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Introduction: Adaptation and learning have been observed to contribute to the
acquisition of new motor skills and are used as strategies to cope with changing
environments. However, it is hard to determine the relative contribution of each
when executing goal directed motor tasks. This study explores the dynamics of
neural activity during a center-out reaching task with continuous visual feedback
under the influence of rotational perturbations.

Methods: Results for a brain-computer interface (BCl) task performed by
two non-human primate (NHP) subjects are compared to simulations from a
reinforcement learning agent performing an analogous task. We characterized
baseline activity and compared it to the activity after rotational perturbations
of different magnitudes were introduced. We employed principal component
analysis (PCA) to analyze the spiking activity driving the cursor in the NHP BCI
task as well as the activation of the neural network of the reinforcement learning
agent.

Results and discussion: Our analyses reveal that both for the NHPs and the
reinforcement learning agent, the task-relevant neural manifold is isomorphic
with the task. However, for the NHPs the manifold is largely preserved for
all rotational perturbations explored and adaptation of neural activity occurs
within this manifold as rotations are compensated by reassignment of regions
of the neural space in an angular pattern that cancels said rotations. In contrast,
retraining the reinforcement learning agent to reach the targets after rotation
results in substantial modifications of the underlying neural manifold. Our
findings demonstrate that NHPs adapt their existing neural dynamic repertoire
in a quantitatively precise manner to account for perturbations of different
magnitudes and they do so in a way that obviates the need for extensive learning.

KEYWORDS

brain-computer interface, neural manifold, reinforcement learning, neurofeedback,
adaptation, dimensionality reduction

1 Introduction

Understanding how new motor skills are acquired and lost is crucial for the
development of effective neuroprosthetic devices for mitigating the impacts of aging
and neurodegenerative conditions, as well as for improving neurofeedback tasks for
rehabilitation (Krakauer and Mazzoni, 2011; Stealey et al., 2024). Both adaptation and de
novo learning have been observed to contribute to the acquisition of new motor skills and
are used as strategies to cope with changing environments or conditions (Costa et al., 2017;
Gallego et al., 2017). Although these two modalities have characteristic timescales over
which they vary (Krakauer and Mazzoni, 2011; Gallego et al., 2017), it is hard to determine
the relative contribution of each when executing motor tasks. For this purpose, brain-
computer interfaces (BCls) have been successfully employed to understand the evolution

01 frontiersin.org


https://www.frontiersin.org/journals/human-neuroscience
https://www.frontiersin.org/journals/human-neuroscience#editorial-board
https://www.frontiersin.org/journals/human-neuroscience#editorial-board
https://www.frontiersin.org/journals/human-neuroscience#editorial-board
https://www.frontiersin.org/journals/human-neuroscience#editorial-board
https://doi.org/10.3389/fnhum.2024.1368115
http://crossmark.crossref.org/dialog/?doi=10.3389/fnhum.2024.1368115&domain=pdf&date_stamp=2024-03-25
mailto:santacruz@utexas.edu
https://doi.org/10.3389/fnhum.2024.1368115
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/fnhum.2024.1368115/full
https://www.frontiersin.org/journals/human-neuroscience
https://www.frontiersin.org










Osuna-Orozco et al.

10.3389/fnhum.2024.1368115

10
5
E o
=
-5
-10
-10 -5 0 5
x (cm)
10
H
)
S
-5
-10
-10 -5 [ 5 10
x (cm)
FIGURE 2

2nd PC

2nd PC

-0.01

-0.01

-0.02

y (em)

10

-0.01 0.00 0.01 0.02

y (cm)

-0.02  -0.01 0.00 0.01 0.02

1st PC

2nd PC

2nd PC

-0.01

-0.02

-0.03

-0.01

-0.02

-0.03

The low-dimensional neural activity for Subject B is isomorphic with the task geometry. (A) Representative trajectories from one session for Subject B
before rotation, and (B) the corresponding PCA representation of the driving spiking activity. (C) Representative trajectories for RL agent before
rotation, and (D) the corresponding PCA representation of the last fully connected layer of the ANN. (E—-H) Results after a —50 degree rotation is
imposed, plots follow the same sequence as in (A—D). The circles represent the target locations, the PCA values are colored by the corresponding
target and the centroids of each of the clusters are depicted by the rhombi.
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FIGURE 3

The low-dimensional neural activity for Subject B is isomorphic with the task geometry after large rotations. (A) Representative trajectories from one
session for Subject B before rotation, and (B) the corresponding PCA representation of the driving spiking activity. (C) Representative trajectories for
RL agent before rotation, and (D) the corresponding PCA representation of the last fully connected layer of the ANN. (E—H) Results after a 110 degree
rotation is imposed, plots follow the same sequence as in (A=D). The circles represent the target locations, the PCA values are colored by the
corresponding target and the centroids of each of the clusters are depicted by the rhombi.
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FIGURE 4

Probability distributions for the angles between adjacent PCA centroids. (A) Probability distributions before imposing rotation and (B) after imposing
rotation, for NHP subjects A and B, and for the RL agent. Lines are the kernel density estimates to smooth the distributions. The distributions where
approximately gaussian with a mean of 45 degrees. Rotations in low-dimensional space compensate for imposed decoder rotation. Linear
regressions for the mean centroid angular displacement are shown for (C) Subject A (R? = 0.95, slope = —0.927); (D) Subject B (R? = 0.996, slope =
-1.0038); and (E) the RL agent (R? = 0.752, slope = —0.5322). For the NHPs, the rotations in low-dimensional space are of almost the same
magnitude as the imposed decoder rotation. Error bars represent standard deviation. For all regressions p < 0.001.
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Linear regressions indicate that for the NHPs the rotation in
the low-dimensional neural space almost exactly cancels out the
imposed decoder rotation. In contrast, for the RL agent the rotation
in low-dimensional space exhibits some non-linear behavior as
a function of imposed decoder rotation and the resulting slope
deviates farther from negative unity. Nevertheless, in all cases the
linear trends robustly indicate that neural activity not only has
a low-dimensional geometry that is similar to the task, but is
also transformed in a manner that directly compensates for the
geometry of imposed perturbations.

3.3 Low-dimensional manifold is preserved
after rotation for NHPs

We then investigated whether the low-dimensional PCA

manifold was preserved after rotating the decoder. The results
for the previous subsection considered the same PCA basis for

Frontiersin Human Neuroscience

all the data (with and without rotations), but such a strategy is
sub-optimal if the underlying manifolds before and after imposing
the perturbations are distinct. Thus, we consider PCA performed
separately for data before and after rotations. The recorded neural
activity for the NHPs is remarkably stationary throughout the
session (Figure 5). The mean firing rates are quite similar before
and after the perturbation (Figure 5A). Moreover, the first and
second principal component vectors are also quite similar before
and after the rotation is imposed (Figures 5D, G). In contrast,
activations for the ANN of the RL agent have significantly different
means before and after rotation (Figure 5B), although the principal
component vectors do not deviate so markedly (Figures 5E, H). To
compare accross sessions, we normalize differences in firing rates
as follows (Equation 9):
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FIGURE 5
Low-dimensional manifold is preserved after rotation for the NHPs but not for the RL agent. Representative examples of the mean firing rate (A) the
first PC (B) and the second PC (C) scaled by their respective singular values before and after rotation for Subject B. Representative examples of the
mean activation (D) the first PC (E) and the second PC (F) scaled by their respective singular values before and after rotation for the RL agent. Bar plot
summaries of the normalized differences in: (G) mean activity (H) scaled first principal component (I) scaled second principal component. Error bars
represent the standard error of the mean. For the imposed rotations for which all subjects have data (50, 90, 270, and 310 degrees), the means are
significantly different (p < 0.001, one-way ANOVA).

Where d; is the normalized difference for unit i and J_(bi is the
temporally averaged baseline firing rate and f;, is the temporally
averaged firing rate after rotation, and the N is the number of units
for a given session (so that the differences are normalized by the
session mean baseline activity).

We quantified the difference both in the mean firing rates
(activations) and in the two first principal components by using the
absolute value of the cosine similarity for the corresponding vectors
before and after rotation (Figure 6). As shown in the representative
example, for the NHPs the mean firing rate and the two first
principal components are quite similar. They show distributions
that are highly skewed toward values close to unity (Figure 6, left
and center columns). In contrast, the RL agent displays significant
differences in the mean activation value, with no values near unity
(Figure 6, right column). Distributions for the difference of the
principal components before and after rotation are skewed in a
similar fashion as those of the NHP, but with peaks closer to a cosine
similarity of 0.9 rather than unity. These results suggest that the
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low-dimensional manifold is much better preserved in the case of
the NHPs than in the case of the reinforcement learner.

4 Discussion

The results are consistent with the intuitive notion that the
NHPs compensate for decoder rotation by re-aiming their reaches
at an angle that counteracts the decoder perturbation angle. Such
a strategy could be achieved by simply generating similar neural
activity as before the perturbation is introduced, but in a different
context. Namely, if a 45 degree rotation is imposed, the NHPs
could generate the same activity that helped them reach a target
located at —45 degrees under the original decoder. Such a strategy
would preserve the underlying low-dimensional manifold. We call
this approach adaptation, as it leverages existing neural pathways
displaying dynamics in a stable manifold. NHPs seem to adapt their
existing neural dynamic repertoire to the changing decoder.
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FIGURE 6
Low-dimensional manifold for baseline and perturbation activity is highly similar for the NHPs but not for the RL agent. Probability distributions of
absolute cosine similarity for the mean activity (A, D, G), first principal component (B, E, H), and second principal component (C, F, 1) before and after
rotation. Results correspond to Subject A (A-C), Subject B (D—F), and the RL agent (G-1).

In contrast, reinforcement learning algorithms rely on updating
the weights between the ANN’s layers. Even though we recreated
qualitatively accurate trajectories in our virtual environment, the
trajectories generated in response to imposed rotations were
generated by a substantially different mechanism. This mechanism
changes the mean activity of the artificial neurons and modifies
the underlying manifold, rather than re-purposing the existing
dynamics. We speculate that this substantial modification of
the neural manifold is the hallmark of extensive changes in
connectivity. These changes can be understood as learning in the
sense that novel strategies and dynamics emerge.

In the absence of direct observations of the connectivity
in behaving animals, it is hard to demonstrate that adaptation
(rather than learning through synaptic changes) is the dominant
mechanism allowing NHPs to quickly, flexibly and reversibly
respond to perturbations. However, preservation of both the neural
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manifold and the mean firing for each unit is suggestive of higher
level planning that directs commands through reliable and well-
established pathways. From a biological perspective, it stands to
reason that adaptation of motor tasks should not demand extensive
changes in connectivity arising from the demands of a dynamic
environment.

5 Conclusion, limitations, and future
scope

We presented evidence that the low-dimensional manifold of
the neural dynamics of NHPs during a center-out reaching task
preserves the geometry of the task and exhibits deformations
that almost exactly counteract imposed decoder rotations. The
preservation of the low-dimensional manifold is consistent with
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the adaptation of a well-established motor repertoire to novel
challenges. In contrast, a reinforcement learner agent that originally
has dynamics that are also isomorphic to the task substantially
modifies its manifold in response to imposed rotations to maximize
its reward.

For the present study, we utilized a traditional Kalman filter
approach to decode a cursor control signal from neural firing rates
and drive a cursor for real time feedback. This approach has the
advantage of being parsimonious, thus having low training data
requirements. However, recent developments in neural decoders
using deep and convolutional neural networks (Glaser et al., 2020;
Filippini et al., 2022; Borra et al., 2023) can result in improved
performance. Moreover, non-linear decoders may allow for better
reconstruction of the natural task-related manifold. Future work
could utilize these improved decoding approaches to elucidate
whether they not only improve baseline decoding but also allow for
better and more rapid adaptation.

A more complete exploration of the adaptation strategy in
NHPs would require recording from other brain regions, including
regions that are not directly used by the decoder. This would
allow us to observe where the isomorphism breaks down and what
activity can be directly correlated to the adapting strategies. In
addition, future work should focus on refining the RL approach
by exploring model-based RL algorithms that may enable higher
order planning and/or imposing constraints such as preserving the
activity manifold in some of the ANN layers.
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