methods originally
developed for spiking activity to mesoscale cortical signals recorded from an
individual with tetraplegia who retained some residual motor functions. Through this
analysis, we identified partially overlapping neural representations of motor execution and
imagination. Focusing on the neural subspaces exclusive to each condition, we found
that they reliably captured condition-specific patterns with stable and robust
dynamics. Using these representations, we were able to disentangle the neural
processes underlying execution and imagination, even when they occurred
simultaneously. Our findings indicate that this approach could enhance BMI performance by
supporting user control of external interfaces via motor imagery alongside ongoing physical
movements, without mutual interference.

Results

A recent study has demonstrated that multi-unit neural activity related to motor execution
and motor imagination overlaps only partially in the neural space [14]. As depicted in
Fig.1a, this suggests that the two activities share a common dimension (Dim. 1), while
also maintaining exclusive dimensions, Dim. 2 for execution and Dim. 3 for imagination,
respectively. We aimed to explore whether this relationship holds in neural spaces
identified from mesoscale neural signals, such as those measured via ECoG. In this
framework, we define a neural space, or neural manifold, as a space where the axes
represent covariance patterns across channels and frequency bands, meaning that each
axis represents a linear combination of these original features (Fig.1b).

A 34-year-old male with tetraplegia due to an incomplete C6 spinal cord injury
was implanted with the chronic wireless ECoG WIMAGINE device [30] 14 years
post-injury over the left primary motor (M1) and sensory cortices (S1) (see Participant



in Methods). The reconstructed location of the implant is shown in Fig.1c. During the
experimental sessions, the participant sat in front of a screen displaying movement
instructions alongside a progressing bar to help pace the movements (Fig.1d). The
participant was instructed to perform both execution and imagination trials of reaching
and wrist extension movements (REE = reaching executed, WEE = wrist extension
executed, REI = reaching imagined, WEI = wrist extension imagined, Fig.1e) with his
right arm, which were feasible due to the residual movement abilities of the participant
(ASIA score of 5 in the elbow flexors, ASIA score of 3 on the wrist extensors). During
the imagination trials, the participant was instructed to remain as



still as possible. The right extensor digitorum and the lateral deltoid were chosen as
target muscles for the wrist extension and reaching movements, respectively, due to the
absence of EMG activity during the opposite action (Fig. S1). Significant muscle activity
was observed during execution trials, whereas no major activity was detected during
imagination trials (Fig. 1f).

Neural activity was modulated during both execution and imagination trials. The time-
frequency decomposition for an example channel (highlighted in Fig.1c) is shown in
Fig.1g. Notably, a pronounced desynchronization in the high-beta band (around 30 Hz) is
observed across all conditions. To identify the neural spaces and perform all subsequent
analyses, we divided the spectrum into seven frequency bands (6 : 1-4 Hz, 6 . 4-7 Hz,
o :7-13 Hz, low g : 13-22 Hz, high g : 22-37 Hz, low y : 37-60 Hz, and high y : 60—
250 Hz) and extracted their envelopes. Fig.1h displays the average time-evolving envelope
across trials for all frequency bands, corresponding to the same example channel.

Execution and imagination dynamics show partial overlap at the mesoscale level

As a first step, we sought to identify a global low-dimensional latent space that captured
most of the variance of both motor execution and imagination activities, originally
recorded in a 224-dimensional space (32 channels x7 frequency bands). To this end,
we applied principal component analysis (PCA) separately to the trial-averaged
execution and imagination datasets, retaining the number of principal components (PCs)
required to explain 99% of the variance in each case. The global latent space was then
constructed by concatenating the retained PCs from execution and imagination and
orthonormalizing them using singular value decomposition (SVD). This procedure was
chosen over applying PCA directly to the concatenated data, as it ensured that both
conditions were equally represented in the global latent space by allowing precise control
over the proportion of variance captured from each condition.

Once the global latent space was identified, we examined how motor execution
and imagination activities were represented within it. To assess their alignment, we
defined two sets of PCs, each optimized to capture either execution or imagination
activity, and quantified the variance they explained in the complementary condition.
Fig. 2a,b illustrate the variance explained by each PC when PCA was applied
separately to execution and imagination activities. The first few PCs in both
conditions capture a significant portion of the variance of their respective conditions
for both execution and imagination. However, the later PCs, which explain little to
no variance in the condition they were computed on, still account for variance in the
opposite condition. This trend is illustrated in Fig. 2c, which shows how cumulative



variance is distributed within and across neural spaces. Within the same space (Ex in
Ex and Im in Im), a small number of PCs account for nearly all the variance. In
particular, 11 PCs were needed to explain 99% of execution variance, while 18 PCs were
required for imagination. The higher number of PCs for imagination likely reflects the
greater complexity of motor imagery processes. However, when projected onto the
other neural space (Ex in Im and Im in EX), variance was more evenly distributed
across all components, resulting in a more gradual accumulation.

To quantify execution-imagination alignment, we used the alignment index
proposed in [10, 11, 14], which ranges from O (total orthogonality) to 1 (full
alignment). This index measures the ratio



over a given number of components of variance explained across spaces (such as Im
in Ex) relative to the variance explained within the same space (such as Im in Im).
Using 11 and 18 dimensions for execution and imagination, respectively, we found
alignment indices of 0.74 for imagination on execution and 0.75 for execution on
imagination (Fig. 2d). This means that the first 18 PCs computed from execution
activity still explain approximately 74% of the variance in imagination activity. Vice
versa, the first 11 PCs computed from imagination explain approximately 75% of
execution variance.

To interpret the alignment value between execution and imagination spaces, we
compared it to two controls derived from random sampling. In the first control, we
assessed whether the observed alignment exceeded that expected between random
subspaces sharing the same covariance structure as the original data. This control tests
whether the observed alignment merely arises from shared covariance constraints rather
than genuine similarity. In the second control, we shuffled execution and imagination
labels across trials, generating spaces that mix trial conditions while preserving trial-
level variability. In this scenario, we expect a relatively high alignment, since the resulting
spaces are identical in nature and correspond to an equally mixed set of trial conditions.
We found that alignment indices for both execution and imagination were significantly
higher than chance (p < 0.001, 1000 random samplings), indicating that execution and
imagination occupy partially aligned spaces: more aligned than expected by chance but
not perfectly overlapping. As a further validation, repeating the analysis on intertrial
activity yielded complete alignment between execution and imagination, not discernible
from the shuffled-labels alignment, as expected (Fig. S2).

We then identified the exclusive and shared neural subspaces using a separation
procedure similar to [14]. Briefly, to isolate condition-specific neural patterns, we
first extracted the trailing PCs of the opposite condition, retaining only those that
explained at most 1% of its variance. This ensured that the resulting components
captured activity exclusive to the condition of interest. Since the trailing components
for execution and imagination were computed independently, the two sets were not
guaranteed to be orthogonal. To address this, we applied a gradient descent—based
optimization that produced two orthogonal sets of axes representing the exclusive spaces.
The optimization minimized the reconstruction error between projections of the neural
activity onto these optimized axes and the corresponding projections onto the original
trailing PCs. Finally, the shared space was defined as the null space of the concatenated
exclusive spaces, thus capturing the neural variance not accounted for by either exclusive
subspace. Importantly, this procedure yielded a complete decomposition of the
variance captured by the global latent space into three distinct subspaces: exclusive



execution, exclusive imagination, and shared. An illustration of the main conceptual steps,
from the original recording space to the global latent space and its decomposition into
neural subspaces, is provided in Fig. S3.

Specifically, we identified a 13-dimensional exclusive execution (hereafter referred to
also as execution space) explaining 23.5% of execution variance, a 20-dimensional
exclusive imagination space (hereafter referred to also as imagination space) explaining
33.1% of imagination variance, and a 4-dimensional shared space accounting for 75.9%
of execution variance and 65.3% of imagination variance (Fig. 2e). We estimated the
intrinsic dimensionality of the three spaces by counting components explaining



more than 0.1%, 0.5%, or 1% of the variance in execution or imagination activity.
obtain a robust estimate, not affected by the specific set of recorded trials, we
repeated the procedure on 1000 bootstrap resamples of the original dataset generated,
by randomly sampling trials with replacement. The exclusive spaces, particularly the
exclusive imagination space, showed significantly higher dimensionality than the shared
space (Fig. S4) [14]. However, the relative
difference in dimensionality between exclusive and shared neural spaces decreased as the
variance threshold increased, reflecting the presence of more low-variance, potentially
noisy, components in the exclusive neural spaces.

Although we successfully identified exclusive and shared neural spaces, it was
essential to determine whether the variance they captured reflected mere noise or task-
independent activity, rather than task-relevant information. In other words, we asked
whether these neural spaces encoded the type of movement performed. To address this,
we assessed their behavioral relevance by projecting individual trials onto each space
and applying linear discriminant analysis (LDA) to decode the two executed and the
two imagined movements [10]. As a reference, applying the same decoding pipeline
directly to the recording space (comprising all channel-frequency band combinations)
yielded an accuracy of
93.3 # 4.4% for execution trials and 77.9 # 4.4% for imagination trials. When
evaluating the neural subspaces, for execution data, decoding accuracy was 90.0 #3.5%
(mean #standard deviation across 10 cross-validation folds) when projecting onto the
execution space and 85.0 #5.6% when projecting onto the shared space (Fig. 2f). For
imagination data, accuracy was 81.7 £5.1% in the imagination space and 68.0 #7.9%
in the shared space (Fig. 2f). Accuracies were significantly above chance (p < 0.001,
permutation test with label shuffling, 1000 repetitions). The normalized confusion matrices
for all classification analyses are displayed in Fig. 2g,h. In contrast, projecting activity
onto the opposite neural space resulted in significantly below-chance decoding
performance (p < 0.001, permutation test with label shuffling, 1000 repetitions),
consistent with previous reports by Jiang and colleagues [10]. Specifically, execution

trials projected onto the imagination space yielded an accuracy of 39.7 £7.2%, while

imagination trials projected onto the execution space achieved 38.6 £5.9%. This effect
likely arises from the construction of the exclusive neural spaces, which are optimized
to capture only a minimal fraction (=1%) of variance from the opposite condition, combined
with the use of single trials drawn from the same dataset used to compute the trial-
averaged trajectories that defined the neural spaces.

To



Frequency bands contribute differently to neural spaces

The identified execution and imagination manifolds are subspaces of the broader neural
space defined by the full spectral content of the neural data. Defined by covariance
patterns across channels and frequencies, these spaces let us dissect the individual
contributions of each frequency band to each coding modality. To quantify
individual feature contributions (i.e., channel x frequency combination) to a given
neural subspace, we multiplied the transformation matrix that projects the original
recordings into the global latent space by the matrix that projects the global latent space
into the target subspace. To enable comparisons across spaces, we normalized the
contributions within



each space, obtaining the percentage contribution of each feature to that space. Fig.
S5 shows the contributions of each channel across all neural spaces and frequency
bands, mapped onto the ECoG grid.

We computed the log ratios of the contributions of all features for all combinations of
neural spaces (Fig. 3a,b). The log ratios exhibited unimodal distributions in all cases,
as confirmed by the Hartigan dip test for unimodality (p = 0.98 for Ex/Im, p = 0.98 for
Ex/Sh, p = 0.99 for Im/Sh) [31]. This indicates that the contributions were generally
homogeneously spread across features, rather than being split into distinct sets of
features uniquely contributing to specific spaces, which would have resulted in
bimodal distributions.

To summarize the overall contribution of each frequency band, we summed the
contributions of all channels for each band separately (Fig. 3c). The largest contributions
were observed in the delta (19.4% for the exclusive execution space, 18.5% for the
exclusive imagination space, and 15.8% for the shared space) and high-gamma bands
(32.8% for the exclusive execution space, 28.9% for the exclusive imagination space, and
38.3% for the shared space). When comparing contributions across frequency bands, with
channels treated as the repeated-measures unit, a repeated-measures ANOVA revealed a
significant main effect of frequency band in all neural subspaces (Ex: F(6,186) = 50.79,
p < 0.001; Im: F(6,186) = 47.43, p < 0.001; Sh: F(6,186) = 38.30, p < 0.001). Post-
hoc paired t-tests (FDR
corrected) confirmed the U-shaped pattern, with delta and high-gamma showing
significantly higher contributions than other bands (Fig. 3d).

Our goal was to uncover potential patterns within specific frequency bands across
different neural spaces. To achieve this, we categorized the channels based on the two
brain regions covered by the implant: M1 and S1 (Fig. 3e). For each frequency band,
we performed a mixed-effects ANOVA to test if a main effect of the cortical region,
of the neural space, or of their interaction was present for a given frequency band. We
found a significant effect of the neural space for all frequency bands with the exception
of low gamma (J: F(2,60) = 4.66, p =0.018; #: F(2,60) = 15.63, p < 0.001; & : F(2,60)
=17.35, p < 0.001; Biow: F(2,60) =53.76, p < 0.001; Bhigh: F(2,60) =4.29, p =0.021; pnigh : F(2,60)
= 13.49, p < 0.001; p-values FDR corrected across frequency bands, Fig. 3f).
Notably, post-hoc paired t-tests (FDR corrected for neural spaces and frequency
bands) revealed that contributions in the alpha and low beta bands were significantly
higher in the imagination space compared to both the execution and shared spaces
(a(Ex —Im): t(31) =-6.54, p < 0.001; a(Im —Sh): t(31) =5.16, p < 0.001; Siow(Ex—Im):
t(31) = -8.54, p < 0.001; Siow(Im=Sh): t(31) = 8.57, p < 0.001). In delta and theta, the
shared space had the lowest contributions (6(Ex—Sh): t(31) = 2.57, p = 0.022,



o(Sh—=Im): t(31) = 2.69, p = 0.019; A(Ex —Sh): t(31) = 3.64, p = 0.002, &(Sh —Im):

t(31) = 6.04, p < 0.001).

In high beta, the execution space was the one with the lowest contributions (fShigh(Ex —Im): t(31)
=-3.53, p = 0.002, Bhigh(Ex —=Sh): t(31) = -2.53, p = 0.022).

Moreover, for theta, high beta, low gamma, and high gamma, we also found a
significant effect of the brain region. In theta, low gamma and high-gamma (6. F(1,30)
= 10.48, p = 0.010; yiow: F(1,30)
=7.59, p=0.017; pnigh: F(1,30) =24.00, p < 0.001; all p-values FDR corrected across
frequency bands), the contributions to S1 were higher than the ones to M1, while for
high-beta (fhigh: F(1,30) = 8.74, p = 0.014) M1 showed higher contributions than S1.
Finally, high gamma was the only frequency



band in which the interaction between neural space and region was significant
(F(2,60) = 6.47, p = 0.020). Differences across neural spaces revealed statistical
differences only in S1, where contributions to the exclusive imagination space were
lower than execution and shared spaces (Ex-Im: t(15) = 3.88, p = 0.004; Im-Sh: t(15)
=-4.34, p = 0.003).

Neural spaces maintain stable task-relevance across months

The analysis in Fig. 2 explores the relationship between neural spaces underlying
execution and imagination activity by pooling trials from the entire dataset. To assess the
stability of this relationship and its robustness across datasets acquired over multiple days,
sometimes spanning several months (Table S1), we employed a leave-one-session-out
(LOSO) approach. In this method, illustrated in Fig. 4a, neural spaces (including the
global latent space and the three neural subspaces) were identified using pooled trials
from three of the four sessions available (sessions 1,3,4, and 6, Tables S1, S2). The spaces
identified were then evaluated for their relevance on the left-out session.

We first started by assessing whether the relationship between execution and
imagination activity remained stable regardless of the combination of sessions used. The
dimensionality of the latent space was 40 #3 (mean #standard deviation) dimensions,
demonstrating overall consistency across the tested combinations (Fig. 4b). Similarly, the
dimensionality of the neural subspaces remained stable, with 14#1 dimensions for the
exclusive execution space, 20#2 dimensions for the exclusive imagination space, and 4 #
1 dimensions for the shared space. The execution space accounted for 26.62 #4.21% of
the variance in execution data, while the imagination space explained 36.46 £6.34% of the
variance in imagination activity. The shared space explained 72.66 #4.14% and 61.90 #
6.41% of execution and imagination activity, respectively (Fig. 4c). Complementary
results from a similar analysis including neural spaces identified from individual sessions
are presented in Fig. S6.

We then evaluated how the neural spaces generalized across days, finding that the
global latent space (Fig. 4d) explained 84.8 #4.9% of the variance in execution activity
not used to define the space, and 71.5 #7.9% of the variance in imagination activity.
Further projecting the neural activity from the left-out session onto the individual neural
subspaces (Fig. 4e) revealed that the execution variance captured by the global latent
space was distributed as follows: 21.1 #3.1% explained by the exclusive execution space,
11.0 #4.8% by the exclusive imagination space, and 67.9 £7.6% by the shared space. A

Friedman test revealed a significant main effect of subspace (*(2) = 8.0, p = 0.018).



However, post-hoc pairwise comparisons using Wilcoxon signed-rank tests with FDR
correction did not reveal any significant differences, likely due to the small sample size
(N = 4 sessions). For imagination activity, the variance explained by the global latent
space was divided into 23.5 #5.8% explained by the exclusive execution space, 22.7 +
6.8% explained by the exclusive imagination space, and 53.9

#11.4% explained by the shared space. These results suggest that the exclusive
imagination space acts as a stable functional null space for execution activity, capturing
low execution-related variance and, therefore, remaining partially orthogonal to it. In
contrast, this asymmetry does not hold for the exclusive execution space, as both exclusive
spaces explain comparable amounts of imagination-related variance.



To examine this further, we performed a cross-validation decoding analysis in
which trials from the left-out session were projected onto the different neural

subspaces. For execution trials, decoding accuracy reached 84.0 #7.3% (mean * standard
deviation across sessions) in the exclusive execution space, 76.0 £3.2% in the exclusive
imagination space, and 87.8 £6.1% in the shared space. When decoding imagination
trials, accuracies were 58.4 £5.7% in the exclusive execution space, 64.7 + 5.3% in

the exclusive imagination space, and 72.4 #13.6% in the shared space (Fig. 4f). All decoding
accuracies were significantly above chance (p < 0.001, permutation test against
chance distribution obtained via label shuffling, FDR corrected). A Friedman test
revealed a significant main effect of subspace for both execution activity decoding
(**(2) = 8.0, p = 0.018) and imagination activity decoding (y*(2) = 6.5, p = 0.039), but
post-hoc Wilcoxon signed-rank tests (FDR corrected) did not reveal significant
differences in any pairwise comparison.

Finally, we tested whether classifiers trained on neural spaces could generalize across
sessions. To do this, classifiers were trained on the projections of the trials used to identify
the neural spaces and evaluated on the trials from the left-out session, thereby
implementing a proper leave-one-session-out
(LOSO) cross-validation. A robust and stable neural representation would support accurate
generalization to the unseen session. For execution trials (Fig. 4g), projection onto the

exclusive execution space yielded an average decoding accuracy of 72.8 #6.1%, onto the

exclusive imagination space 53.1 #8.7%, and onto the shared space 79.0 #10.4%. Only

the execution and shared spaces achieved accuracies significantly above chance (Ex: p
=0.001; Sh: p =0.001; permutation test with chance distribution obtained via label
shuffling, N = 1000, FDR corrected). For imagination trials (Fig. 4h), decoding

accuracy reached 52.7 #6.5% when projecting onto the exclusive execution space, 62.7 #

3.3% onto the exclusive imagination space, and 61.4 #6.0% onto the shared space. In
this case, only the imagination and shared spaces yielded accuracies significantly
above chance (Im: p = 0.001; Sh: p = 0.001).

Notably, when tested with their corresponding neural activity, the exclusive spaces
exhibited greater stability across LOSO folds, as reflected by their smaller standard
deviations, compared to the opposite and shared spaces.

The exclusive imagination neural space generalizes to unseen imagined movements

Having defined execution and imagination neural subspaces from an equal set of executed
and imagined movements, we then asked how these spaces adapt when considering



imagined movements that cannot be physically executed. Although this breaks the
symmetry of directly comparing the same movements, it carries strong translational value.
For individuals with residual motor abilities, isolating an imagination-specific space,
while excluding variance shared with execution, could be especially useful for BMls.
Moreover, testing how this space accommodates new imagined movements reveals its
capacity to generalize beyond the movements used for its identification. To address this,
the participant was asked to imagine two additional movements: grasping (GRI), still
involving the upper limb, and walking (WLI), involving the lower limbs. We examined
how the exclusive imagination space differed when identifying the neural subspaces by
adding new movements either sequentially or directly to the original repertoire of
imagined reaching and wrist extension (Fig. 5a, Table S2).



As expected, EMG activity of the lateral deltoid and extensor digitorum remained flat
during these imagined movements (Fig. 5b). The time—frequency decompositions for
the two added movements are shown in Fig. 5c for the same example channel as in Fig.
1h (see Fig. S7 for the corresponding neural activity envelopes).

We first tested whether including new movements would misalign the exclusive
imagination spaces by computing principal angles, which quantify the orientation between
neural spaces, with smaller angles indicating stronger alignment. Angles were calculated
between spaces defined with the original two movements (Im2: reaching, wrist
extension), with grasping added (Im3), and with both grasping and walking added (Im4).
To test whether the alignment exceeded chance, we disrupted the covariance structure of
the additional movements using Tensor Maximum Entropy (TME) surrogates [32], while
keeping reaching and wrist extension fixed. Observed angles were consistently smaller
than chance (Im2—Im3: 7/19 angles significantly smaller than chance; Im3—Im4: 17/20
angles; Im2—Im4: 14/20 angles; p < 0.01, FDR corrected), aside from the expected
overlap in early components from the constant movements, confirming robust alignment
of the exclusive imagination spaces (Fig. 5d).

The dimensionality of the three neural subspaces when including additional imagined
movements are shown in Fig. 5e. With two imagined movements, the exclusive execution,
exclusive imagination, and shared spaces were 13D, 20D, and 4D, respectively (Fig. 2e).
Adding imagined grasping left these values largely unchanged (exclusive execution: 14D,
exclusive imagination: 20D, shared: 3D). In contrast, including imagined walking
increased the dimensionality of the imagination space (exclusive imagination: 25D,
exclusive execution: 14D, shared: 4D).

We next tested how the neural spaces identified with two movements would
generalize to additional unseen movements. Specifically, the three subspaces derived from
imagined reaching and wrist extension were used to project data from imagined
grasping and walking (Fig. 5f). The global latent space captured ~80% of the
variance of these unseen movements, which decomposed into 16% in the exclusive
execution space, 16% in the exclusive imagination space, and 68% in the shared
space (Fig. 5g). To assess discriminability, all single trials from the four imagined
movements were projected onto each subspace and classified using a 10-fold cross-
validation ensuring the same folds were used across neural spaces. The decoding
accuracies were 33.7 #4.9% (mean #£standard deviation across folds) in the exclusive
execution space, 57.9 #4.1% in the exclusive imagination space, and 55.4 #5.3% in
the shared space (Fig. 5h,i). All accuracies were significantly above chance (p <
0.001, permutation test with label shuffling, 1000 repetitions, FDR corrected).



Decoding accuracies differed across neural subspaces (Friedman test: x?(2) = 15.8,
p < 0.001). Post-hoc Wilcoxon signed-rank tests (FDR corrected) showed that
both the shared and exclusive imagination spaces outperformed the execution space
(Ex—Im: W =0, p = 0.003; Ex-Sh: W =0, p = 0.003). The reciprocal confusion
between REI and WEI observed in Fig. 5i when projecting onto the exclusive
execution space is consistent with the cross-space decoding behavior described above
for the neural spaces identified in Fig. 2 and reflects the construction of the exclusive
neural spaces.

For subsequent analyses, the neural spaces optimized to include all four imagined
movements alongside the same executed movements were used (Fig. 6a). The neural spaces
were jointly re-identified from scratch within the same optimization framework; as a
result, the newly identified exclusive



execution and exclusive imagination spaces were orthogonal by construction. Fig. 6b
shows the full variance decomposition across the three orthogonal subspaces: the 14D
exclusive execution space accounted for 17.0% of execution variance, the 25D exclusive
imagination space 27.3% of imagination variance, and the 4D shared space 81.4% and
72.0% of execution and imagination variance, respectively (individual PCAs are shown
in Fig. S8). We then assessed the behavioral relevance of these spaces via decoding
(Fig. 6¢). As a reference, applying the same decoding pipeline directly to the recording
space to classify the four imagined movements yielded an accuracy of 67.3 #4.5%. When
evaluating the neural spaces, for execution trials, accuracies were 90.0 #4.7% in the
exclusive execution space and 88.0 # 3.8% in the shared space. For imagined trials,
accuracies were 71.6 #4.4% and 56.0 £3.4% for the exclusive imagination and shared
spaces, respectively. All accuracies were significantly above chance (p < 0.001,
permutation test with label shuffling, 1000 repetitions). Corresponding confusion
matrices are shown in Fig. 6d and Fig. 6e for execution and imagination, respectively.
Consistent with the results obtained when considering only two imagined movements,
projecting activity onto the opposite neural space yielded significantly below-chance
decoding accuracies. Specifically, execution trials projected onto the imagination space
resulted in an accuracy of 44.8 #7.8% (p < 0.05), while imagination trials projected onto

the execution space achieved 20.8 #£2.8% (p < 0.01).

Exclusive neural spaces enable the separation of concurrent imagination and
execution activity

Once the neural spaces for both execution and imagination were identified, we
hypothesized that the exclusive neural subspaces could effectively disentangle the
corresponding activities during concurrent execution and imagination. To test this, the
participant took part in additional dual-task sessions (see Tables S1, S2, S3), where he
was instructed to perform a movement while simultaneously imagining another. The
participant was explicitly instructed to execute both tasks concurrently rather than
sequentially.

Within the full experimental paradigm, several execution-and-imagination pairings
were possible. In particular, we compared the encoding of different imagined actions
while the participant performed the same physical action, and the encoding of different
executed actions while he imagined the same action. There were three possible
combinations involving the execution of a reaching movement: reaching while
imagining a wrist extension, imagining grasping, or imagining walking (Fig. 7a, case



1). Two combinations were considered when performing the wrist extension
movement: extension while imagining reaching or imagining walking. The combination of
executing a wrist extension while imagining grasping was excluded, as it was deemed too
counterintuitive and unnatural (Fig. 7a, case 2). Among these combinations, we also
focused on the comparison between imagining walking while executing a reaching
movement or a wrist extension (Fig. 7a, case 3).

In cases 1 and 2, where the executed movements remain constant and the imagined
movements change, we expect to distinguish the imagined movements by projecting the
neural data onto the exclusive imagination space. Conversely, in case 3, where the
executed movements change while the imagined movement remains constant, we expect
that the exclusive execution space will enable us to



distinguish between the two executed movements. Fig. 7b illustrates our hypothesis.

Examples of neural activity across all frequency bands and movement combinations
are shown in Fig. S9. EMG activity of the target muscles highlighted the strong
modulation of the muscle engaged in executed movements and the lack of activity in the
other target muscle (Fig. 7c¢). When projecting the trial-averaged neural activity from
dual-task trials onto the neural subspaces previously identified from the single-task
datasets, we found that the global latent space explained 90% of the variance. Of this,
14% was explained by the exclusive execution space, 16% by the exclusive imagination
space, and the remaining 72% by the shared space (Fig. 7d).

To assess whether different movements could be decoded, we employed two
distinct approaches. In both cases, dual-task neural activity was projected onto neural
spaces derived from the single-task dataset. The first approach focused on evaluating the
reliability of the neural representations themselves by performing cross-validation within
the projected dual-task data, allowing classifiers to learn from the new data
distribution. The same fold splits were used across neural spaces. Fig. 7e presents
the results obtained by applying this approach separately for the three movement
sets. In case 1 (executed reaching, three-class problem), decoding was significantly
above chance in all spaces (p < 0.001, permutation test with 1000 shuffles, FDR
corrected), with mean accuracies of 57.1 #7.5% in the exclusive execution space, 54.6

#5.5% in the exclusive imagination space, and 62.0 #4.5% inthe shared space. A
Friedman test revealed a significant effect of neural space (y*(2) = 9.8, p = 0.007),
although no significant differences were observed in pairwise post hoc comparisons. In
case 2 (executed wrist extension, binary classification), all spaces again supported
decoding above chance (p

< 0.001). Accuracies were 70.5 #4.7%, 67.6 #7.3%, and 75.5 #8.9% for the execution,
imagination, and shared spaces, respectively. In case 3 (imagined walking), decoding of
executed movements was above chance in all spaces (p < 0.001; execution: 79.5 #

4.9%, imagination: 63.0 #9.5%; shared: 83.1 #8.0%). A Friedman test confirmed a
strong effect of neural space (¥*(2) = 13.4, p = 0.001), and post-hoc Wilcoxon signed-
rank tests showed that the imagination space performed significantly worse than both
the execution and shared spaces, consistently with our hypothesis (Ex—Im: W =15, p
=0.009; Im-Sh: W = 0.0, p = 0.005).

In the second decoding approach, we tested whether a classifier trained on the single-
task data could generalize to the dual-task condition by recovering similar neural
dynamics. Specifically, a classifier trained on the single-task dataset was applied to
the projected dual-task data without retraining. Fig. 7f shows the decoding results for



this approach. In case 1 (executed reaching), significant decoding accuracy was reached
only when projecting onto the exclusive imagination space, where accuracy was 46.3%
(95% CI: [42.2, 50.6]; p = 0.003, permutation test with 1000 shuffles, FDR corrected).
No significant decoding was observed in the exclusive execution space (33.6%, 95% CI:
[29.5, 37.6]) or in the shared space (38.2%, 95% CI: [33.9, 42.1]). Differences in decoding
accuracy across spaces were assessed with a paired permutation test (N = 1000), in which
predictions were randomly swapped between spaces on a trial-by-trial basis and the
resulting difference in balanced accuracy was recomputed. P-values were FDR-corrected.
Decoding in the imagination space was higher than in the execution (p = 0.003) and shared
(p = 0.016) spaces. In case 2 (executed wrist extension), none of the spaces supported
significant decoding, although the imagination space was the



one yielding the highest accuracy (58.2%, 95% ClI : [54.0, 62.1]; p = 0.07 when compared
to chance level, FDR corrected). When comparing decoding performance across neural
spaces, the execution space (46.9%, 95% CI : [42.4, 51.7]) yielded significantly lower
accuracies than both the imagination space (p = 0.006) and the shared space (53.8%, 95%
Cl : [51.0, 56.6]; p = 0.04). In case 3 (imagined walking), decoding was significant in
the exclusive execution space (71.7%, 95% CI: [66.7, 76.0]; p

= 0.001) and in the shared space (75.3%, 95% CI: [71.1, 79.3]; p = 0.001). The decoding in
the

imagination space showed a trend towards significance (55.5%, 95% CI: [49.7, 60.9];
p = 0.053). In this case, permutation tests revealed that decoding accuracy in the
imagination space was significantly lower than in both the execution space (Ex—Im: p
= 0.001) and the shared space (Sh—Im: p = 0.001). Results were consistent across
time window lengths and levels of variance retained. Notably, in the imagined
walking condition (case 3, where executed movements were decoded), the
exclusive execution space outperformed the shared space when less variance was
retained during classifier

training, suggesting it isolates highly task-relevant variance (Fig. S10 and Table S4).
Finally, Fig. 7g shows the smoothed, averaged neural trajectories of single-task
movements and their dual-task counterparts, projected onto the neural spaces of interest
for the two movement combinations with significant decoding performance (cases 1 and
2). These projections reveal similar dynamical patterns between single- and dual-task

activity, particularly evident for the executed movements in case 3.

Discussion

In the context of BMIs, a key challenge lies in disentangling the neural activities
underlying motor imagination and execution, particularly when they occur
simultaneously, as this overlap can lead to neural cross-talk and compromise the
independent control of external devices. Addressing this challenge has important
implications in improving BMI control in individuals with residual motor function.
To tackle this, we turned to mesoscale signals and adapted the neural manifold
framework, originally developed for spiking activity, to ECoG recordings. This
allowed us to validate and extend prior findings on the structure of motor representations,
and to demonstrate the suitability of mesoscale neural dynamics for coordinated and
independent control in BMI applications.

When transitioning from spiking activity to mesoscale activity, it remains unclear
whether neural representations identified at higher definition generalize to the



mesoscale level when recording from broader areas and at a lower spatial resolution. For
instance, differences were observed when considering a preserved manifold encoding a
repertoire of movements, where temporal dynamics were maintained in spiking activity
[8, 33] but not necessarily in ECoG recordings [34]. Our findings succeed in extending
a manifold approach to mesoscale neural dynamics measured via ECoG, providing
insights into the relationship between the encoding of motor execution and
imagination. In agreement with studies on spiking activity that explore motor
execution and its relationship to motor imagination [14], and observation [10], we also
identify a subspace of shared covariance between execution and imagination (Fig. 2).
We found that the exclusive spaces, especially imagination, had significantly higher
dimensionality than the shared neural space (Fig. S4), suggesting that they capture
more



intricate patterns and dynamics, as previously suggested [14]. Decoding analyses (Fig.
2f,h) confirmed that these subspaces retain behaviorally relevant information,
emphasizing their functional significance. It is worth noting that our decoding efforts
aimed primarily to demonstrate the presence of task-related information, and further
refinement of models could potentially improve decoding performance within these neural
spaces.

The adaptation of this framework to mesoscale neural dynamics also involves
defining neural spaces as covariance patterns across channels and frequency bands. We
observed a U-shaped pattern of frequency contributions (Fig. 3c,d), with delta and high-
gamma bands showing the highest contributions. This is consistent with previous studies
that highlight the role of these frequency bands in motor control [22, 34] and their
correlations with underlying neuronal population dynamics [35-39]. When comparing the
frequency band contributions across spaces (Fig. 3f), we found that the imaginary space
exhibited significantly higher contributions in the alpha and low-beta bands. These
findings align with studies that have identified modulations in these bands for motor
imagery decoding in BMIs [1, 40, 41]. We also examined contributions from the M1
and S1 regions. Notably, there was little difference between their contributions,
supporting the idea of a role for the primary somatosensory cortex in cognitive
imagery and motor production without sensation [42]. A significant interaction between
neural spaces and brain regions was observed for high gamma activity, reinforcing its
key role in motor modulation [1, 34]. In this case, the shared and exclusive execution
spaces showed higher contributions than the exclusive imagination space only for the
channels located over S1, which might highlight the absence of sensory feedback during
the imaginary process. From the distribution of contributions on the ECoG grid (Fig.
S5), we observed that the contributions of the high beta band to the shared space
appear to be higher in M1 than in S1, likely reflecting the strong modulation
observed across conditions in this frequency band. Similarly, a localized increase in
the contribution from the more lateral channels in S1 appears for the low-gamma
band, which may be associated with a more localized modulation of the hand and
arm regions within the somatotopic organization of the sensorimotor cortex. In this
study, we chose to analyze the combined regions to maintain a higher dimensionality
in the original recording space and to incorporate potential covariance patterns between
regions that may be essential for identifying neural spaces, but we acknowledge that
an alternative approach could be to perform the whole analysis onto the two regions
separately.

A key focus of our analysis was assessing the stability and robustness of neural
spaces across different sessions recorded in different days (Fig. 4a). The partial



overlap between the neural representations of motor execution and motor imagery remained
consistent across session combinations (Fig. 4b,c) and within individual sessions (Fig.
S6). However, when applied to data recorded on different days, neural spaces faced
challenges in consistently capturing variance, highlighting the complexity of
generalizing these representations over time. We found that the global latent space
was relatively stable for execution activity, explaining a large fraction of variance in
held-out sessions, but exhibited reduced stability for imagination activity. This
asymmetry may reflect a combination of gradual neural drift affecting both conditions
and the intrinsically higher session-to-session variability of motor imagery. In this
context, learning-related effects are unlikely to be a primary contributor, as no
feedback was provided to the participant and sessions were separated by several
months.



There are two essential properties of these neural subspaces: they are orthogonal to
each other and representative of their corresponding activity, capturing task-relevant
variance. These properties are independent. The exclusive imagination space
remained partially orthogonal to execution activity, capturing significantly less
execution-related variance than the other spaces (Fig. 4e€). In contrast, the exclusive
execution space failed to maintain full orthogonality, capturing a large portion of
imagination-related variance. This asymmetry likely reflects the greater variability of
motor imagery compared to execution, which is generally more stable across
sessions. Under these
conditions, explaining a large fraction of variance does not necessarily imply
preservation of task-relevant structure. Consistent with this, the within-session decoding
analysis (Fig. 4f) showed that execution decoding performance decreased when data
were projected onto the exclusive imagination space. However, accuracy remained
significantly above chance, suggesting only partial orthogonality: even a small
fraction of variance in the opposite space carried behaviorally relevant
information. Conversely, although
both exclusive spaces captured comparable amounts of imagination-related variance,
decoding performance was substantially higher when projecting onto the imagination
space. This can indicate that it preferentially captured variance components that were
more stable across sessions and more specifically aligned with the imagined
movement condition. Despite this, both
exclusive spaces exhibited robust decoding performance when classifiers were tested
across sessions (Fig. 4g,h), indicating that task-relevant information was well preserved.
Their performance was comparable to, and in some cases exceeded, that of the shared
space, even though the latter accounted for a larger proportion of variance. While
we recognize that greater stability might have been achieved by applying session
alignment before projecting neural subspaces, we opted for a simpler approach tailored
to translational applications [14, 27, 43]. The goal of this approach is to mimic the
process of identifying neural spaces in calibration sessions, allowing them to be
directly applied in future BMI sessions. Moreover, recent evidence suggests that
accumulating data across multiple sessions could help establish a more stable, time-
independent neural representation. This, in turn, may facilitate the development of
generalizable classification boundaries that remain consistent over time [44].

We investigated the generalization ability of the exclusive imagination space by
assessing how it changed when new movements were added to the repertoire used to
define it. Our results (Fig. 5d) showed that progressively including new movements led
to the identification of similarly oriented neural spaces. However, the degree of overlap



depended on the nature of the added movement: while including imagined grasping
resulted in partial but aligned changes that primarily affected higher-order dimensions,
incorporating imagined walking induced a more global yet still aligned reshaping of the
imagination space, influencing also its dominant dimensions. In addition, a modular
composition was suggested by the increase in dimensionality observed when imagined
walking was used in the identification of the neural spaces. We speculate that including
imagined grasping to reaching and wrist extension did not increase dimensionality
because it belongs to the upper-limb network, whose activity was already largely captured
by neural modes spanning the reaching and wrist extension movements. In contrast,
incorporating walking required the space to expand and include new neural modes
associated with lower-limb activity (Fig. 5e). Decoding results (Fig. 5h-i) further
showed that the exclusive imagination space yielded the best discriminability, even
when tested with unseen



movements. This indicates that the space captured not only movement-related variance
for the defining set of movements, but also condition-related variance linked to the
imagination process. From a translational perspective, this suggests that exclusive
spaces can generalize to unseen movements without substantial changes in orientation.
Ideally, with a carefully chosen repertoire, one could define a global imagination space
spanning many movements and robust to the addition of others without
recomputation. However, in this study, we tested only a limited set of imagined
movements, and executed movements were constrained by our participant’s residual
functions. Further work including more movements (both imagined and executed) will
be required to validate our findings.

The decoding analysis performed when all four imagined movements were used to
identify the neural subspaces (Fig. 6e) showed that grasping and walking were the two
best classified, likely reflecting their stronger neural modulation observed in the time-
frequency decompositions (Fig. 5c). This stronger modulation may stem from their
inclusion in the participant’s BMI training protocol. An additional explanation is that
these movements may represent attempted rather than purely imagined actions, meaning
the participant actively tried to execute them, but failed due to the spinal lesion.
Attempted movements conceptually lie between executed and imagined ones: they
lack sensory feedback typical of execution, but also lack the inhibitory control
characteristic of motor imagery [5]. However, considering the generalization results in
Fig. 5h, it is reasonable to conclude that these movements more closely follow the
dynamical structure of imagination. From an application perspective, attempted
movements can be treated as imagined movements in future BMlIs developed under our
framework, since both constitute “mental tasks” to be decoded alongside goal-directed
executed movements.

In Fig. 7, we showed the potential of condition-specific neural spaces as effective tools
for separating execution and imagination activities when they occur simultaneously. As
mentioned above, this becomes directly relevant in scenarios where a participant with
residual movements engages in a BMI task. The objective is to decode imagined
movements while allowing concurrent execution of other movements, ultimately
improving motor control and enhancing the overall BMI experience. These findings,
presented in Fig. 7e, align with the stability analysis results shown in Fig. 4. Given the
challenge of maintaining orthogonality to imagination activity when projecting new data
onto the execution space, we observed significant decoding performance even when
projecting trials onto the exclusive execution space in cases 1 and 2 (reaching executed
and wrist extension executed). This effect emerged when the classifier was allowed to
adapt to the data distribution of the dual-task condition, suggesting that neural



representations onto the execution space still contained behaviorally relevant information
about the imagined movements. Importantly, this effect may reflect a combination of
residual coupling between execution and imagination representations and task-
dependent modulation of execution activity. Dual-task conditions are cognitively more
demanding, and subtle but systematic variations in the execution of an otherwise identical
movement may occur depending on the concurrently imagined movement. Such variations
could be captured by the execution space and thereby support decoding across different
imagined conditions. In contrast, the exclusive imagination space remained more
orthogonal to execution activity, which markedly reduced the ability to decode the two
executed movements when projected onto it (case 3). Moreover, it is noteworthy that the
decoding performances



of the exclusive spaces were comparable to those of the shared space, despite the shared space
capturing more variance. This suggests that the exclusive spaces are more task-relevant
than the shared space, a trend that aligns with other decoding results presented in this
study (Fig. 2f, Fig. 4h, Fig. 6c). Crucially, the results in Fig. 7 reveal that the neural
patterns identified by the classifiers in the single-task datasets can also be detected
and utilized when applied to dual-task data. Although decoding was unsuccessful
when the wrist extension was executed (case 2), the overall decoding patterns across
all three cases were consistent with our hypothesis of disentanglement through neural
spaces.

This study indicates that a neural manifold approach can be adapted to mesoscale
neural activity, enabling the identification of spaces related exclusively to motor execution
and imagination. In doing so, we reinforce the view that manifold-based approaches are
broadly applicable across BMI recording modalities, from multiunit activity to ECoG.
In line with this, recent work has also shown that signals similar to ECoG, such as
those obtained with stereoelectroencephalography (SEEG), can be used to extract motor-
related latent spaces [45, 46]. Beyond advancing basic understanding, our framework
shows promise for improving BMlIs by disentangling concurrent imagined and executed
movements. Several challenges remain in terms of clinical translation. Robust long-term
generalization across days and months needs to be improved, and validation in additional
patients will be necessary. Electrode placement may also influence cortico-cortical
covariance patterns, potentially altering the geometric properties of the identified spaces.
Another important next step will be to evaluate the feasibility of this framework in real -
time decoding scenarios, in which classifiers must operate on short, continuously
updated time windows rather than full movement trajectories. In such settings, task-
dependent changes in neural activity arising from closed-loop BMI control will need to
be taken into account. Neurofeedback and closed-loop control have been shown to
enhance BMI performance by promoting more consistent voluntary modulation of neural
signals and constraining population dynamics toward stable neural representations [1, 22,
44, 47-49]. In particular, recent work by Natraj and colleagues [22] demonstrated that
neural representations of imagined movements are more stable in closed-loop than in
open-loop settings, largely due to a reduction in neural variance. Within our
framework, such variance reduction could be especially beneficial, as the long-term
maintenance of orthogonality between execution and imagination spaces depends
critically on the consistency of motor imagery—related neural activity across days. A
reduction in neural variability would therefore be expected to support the identification
of a more stable exclusive imagination space, potentially improving both
orthogonalization over time and suitability for online BMI applications. Future work



should also compare this geometric framework with alternative approaches. More
complex decoders and artificial neural networks could model execution and imagination
spaces. While our approach is a principled method for identifying linear, interpretable
neural spaces, representational orthogonality can be enforced also in recurrent neural
networks [50]. Although such models risk reducing interpretability, they could capture
non-linear relationships and leverage transfer learning to address generalization across
subjects and sessions.

Some important limitations should be considered when interpreting these results. Firstly,
our



analysis was restricted to a single patient, and replication in a larger cohort will be
essential to establish the generalizability of our findings. Nonetheless, prior work
indicates that motor encoding exhibits conserved patterns across individuals of the same
species [26, 27], supporting the view that similar geometric structures linking execution
and imagination are likely preserved. Moreover, our results extend the findings in
multiunit activity from two participants in [14], representing a step toward generalizing
this geometric relationship between execution and imagination across neural activity
scales. Second, the repertoire of movements we tested was limited by experimental
constraints and by the participant’s residual functions. While our results suggest that
exclusive imagination spaces are robust and adaptable, broader testing with additional
executed and imagined movements will be required. Finally, all experiments were
conducted in open-loop experimental paradigms. Testing our approach in real-time
closed-loop conditions will be a critical step toward assessing its translational potential
for BMI applications.

Overall, this work opens new avenues for clinical and neuroengineering applications.
By disentangling imagined activity from concurrent execution, it offers a strategy to
support mobility and independence in paralyzed patients with residual motor function.
Specifically, our study introduces a geometric method to identify an execution-null
space, which could be harnessed to control additional degrees of freedom during
concurrent movements, representing a promising step toward more versatile and
effective motor restoration strategies. Beyond motor restoration, our framework may
have broader implications. For example, recent studies on speech neuroprostheses
have shown that distinct latent dimensions are required to separate produced from
imagined (inner) speech [51], and that perceived speech can generate false positives
in speech BMIs [52]. By identifying exclusive produced speech spaces orthogonal to
imagined or perceived speech spaces, our approach could help address these
challenges and reduce the risk of decoding inner thoughts or unintended inputs.



Methods

Participant

All data in this study were recorded from a 34-year-old male participant with
incomplete tetraplegia resulting from a C6 spinal cord injury. Fourteen years post-
injury, the participant was bilaterally implanted in November 2019 with the
WIMAGINE epidural chronic wireless ECoG device as part of clinical trial
NCT02550522 [53]. The clinical trial was approved by the French authorities:
National Agency for the Safety of Medicines and Health Products-Agence nationale de
sécuritée du médicament et des produits de sante (ANSM) with the registration
number: 2015-A00650-49, and the ethical committee (Committee for the Protection
of Individuals - Comite de Protection des Personnes - CPP) with the registration
number: 15-CHUG-19. Written informed consent was obtained from the participant
prior to the study. The participant retained residual movements, particularly in the
elbow flexors (American Spinal Injury Association Scale - ASIA score of 5) and wrist
extensors (ASIA score of 3) [54]. This study was carried out 5 years after implantation.

The WIMAGINE device consists of 64 planar electrodes, each 2.3 mm in
diameter, with an inter-electrode spacing of 4-4.5 mm [30]. Due to limited data rates
from the restricted radio link and a malfunction of the right implant, 32 electrodes from
the left implant were selected in a checkerboard-like pattern for the experimental sessions
of the present study. Since the implantation, the participant has been trained to control
various real and virtual effectors via a brain-machine interface (BMI), utilizing mental
imagery and his residual movements.

Medical reconstruction images providing information on the implant location were obtained
using Freesurfer [55], BrainStorm [56], and MeshLab [57].

The authors affirm that the participant also provided informed consent for publication
of the image in Fig. 1d.

Experimental setup

Recordings from seven of eight sessions conducted over 18 months were included in the
analysis (Table S1); one session was excluded due to recording issues. Trials in these
sessions involved either executed or imagined movements with the right arm. The
sessions were divided into two types: single-tasks, which featured only one movement
(either executed or imagined), and dual-tasks, which combined one executed movement
with one imagined movement. Specifically, sessions 1, 3, 4, and 6 were single-task
sessions, while sessions 2, 5, and 8 were dual-task sessions (Table S2).



During the sessions, the participant sat in front of a screen that displayed instructions
for each trial. A trial began with a pictogram representing the movement for that trial,
initially shown in gray asa Cue signal. After 2 seconds, the pictogram turned bright blue,
signaling the Go phase. The participant then executed or imagined the movement for 4
seconds, aided by a progression bar displayed below the pictogram to assist with timing.
If the movement was completed before the 4 seconds elapsed, the participant was
instructed to hold the final position, both in execution and imagery tasks. Each trial
concluded with a 4-second intertrial interval, resulting in a total trial duration of 10
seconds.

The movements used in the experiment included reaching and wrist extension of
the right arm, contralateral to the ECoG implant, which were selected based on the
participant’s residual motor



capabilities. For imagined movements, the tasks additionally included imagined walking
and imagined grasping, which were introduced starting from session 4. Beginning with
this session, EMG activity was recorded to monitor the participant’s compliance with the
tasks. The EMG signals were collected in bipolar fashion using the Noraxon Delsys
system connected to a LabJack data acquisition device, with six channels over the flexor
digitorum, extensor digitorum, triceps, biceps, trapezius, and lateral deltoid muscles. The
extensor digitorum and lateral deltoid were selected as the target muscles to assess
contraction levels during wrist extension and reaching movements, respectively.

Each session was organized into blocks, which varied depending on the type of
session. In single-task sessions, three types of blocks were included: one containing
executed and imagined trials for reaching movements, another containing executed and
imagined trials for wrist extension movements, and a third with only imagined trials for
walking and grasping movements. Each block contained either 20 or 30 trials, balanced
across conditions and presented in random order.

In dual-task sessions, two types of blocks were used. In the first, executed reaching
movements were paired with one of three imagined movements: wrist extension, walking,
or grasping. In the second, executed wrist extension movements were paired with either
imagined reaching or imagined walking. Trials combining executed wrist extension with
imagined grasping were excluded due to the task difficulty. Within each block, every
condition was repeated either 10 or 12 times in random order. The order of the blocks was
randomized for each session.

Data acquisition and signal preprocessing

Data were acquired using the WIMAGINE implant [30]. Preprocessing was initially
performed by the implant, which applied analog bandpass filtering with a bandwidth of
0.5-300 Hz. After digitization, a digital low-pass FIR filter with a cutoff frequency of
292.8 Hz was applied to further refine the signals.

Subsequently, the ECoG data were processed offline following a similar approach to
that described in [34]. First, signals were bandpass filtered using a 5th-order Butterworth
filter with cutoff frequencies of 1-250 Hz. A common median reference filter was then
applied across channels to mitigate the effects of shared noise or artifacts. Next, the
envelope of the signal was extracted for seven frequency bands spanning the full signal
range: ¢ (1-4 Hz), 0 (4-7 Hz), o (7-13 Hz), low p (13-22 Hz), high g (22-37 Hz),
low y (37-60 Hz), and high y (60-250 Hz). This was achieved by bandpass filtering
the signals within the corresponding frequency ranges using a 5th-order Butterworth
filter, followed by computing the magnitude of the Hilbert-transformed signal. To reduce



noise, particularly in the higher frequency bands, the envelope was smoothed using a 500-
millisecond moving mean filter. Data were then subsampled to 100 Hz and mean centered
per block.

Trials were then epoched by aligning the signals to the Go signal. For this study, the
entire movement period, lasting 4 seconds, was analyzed. To facilitate the main analysis,
trials were concatenated across sessions, creating a single dataset. Trials exhibiting
artifacts, characterized by sudden signal jumps, were visually inspected, identified and
excluded using a first-derivative threshold-based approach (derivative =0.3). More
details on the total number of trials analyzed per experimental condition and session
are provided in Table S3.



For normalization, signals from each session, channel, and frequency band were z-
scored relative to baseline activity to remove session-dependent fluctuations. The baseline
was defined as the signal recorded during the 1-second time window spanning [-3.5, -
2.5] seconds relative to the Go signal (or [-1.5, -0.5] with respect to the Cue signal).
Baseline normalization was performed by subtracting the mean and dividing by the
standard deviation of the baseline. To improve robustness, the baseline metrics were
computed as the average across all trials within a session.

Neural subspaces identification

The methods used to identify neural subspaces are based on a slight adaptation of those
presented by Dekleva and colleagues [14]. The goal of this procedure was to identify
lower-dimensional spaces that selectively capture the variance of execution activity,
imagination activity, or their shared components. We started from trial-averaged data
matrices for each condition:
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where M is the number of concatenated movements, T = 400 is the number of time
samples per movement (4 seconds), and Dt = 224 corresponds to the number of
neural features (32 channels

x7 frequency bands). Each row of these matrices represents the full neural trajectory
in the original recording space during either execution or imagination. ldentifying
subspaces within this high-dimensional space amounts to extracting structured
covariance patterns across channels and frequency bands. The procedure involved three
PCA-based steps and a final gradient descent-based optimization step:

(1) Construction of a global latent space. The first step was to reduce the dimensionality
of the original recording space while ensuring that the resulting latent space captured
both execution and imagination activity without bias toward either condition. If we had
simply concatenated execution and imagination data and applied PCA, the variance
structure of the higher-variance condition would dominate the latent space. To avoid this,
we performed PCA separately on execution (Datag,) and imagination (Dataim) activity.
For each condition, we retained the number of principal components (PCs) required to
explain 99% of the variance, yielding rotation matrices

Wgy € RPtot X DEx | Wi, € RPtot X Drm



To obtain a single latent space spanning both sets of activity, we concatenated the
two rotation matrices and performed Singular VValue Decomposition (SVD). The left
singular vectors defined an orthonormal basis

L € RPtotXPL D, = Dp. + Dpp,

which we refer to as the global latent space. Finally, we projected the neural data
into this latent space, yielding low-dimensional trajectories Datagy, , Datay, .



(2) Identification of exclusive subspaces. To facilitate the identification of neural subspaces
exclusive to execution or imagination, we performed a second PCA step on Datagx |
and Dataim_. For example, to isolate a subspace exclusive to imagination, we focused
on the trailing PCs computed on Datagy . By construction, these PCs explain minimal
variance in execution data while they could potentially capture variance relevant to
imagination. We selected Dex-nui, the number of PCs explaining less than 1% of
execution variance, and formed the execution-null space Ugy_,y € RPLXPEx—null,
Similarly, to find an execution-exclusive space, we performed the same analysis on the
trailing PCs of

Datajm (, Yielding the imagination-null space Ujy,—nuu € RPL*Prm-nutt - This
procedure ensures that the exclusive subspaces capture variance minimally present in
the opposite condition, aligning with our goal of functional exclusivity.

(3) Extraction of exclusive latent activity. We obtained the exclusive-imagination activity
by projecting

Data;m_L onto Uex-nan. This latent activity represents neural activity specific to imagination
in a space where virtually no modulation occurs for execution.

A subsequent PCA was performed on this projected activity to retain the leading
Dexci-im components explaining 99% of the variance, yielding Wg,ci—im €
RPEx-nuuxPexci-im . This step reduces dimensionality and discards components
likely dominated by noise. By multiplying the two rotation matrices,

Uex-nun and Wexc-im, We defined a single transformation projecting imagination activity
into a

low-dimensional subspace containing variance exclusively relevant to imagination,
Sexci—im € RPL*PExci-im onto which projecting latent activity from both conditions
(Dataex_, Dataim ) yields imagination-specific responses. A similar procedure was
applied to identify the execution-exclusive subspace.

(4) Orthogonalization of exclusive subspaces. Although Sgxci-im and Sgxci-ex are
derived from independent PCAs on the global latent space, they are not guaranteed to
be perfectly orthogonal. To refine these subspaces and enforce orthogonality, we used
the Python toolbox Pymanopt to optimize the manifolds via gradient descent [58].
This optimization minimized the sum of squared errors between the exclusive
responses obtained in Step 3 and those obtained when projecting Datagy . and Dataim
onto subspaces Qexc-ex and Qexc-im, Which were constrained to be orthogonal
components of the same orthonormal matrix defined on a Stiefel manifold, M &

RPL*(Pexei-extDexa-im) | thereby ensuring orthogonality of the exclusive subspaces.



Finally, the shared subspace Qsn, capturing variance common to both execution and
imagination neural activity, was determined as the null space of Q = [Qexcl-ex, Qexci-im],
where the brackets indicate concatenation. The dimensionality of the latent space was
thus decomposed as:

DL = DE><cI—Ex + DExcl—lm + DSh'

For the identification of the neural spaces shown in Fig. 2, we evaluated the effect of
random initializations in the final gradient-descent optimization step. The optimization
consistently converged to two highly overlapping solutions, differing mainly in a single

ill-defined component, as shown in



Fig. S11.

Note that while approaches such as Canonical Correlation Analysis (CCA) can
identify a shared space between conditions, they do not ensure orthogonality between
condition-specific subspaces. In contrast, the applied approach defines condition-
specific neural subspaces that are both exclusive and orthogonal, while remaining
generalizable to multiple movements and not requiring symmetry between the two
datasets (Execution and Imagination).

Alignment index and controls

We quantified the similarity between two neural subspaces using the alignment index
introduced by [11]. The alignment index, A, is defined as:

Tr(QTcQ)
A= ——F——*
z:%=1/1l

(1)



ARTICLE IN PRESS



where Q represents the L-dimensional neural subspace onto which the data is
projected, C the covariance matrix of the neural data, /; is the I"™ largest eigenvalue of
C, and Tr() is the trace of the matrix. The alignment index A quantifies the ratio of
variance explained by the leading components within a subspace (principal
components derived from the same activity) to the variance explained by an equivalent
number of leading components derived from the opposing activity. This index ranges
from O to 1, where O represents total orthogonality and 1 signifies complete alignment.

To assess the potential alignment observable by chance, we performed a random
selection of neural subspaces following the procedure described in [10, 11]. Specifically,
the random subspaces were sampled from a space defined by the real covariance matrix
of the neural data. If the observed alignment index exceeds this chance-level control, it
indicates that the two subspaces are more aligned than expected from random definitions.

Another critical control for alignment between subspaces involves estimating the level
of alignment expected if the only source of misalignment was intrinsic variability across
trials. To evaluate this, we computed the alignment index after shuffling the labels
between execution and imagination data 1000 times, while maintaining the consistency of
the movement label. An alignment index lower than this shuffling control suggests that
the two spaces are less aligned than would be expected if there was no distinction between
the conditions.

Principal angles

Principal angles provide a way to quantify the alignment in orientation between two d-
dimensional vector spaces, by computing up to d angles between pairs of consecutively
aligned basis vectors, each drawn from one of the two spaces. If the spaces have
different dimensionality, only as many angles as the lower dimensionality can be
computed. These vectors lie within the spaces and define a new basis for them, but they
are not necessarily the principal components originally defining the spaces. A principal
angle equal to O indicates perfect alignment between the two spaces, whereas an angle
close to 90° indicates orthogonality. Principal angles have often been used to compare
neural spaces



that explain neural activity related to different tasks [8, 34].
Following [59], to identify principal angles between two spaces Qi and Q2, with Q1, Q2
€ RPtot X Dspace \we performed the SVD of their dot product:

PSP, = SVD(QIQ,)

Here, P; and P, € RPspace *Dspace gre the ordered principal directions (the
directions within the neural spaces of movements 1 and 2 that correspond to the
principal angles). S is a diagonal matrix containing the ordered Dspace COSiINes of the
principal angles, from which the angles are obtained as:

= arccos(diag(S))

61,..,D5pace

In our analysis, principal angles were computed between different exclusive
imagination spaces. To do this, we first derived the full transformation from the original
recording space to each exclusive imagination space, obtained by multiplying the
rotation from the recording space to the global latent space with the one from the
global latent space to the exclusive imagination space: Qwnole-im = LQgxci-im, Where
L € RPtot XD and Qgxel-im € RPL X DPExci-im  (see Methods, Neural subspaces
identification).

To compute a chance distribution of principal angles, we generated surrogate neural
activity for the additional imagined movements using the Tensor Maximum Entropy
(TME) method implemented in [32]. Briefly, TME takes as input a 3D data tensor of
trial-averaged multi-dimensional neural trajectories across movements, with dimensions
Ne ¥Nt x¥Num, where Ne is the number of features (here, combinations of channels and
frequency bands), Nt the number of time points, and Ny the number of movements. Null
tensors for the additional movement(s) were obtained by preserving the first- and second-
order statistics (mean and covariance) across time and movements, but not across features.
This procedure disrupts the covariance structure across channels and frequency bands,
which underlies the structure captured by the neural spaces. We repeated this procedure
1000 times, using the resulting null tensors to identify neural subspaces and compare
them with the observed one. For example, when comparing Im2 (the exclusive

N ™

~ W~



imagination space identified with two movements) and Ims (the exclusive imagination
space identified with three movements), we generated null tensors for the additional third
movement and then computed the principal angles between the 1000 surrogate spaces and
the original Im; space.

Features contributions to neural subspaces

To understand the contributions of individual channels and frequency bands to a given neural
space, we computed the overall transformation matrix that projects the original data
into a specific subspace. This was achieved by multiplying the transformation matrix
that projects data onto the common latent space with the matrix that projects from the
latent space into the specific neural subspace. For example, for execution data:



Qwhote—x = LQpxci—gx

where L € RProt X DL js the transformation matrix projecting data into the latent
space, and Qexc-ex € RPL X PExci-Ex s the matrix projecting from the latent space into
the Execution-exclusive subspace. To quantify the contribution of each feature (i.e.,
combinations of channels and frequencies), we calculated the L,-norm of the Dexci-ex-
dimensional vectors in Qwnole-ex. TO account for variations in channel activity
levels, we scaled these contributions by the amplitude of the average activity across
trials, computed using concatenated execution and imagination data. This yielded a
vector Cex € RPtot, where each entry represents the contribution of a specific channel-
frequency combination.
Finally, contributions were normalized within each neural space to express them as percentages:

C — CEX
Ex—nmorm — D¢ot
Zd =1 Cd

~ N~

~ U1~



where cq represents the contribution of the d-th feature. This normalization provided the
percentage contribution of each feature to the specific neural space.

To assess whether specific features contributed preferentially to one neural space over
another, we performed a log-ratio—based analysis. For each feature, we computed the ratio
between its contribution to one neural space and its contribution to another. We then took
the logarithm of these ratios and examined the resulting distribution for evidence of
bimodality. Under this framework, the presence of a distinct subset of features
contributing selectively to one space would manifest as a bimodal log-ratio distribution,
with values strongly shifted away from zero. Conversely, if features contributed similarly
across neural spaces, the ratios would cluster around unity, yielding a log-ratio distribution
centered near zero.

Movement decoding

The data, originally structured as Nirias XT XDiot (Where T represents the number of
timestamps and Dyt is the number of dimensions in the recording space), were first
projected onto the neural space of interest. Subsequently, the data were segmented
into non-overlapping time windows of 50 milliseconds, with the average computed within
each window This process yielded Ny, time windows, where Ny is the total number of
extracted windows. To create feature vectors, the temporal evolution for each
dimension was flattened by concatenating the data across all time windows, resulting
in a final structure of Niriais X [Ntw X Dspace], Where Dspace denotes the dimensionality of
the neural space of interest.

To reduce the dimensionality of the dataset, PCA was applied to the feature
matrix, retaining 99% of the variance. PCA was fitted on the training set and subsequently
applied to the test set. A LDA classifier was then employed, and performance was
evaluated using balanced accuracy, defined as the average recall across all classes. When
specified, a 10-fold stratified cross-validation was used. In the generalization analysis of
Fig. 4g-h we used a leave-one-session-out approach: the training set consisted of all the
trials pooled across three sessions and the test set consisted of the trials of the



left-out session. In the generalization analysis of Fig. 7f, we computed point balanced
accuracies by using all trials from the relevant single task experiments as training set,
and all the relevant trials from the dual task experiments as test set. To measure the
stability of the values found, accuracies were bootstrapped (N=1000 resamplings with
replacement). Statistical significance of the decoding accuracies was assessed using
permutation tests: movement labels were shuffled 1000 times, and the observed
accuracies were compared against the resulting null distributions.

Data Availability

All data supporting the findings of this study are available within the article and its
supplementary files. Any additional requests for information can be directed to, and will
be fulfilled by, the corresponding author. Source data are provided with this paper.
The neural data (only bandpass filtered in [1,250] Hz as well as fully preprocessed)
have been deposited in the Zenodo public database:
https://doi.org/10.5281/zenodo.18703800.

Code Availability

The code supporting the analyses presented in this study is available in the public
Zenodo database: https://doi.org/10.5281/zen0d0.18317718.
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Figure Legends

Figure 1: Experimental setup, paradigm and hypothesis. a A sketch illustrating the
hypothesis where motor imagination and execution as sharing some dimensions, while also
evolving on exclusive ones. b A neural manifold spanning ECoG data is defined here as a
space constrained by covariance patterns among channel and frequency bands. The blue
curved arrow illustrates a latent neural trajectory unfolding over

time on the neural manifold, beginning from a baseline state (blue circle). ¢ The WIMAGINE
device located on the left hemisphere over M1 and S1. d The experimental setup consisted of
the participant in front of

a screen displaying the instructions. A progression bar helped the participant timing the
movement during the trial. e The paradigm consisted of two right arm movements executed,
a reaching movement and a wrist extension movement, and their imaginary counterparts. f
EMG activity from an example session of the right lateral deltoid (DEL, to monitor activity
when executing the reaching movement) and of the right extensor digitorum (ED, to monitor
activity when executing the wrist extension) for executed (green) and imagined (blue) trials.
g Example spectrograms illustrating neural activity for an example channel (indicated in c)
on M1 during executed and imagined movements. h Normalized enveloped for all frequency
bands for the same channel as in g. The thick lines represent the average across trials, while
the shaded area represents the standard error of the mean. REE = reaching executed, WEE =
wrist extension executed, REI = reaching imagined, WEI = wrist extension imagined. Green
= execution, blue = imagination.



Figure 2: Motor execution and imagination share a neural space while also
evolving onto exclusive neural spaces. a Variance explained by every principal
component (PC) for execution and imagination activity when performing PCA on the
execution data projected onto the common latent space. b Same as A but when projecting
onto the PCs computed on imagination activity. ¢ Progressive cumulative

variance across PCs for withing vs across spaces. d Observed alignment index computed for
both across-space projections together with the mean of control alignment indices aiming at
measuring alignment by chance (random spaces) and at evaluating alignment accounted for
by trial-inherent variance (shuffled trials). Both controls are performed with N=1000
permutations (one-sided test) and error bars represent 0.5% and 99.5% percentiles. Statistical
significance was performed via a permutation test comparing the observed value

to the two control distributions. e Decomposition of the latent space in three different
space capturing only execution activity, only imagination activity, or both. f Decoding
accuracies (mean #standard

deviation across cross-validation folds, N = 10) when projecting single trials on the neural
spaces identified. Significance against chance was computed via N=1000 labels shuffling
(one-sided test, permutation test). The dashed line represents the theoretical chance level.
Confusion matrices for Execution g and Imagination h.

*** indicates significance at p < 0.001. REE = reaching executed, WEE = wrist extension
executed, REI = reaching imagined, WEI = wrist extension imagined. Green = execution,
blue = imagination, gray = shared.



Figure 3: Different frequency bands contribute differently to the execution,
imagination, and shared neural spaces. a Distribution of contributions normalized by
space. b Log ratio of the three pairwise comparisons highlighting the unimodal distribution
of contributions. ¢ Total variance per frequency (sum over channels). d Distributions of
contributions per band across channels (N = 32 channels per band) for all neural spaces.
Bottom line: Statistical significances (darker color) for the all pairwise comparisons
(repeated-measures ANOVA followed by post-hoc paired two-sided t-tests, p < 0.001, FDR
corrected). e Illustration of channels location over M1 (purple) and S1 (orange). f
Distributions of contributions (N = 16 channels for each boxplot) for all neural spaces and
frequency bands by dividing M1 and S1 channels. All boxplots in the figure show the
median together with the 25% (Q1) and 75% (Q3) quartiles. Whiskers extend up to Q1 -
1.5*IQR (lower bound) and up to Q3 + 1.5*IQR (upper bound), where IQR is the inter-
quartile range defined as Q3 - Q1. * indicates significance at p < 0.05, ** atp < 0.01, and
***atp < 0.001, mixed-effects ANOVA followed by two-sided post-hoc t-tests, FDR
corrected. Green = execution, blue = imagination, gray = shared.



Figure 4: Neural spaces remain overall stable when used on new sessions of

data across months. a A sketch illustrating the approach followed in this analysis, that

is a leave-one-session-out (LOSO) approach. Neural manifolds were identified and
decoders were trained on four sessions, then the session left out was used as the test set.

b Dimensions of the three neural spaces identified for every

combination of sessions. ¢ Variance explained by the three neural spaces for all combinations of sessions.
d Variance explained by the common latent space between execution and imagination when
projecting the execution data (left) or the imagination data (right) of the session left out. e
Variance explained by the three neural spaces identified when projecting execution data (left)
and imagination data (right) of the session

left out onto the three neural spaces identified over the remaining sessions. Each circle
(N=4) represents a different LOSO combination. f Decoding accuracy obtained when
performing a 10-folds cross-validation within the execution data (left) or imagination data
(right) from the left-out session projected onto the neural spaces identified over the
remaining sessions. Each circle represents the average balanced accuracy across the 10

folds for a given left-out session. The dashed line represents the theoretical chance level.
Individual significance against chance was assessed against a null distribution obtained

via label shuffling (one-sided permutation test, N = 1000, FDR corrected across spaces).

*** indicates significance at p <

0.001. g Decoding of single movements when projecting the execution data from the left-
out session onto the exclusive execution space (green), the exclusive imagination space
(blue), and the shared space (gray). Decoders were trained on the trials of the 4 sessions
used to identify the neural spaces and tested on the trials of the session left out. Empty bars
represent the accuracies of the individual LOSO folds. The colored bar represents the mean
#the standard deviation across the N = 4 LOSO combinations. The dashed line indicates

the theoretical chance level. Significance against chance was assessed by comparing the
average LOSO accuracy to the average chance distribution obtained via label shuffling (N

= 1000 repetitions,

one-sided test, permutation test, FDR corrected across neural spaces). Decoding on Ex space:
p = 0.001; on Sh space: p = 0.001. h Same as g but decoding the imagination data from the
left-out session projected onto the neural spaces identified from the remaining sessions.
Decoding on Im space: p =0.001; on Sh space: p =

0.001. Green = execution, blue = imagination, gray = shared.



Figure 5: The exclusive imagination space expands modularly to capture
additional imagined movements. a Schematic of the imagination spaces considered in
this analysis. Neural imagination spaces were defined in contrast to the execution space
identified with two executed movements: reaching and wrist extension. The original
exclusive imagination space (Im2) was built using imagined reaching and wrist extension.
Adding another upper-limb movement (imagined grasping) yielded Im3, while further
including a lower-limb movement (imagined walking) yielded Im4. Movements could be
added gradually (Im2 — Im3 —1Im4) or directly (Im2 —1m4). b EMG activity from an
example session during imagined grasping and walking trials for the target muscles shown
in Fig. 1f. DEL.: lateral deltoid, ED: extensor digitorum.

¢ Time-frequency decomposition for the same example channel as in Fig. 1g. d Principal
angles between Im2, Im3, and Im4. The shaded area indicates the 1% and 99% percentiles of
a chance distribution generated using the Tensor Maximum Entropy method. Black triangles
indicate significance via permutation test (FDR controlled at 1%). e Dimensionality of
exclusive execution, exclusive imagination, and shared spaces when using only imagined
reaching and wrist extension versus adding imagined grasping and/or imagined walking. f
Schematic of the generalization analysis: neural spaces identified with only the two original
movements (reaching and wrist extension) were tested with data from the two unseen
imagined movements (grasping,

walking). g Variance of imagined grasping and walking explained by the global latent space
(bar plot) and by individual neural spaces (pie charts) identified with only the original two
movements. h Decoding accuracies (mean #standard deviation across N=10 cross-validation
folds) when projecting individual trials of all fourimagined movements onto neural spaces
identified with only the original two movements. The same folds were used across neural
spaces. The dashed line represents the theoretical chance level. Significance of accuracies was
tested against a chance distribution (1000 label-shuffling repetitions, one-sided permutation
test, FDR corrected). *** indicates significance at p < 0.001. Differences across spaces were
tested with a Friedman

test (¥?(2) = 15.8, p < 0.001) followed by FDR-corrected post-hoc two-sided Wilcoxon tests
(Ex-Im: W = 0, p = 0.003; Ex—Sh: W = 0, p = 0.003). i Confusion matrices from the
decoding analysis. REI = reaching imagined, WEI = wrist extension imagined, GRI =
grasping imagined, WLI = Walking imagined. Green = execution, blue = imagination, gray
= shared.



Figure 6: New neural spaces are identified when using a richer repertoire of
imagined movements. a Imagined walking and grasping were added to the repertoire of
imagined movements, hence breaking the symmetry with the executed movements (equal to
Im4 in Fig. 5). b Full decomposition of

the neural variance into three orthogonal neural subspaces (as in Fig. 2). ¢ Decoding
accuracies (mean # standard deviation across N=10 cross-validation folds) when projecting
all single trials on relevant neural subspaces. The dashed line represents chance level (50%
for execution decoding, now 25% for imagination decoding). Significance was assessed
against a chance distribution (1000 label-shuffling repetitions, one-sided test, permutation
test). *** indicates significance at p < 0.001. Confusion matrices from the decoding
analysis for d execution, and e imagination. REE = reaching executed, WEE = wrist
extension executed, REI = reaching imagined, WEI = wrist extension imagined, GRI =
grasping imagined, WLI = Walking imagined. Green = execution, blue = imagination,
gray = shared.



Figure 7: The exclusive neural spaces can help disentangle execution and
imagination activity when performed simultaneously. a Experimental paradigm
concerning the dual tasks approach. Note that there was no dual task involving the
execution of the wrist extension while imagining grasping because it was considered
counterintuitive. b Sketch illustrating our hypothesis seeing the exclusive spaces as a
potential tool to help disentangle executory and imaginary components when dual-tasking.
¢ Recorded EMG activity of the lateral deltoid (DEL) and extensor digitorum (ED) during
an example session of dual tasks. The muscle targeting the executed movement is shown in
green, while the non-target muscle of each executed movement is presented in blue. d
Explained variance by the latent space found on the single tasks from Fig. 6 (bar plot) and
subdivision of the explained variance into the three different neural spaces (pie chart). e
Decoding accuracies (mean #standard deviation across N=10 cross-validation folds)
obtained when projecting the dual task data onto the different neural spaces, and then cross-
validating within the dual task data. The same folds were used across neural spaces. The
dashed line represents the theoretical chance level. Individual decoding accuracy
significance was assessed against a chance distribution (1000 label-shuffling repetitions,
one-sided permutation test). Significant differences across neural spaces were assessed via a
Friedman test (case 3: x?(2) = 13.4, p = 0.001) followed by post-hoc two-sided Wilcoxon
signed-rank tests, FDR corrected (case 3(Ex—Im): W = 1.5, p = 0.009; case 3(Im-Sh): W =
0.0, p = 0.005). f Decoding accuracies obtained when projecting the dual task data onto the
different neural spaces, training a classifier onto the single tasks and testing it on the dual
task data. Bars represent the point accuracy value obtained when using all training and test
data. Error bars represent the 95% confidence interval by bootstrapping the balanced
accuracies (N = 1000). The dashed line represents the theoretical chance level.

Individual accuracies were tested against chance as in e (case 1: p(Im) = 0.003; case 3: p(Ex) = 0.001,
p(Sh)

=0.001). Significant differences across neural spaces were assessed via a two-sided paired
permutation test (FDR corrected) where individual predicted labels were randomly swapped
across spaces. Case 1: p(Ex-Im)

= 0.003; p(Im-Sh) = 0.016. Case 2: p(Ex-Im) = 0.006; p(Ex-Sh) = 0.04. Case 3: p(Ex-Im) = 0.001; p(Im-
Sh)

= 0.001.g Illustration of average neural trajectories on the three first components of the
exclusive imagination space (combination 1, top) or the exclusive execution space
(combination 3, bottom) on the first three components. For each combination, the neural
trajectories of the movements of interest during the single task (continuous lines) are shown
together with the neural trajectories of the corresponding movements during dual-tasks
(dashed lines). * indicates significance at p < 0.05, ** at p < 0.01, and *** at p < 0.001.
REE

= reaching executed, WEE = wrist extension executed, WEI = wrist extension imagined, GRI
= grasping imagined, WLI = Walking imagined. Green = execution, blue = imagination,
gray = shared.



Editorial Summary:

Neural population activity evolves on low-dimensional manifolds. Here, the authors identify shared and
exclusive neural spaces in ECoG signals for motor execution and imagery, and show how these latent
structures enable partial demixing of concurrently executed and imagined movements.

Peer Review Information: Nature Communications thanks the anonymous reviewer(s) for their
contribution to the peer review of this work. A peer review file is available.
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