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This important study uses a feedback-driven recurrent neural network framework to
explore the dynamics underlying learning of BCI decoder perturbations. With convincing
evidence, the authors demonstrate that behavioral learning trajectories that match those
of primates learning within-manifold and outside-manifold perturbations are likely tied to
the dynamical controllability of the network and input-driven learning. This work is likely
to motivate a new generation of BCI and learning experiments combining large-scale
neural recordings with latent dynamical systems analyses.

https://doi.org/10.7554/eLife.111322.1.sa3

Abstract

Neural activity has been observed to lie on low-dimensional manifolds, constraining what new
behaviors can be easily learned. We propose that beyond this geometric constraint, learning on
fast timescales is limited by how neural activity can flow over time within these manifolds—i.e., by
the system’s underlying dynamics. In primary motor cortex (M1), these neural dynamics are
shaped not only by internal recurrence but also by sensory feedback that can continually update
cortical activity. Modeling recurrent neural networks with adaptive feedback controllers in a
brain-computer interface (BCI) task, we show that feedback-driven dynamics determine not just
the robustness but also the flexibility of motor output. Through a control-theoretic approach, we
quantitatively link learning speed and success for individual BCI decoders to the structure of
input-driven network dynamics. We show that rapid learning is fundamentally limited by the
network’s controllability—the ease with which inputs can steer neural activity along desired
directions. Crucially, this dynamical systems perspective explains a continuous form of
experimentally-observed learning variability across decoders with similar geometry, that has not
been addressed previously. We also make a testable prediction that rapid adaptation to new BCI
decoders depends on upstream input plasticity, such as remapping of sensory feedback, beyond
local plasticity within M1. Overall, our work identifies potential network mechanisms for fast but
limited motor learning, and clarifies how constraints on learning arise from both the geometry of
neural activity and its underlying dynamical structure.

Introduction

Dynamical systems frameworks have become influential in understanding neural activity
structure across diverse computations including decision making, navigation, and motor control

question remains: how does this underlying dynamical structure interact with learning-related
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organization of neural activity, and how does it support learning of new tasks? For example, in
trained recurrent neural networks, dynamical motifs can be re-used when learning a similar task
[10, 13]. While latent neural dynamics have been identified in numerous neural recordings from

behaving animals, it remains unclear if these dynamics play a similar role in determining
subsequent learning outcomes.

To explore these questions, we were inspired by experiments in which primates learn a brain-
computer interface (BCI) task. BCIs use an experimenter-defined mapping to translate recorded
neural activity into motor outcomes, typically moving effectors such as a robotic limb or a cursor.
One pivotal study examined how primates trained on well-calibrated BCI decoders could learn to
use new decoders within a few hundred trials [14]. Crucially, not all new decoders were equally
learnable; “within-manifold” decoders—those aligned with a baseline low-dimensional neural
subspace (“intrinsic manifold”)—were learned more rapidly. Moreover, neural geometry in the
form of this intrinsic manifold remained stable over such short-term learning. However, there was
significant variability in learning outcomes, even across “within-manifold” decoders that were
equally well-aligned to the low-dimensional subspace. This variability could not be understood
solely through constraints on neural geometry. Given the growing evidence for the role of intrinsic
dynamics in patterning activity in primary motor cortex (M1) [3, 4, 15-17], we hypothesized that
this underlying dynamical structure would impose even stronger constraints on not just which
neural “states” are accessible (e.g. those on the intrinsic manifold) but how these states can be
sequenced over time. This dynamical constraint on entire neural trajectories could contribute to
different learning outcomes for tasks with similar geometry.

To understand these dynamical constraints, we need to identify the origin of the system’s
dynamics. Many previous studies have focused on primary motor cortex (M1) as a semi-
autonomous dynamical system where motor preparation sets the initial conditions, after which
M1 activity evolves lawfully based on its current state. Recurrent neural network models (RNNs)
trained to perform motor tasks and receiving relatively simple inputs also show activity structure
similar to M1 recordings [18, 19]. These results have strengthened the notion that M1 can act as a
pattern generator to produce complex spatiotemporal dynamics. Despite the success of these
models, they overlook observations that motor cortical activity is altered by sensory feedback, and
is dependent on input from other regions such as motor thalamus [20-28]. These models also fail
to recognize aspects of motor control theoretical frameworks, which propose that motor
commands are continually optimized via feedback laws during movement execution [29-31].
While these control-theoretical frameworks have a rich history of interpreting and predicting
behavioral dynamics, their application to understanding neural data has been more limited.
Bridging this gap requires new network models that incorporate feedback [20, 32-34] and account
for how neuronal interactions shape M1 activity structure for feedback control [35].

Re-conceptualizing motor cortical dynamics as being modulated by time-varying feed-back allows
us to differentiate between potential mechanisms for behavioral flexibility, and the resultant
constraints on learning. Animals and humans show a remarkable ability to adapt to new
sensorimotor mappings on fast timescales [36—41]. If such learning causes changes to recurrent
connections in motor cortex, it risks overwriting useful knowledge within an expressive pattern
generator. Alternatively, learning to map sensory information into new inputs, potentially as a
new context-specific map, could alter the effective behavior of the system while preserving
learned structure in motor cortex. Evidence from other motor adaptation studies suggests changes
sensory processing [41, 42, 49, 50]. Sensory feedback is also critical for successful BCI learning [51-
56]. This motivated us to explore the interaction between input plasticity and preserved recurrent
connectivity in generating adapted trajec-tories during fast BCI learning. While recent modeling
studies have demonstrated similar principles for feedforward inputs that are fixed over time—
contextual inputs can flexibly combine existing dynamical motifs for fast adaptation in cognitive

sensorimotor adaptation, particularly in the context of feedback control.
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Motivated by the impact of feedback on motor cortical activity and the potential of inputs to
reshape effective dynamics, we built feedback-driven models of recurrent circuits performing
simple BCI-like tasks to understand the class of new motor computations enabled by input
plasticity as well as factors that determine the success and speed of such adaptation. By modeling
BCI learning phenomena [14], we show that short-term adaptation to new BCI decoders is likely
facilitated by plasticity of inputs from upstream controllers, such as a remapping of sensory
feedback, rather than plasticity of recurrent connections within M1. While input plasticity
preserves the statistical structure of neural activity over learning, consistent with experimental
observations, local recurrent plasticity not only changes intrinsic dynamics but reorganizes the
covariance structure of neural activity. Crucially, we showed that beyond geometrical properties
such as the alignment of BCI decoders with the intrinsic manifold, pre-existing structured
dynamics affect the speed of adaptation to different decoders. We provide a quantitative account
for the variability of learning outcomes across within-manifold decoders, an explanation that has
been missing from related computational studies [58-62]. Rather than treating experimentally-
observed variability as noise, we propose that this variability stems, at least partly, from
dynamical constraints in addition to constraints on neural geometry. Lastly, by varying controller
architectures, we show a dissociation between feedback controllability—a structural property of
the network—and activity covariance structure during a baseline task, suggesting that low
controllability of BCI decoders rather than low variance per se limits successful adaptation. We
further propose the existence of control bottlenecks as an additional constraint on learning
suggesting that upstream inputs to M1 during BCI use are low-dimensional. Altogether, our work
identifies potential network mechanisms for short-term motor adaptation (change in control
inputs) and provides a conceptual understanding (controllability and dynamical constraints) for
how input plasticity shapes learning outcomes, with broad implications for studying the role of
ubiquitous feedback loops—sensory and internal—in flexibly modulating diverse cortical
dynamics.

Results

Structured dynamics in feedback-driven networks

We developed a simple computational model to study modulation of motor cortical dynamics by
feedback during a BCI cursor manipulation task. We trained rate-based recurrent neural networks
(RNNs) on a 2D center-out reaching task, similar to a common BCI paradigm [14] (Figure 1a ().
The network was cued on each trial to move the cursor to one of 8 targets. A set of readout weights
(“decoder”) specified the mapping from the RNN state to the cursor’s velocity. Unlike previous
computational studies that used position decoders [58-62], here we used a velocity decoder that is
similar to experimental studies [14, 53, 54, 63-65], and which depends directly on the dynamical
structure because cursor position is given by integration along the entire neural trajectory and not
the current (final) neural state. The network received trial-specific inputs, namely the Target-cue
that specified the 2D position of the trial target, and a binary Go-cue. We refer to these as
“feedforward inputs”, and they were fixed within the relevant trial epochs. Another set of inputs
were dependent on the position of the cursor (sensory feedback), and in some cases, network state
itself; we refer to these time-varying inputs as “feedback inputs”. The mapping between sensory
state and feedback inputs could be pre-specified as the 2D position error, or learned via another
neural network F (“feedback controller”). This overall architecture with a velocity decoder thus
required networks to perform a control task, unlike a fixed pattern generation or an input
association task, and the inclusion of feedback was essential for the network to adjust its output in

response to perturbations.

For initial training, a random decoder W, was fixed while both recurrent weights W,.,. and input
weights Wy,, Wy, (or the feedback controller F) were trained via gradient descent. To encourage
networks to use feedback inputs for corrective movements, we trained them in the presence of
small unintended cursor movements (see Methods). After training, we tested the networks’
robustness to larger, sudden shifts in the cursor position (Fig ). Trained networks were
able to correct for these perturbations and reach the target on all trials. Secondly, while we did not
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Figure 1. Low-dimensional dynamics in networks trained with feedback.

(a) Network schema and behavior. (Left) Model architecture of recurrent neural network (RNN) controlling a cursor and

receiving sensory feedback. The network activity r depends on recurrent interactions as well as two sets of inputs:

feedforward and feedback. A linear readout of the network activity controls the velocity of an external cursor that is to be
moved to a target location. (Right) Example cursor trajectories showing reaches to each of 8 radial targets without an
external perturbation (“unperturbed”) or with an external cursor jump perturbation (example perturbations indicated by

Neuroscience

black triangles). Reaches to different targets are shown in different colors. Target locations are shown as triangles, endpoints

of example reach trajectories are indicated by red circles. (b) Task performance in the presence of external perturbations
(cursor jump), as a function of perturbation amplitude; hit rate (left) and mean acquisition time (right). (c) Activity of 13
example RNN units in task-trained networks; (left) an unperturbed trial with stimulus and Go-cue onset times indicated by
dashed lines, and (right) a trial with cursor perturbation with the perturbation time indicated by dashed line. The two
examples are reaches to different targets, with small additive activity noise (o = 0.03). (d) Average hit rate for different levels
of activity noise (n=5 networks). (e) Dimensionality of RNN activity measured as number of PCs to get 95% CEV and as
participation ratio using the eigenvalues of the covariance matrix. Horizontal lines indicate the 5th, 50th and 95th percentile
values. (f) Movement-related activity projected on the movement period PCs (right), colored by trial target. (g) A modified
latent linear dynamical system was fit to RNN firing rates as observations. A low-dimensional latent dynamical system was
modeled with linear dynamics A, which was fit along with input weights B, observation weights C, and bias terms d.(Right)

Cross-validated R? for models with different number of latents (k=1to 12).
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add activity noise during training, we observed perfect task performance even when tested with
small additive noise to the RNN activity (Figure 1d (2). This suggests that the trained networks

were robust against both internal and external perturbations, including those not observed during
training.

For low levels of noise, RNN activity was low-dimensional, with around 7-8 principal components
(PCs) sufficient to capture most of the task-related variance (Figure 1e ); this low-dimensional

subspace corresponding to the top PCs will henceforth be referred to as the intrinsic manifold, as
in [14]. RNN activity evolved in highly structured ways within this subspace; for example, we

trajectories in primary motor cortex during reaching tasks [3]. By fitting an input-driven latent
dynamical system (see Methods), we observed that low-dimensional latent dynamics reliably
(Figure S2). Moreover, we observed that slow recurrent processing was needed to transform error
feedback into a time-varying velocity output that corrects errors over time (Figure S1,
Supplementary Note), confirming that networks were not in an entirely input-dominated regime
but relied on structured recurrent dynamics. These observations, along with other properties of
these networks (Figure S2, S3), are qualitatively consistent with experimentally observed
properties of motor cortical dynamics, enabling us to use these networks as models to identify
constraints on learning in the following sections.

Variable adaptation to different decoder perturbations

To study constraints on learning in feedback-driven networks, we adapted the paradigm of BCI
decoder perturbations, as designed in [14]. After pre-training networks on the 2D BCI task with an
original decoder W, a new decoder Wp,, was chosen from one of two classes of decoder
perturbations - either aligned with the intrinsic manifold (within-manifold perturbation; WMP) or
misaligned with it (outside-manifold perturbation; OMP) (Figure 2a (2 ; see Methods). Similar to the
experiments, we ensured that selected decoders had sufficient open-loop velocities during the
baseline period, as well as sufficient closed-loop velocities, so that the network produced enough
variance along the new decoder to visibly move the cursor (albeit not necessarily towards the
target). For experimentalists, this was needed to keep the animals motivated to perform the task,
but this critical step also ensures that the behavioral impact of perturbations is similar across the
two classes of decoders. Switching to these perturbed BCI velocity decoders, both WMPs and
OMPs, led to a decrease in task performance as quantified by the hit rate (i.e. fraction of trials
where the cursor came within 10% of the corresponding target, as defined in the original
experiments). By contrast, switching to an ‘intuitive’ decoder Wy, (see Methods), which was
aligned with the intrinsic manifold and used the observed correlations between neural activity
and cursor velocity, did not affect task performance.

Next, we compared how input plasticity enabled networks to adapt to new within-or outside-
manifold decoders. Specifically, we retrained both feedforward and feedback input weights (see
Methods) to allow the network to recover task performance, while the recurrent weights were
kept fixed (Figure 2b,c(%). We will turn to the case of recurrent plasticity later in Figure 7 3. While
in theory, input trajectories themselves could be directly optimized, we chose to modify the input
weights to avoid such a high-dimensional optimization problem without an explicit dynamical
model for the inputs. In later experiments (Figure 8 3 ), we allowed for a more expressive
modification of inputs via adaptive feedback controller networks. The experimental study found
that animals were able to adapt to within-manifold decoders more easily than outside-manifold
decoders [14]. In our networks, we similarly noted that recovery of task performance varied
across different perturbations. There were both within-class (i.e. within WMPs and within OMPs)
and across-class (i.e. WMP vs OMP) differences for improvements in task performance, but with
greater learning in WMPs on average (Figure 2d @ ; median normalized improvement in hit rate:
WMP=0.9, OMP=0.4). We also observed that average acquisition times (i.e. time to reach the target
on each trial) were higher for OMPs (Figure 2e (; target acquisition time, median [90% CIJ:

WMP=441 steps [369,526], OMP=554 steps [485,666]). While within-manifold decoders showed
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Figure 2. Input plasticity leads to differential learning outcomes during adaptation to decoder
perturbations.

(a) New decoders Wpere could be either within-manifold perturbations (WMPs, red) or outside-manifold perturbations (OMPs,

blue). (Right) Distribution of angle between top PCs (intrinsic manifold) and WMPs/OMPs across different perturbations. (b)
Model architecture with weights being retrained during adaptation to new decoders indicated by red arrow. (c) Example

cursor trajectories after decoder perturbations (top) and after successful retraining via changes to input weights (bottom) for

an example WMP and OMP. (d) Histogram of performance (hit rate) after decoder perturbation (grey; Pre-retraining) and
after retraining for 200 trials (red/blue) for n=170 WMPs (left) and n=135 OMPs (middle). (Right) Histogram of normalized
change in performance (hit rate) after 200 trials. (e) Distribution of mean target acquisition time for different OMPs and
WMPs after retraining. (f) Behavioral progress asymmetry (across targets) after retraining. (g) (Left) Hit rate over training for
2 example WMPs (in pink and cyan). Each line is a different training iteration, with hit rate quantified as fraction of successful
reaches in a 20-trial period. (Right) Average training curves for the two WMPs (black) are overlaid with a logistic fit, which is

used to estimate learning speed. (Right) Distribution of learning speeds (left) across WMPs and OMPs. Dashed lines indicate
median of the respective distributions.

Gurnani et al., 2026 eLife 15:RP111322. https://doi.org/10.7554/eLife.111322.1

6 of 38


https://doi.org/10.7554/eLife.111322.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

::"0.:‘ eLife Neuroscience

greater recovery with learning, task performance was not similar for all targets. We quantified
behavioral asymmetry as the variation in average speeds (progress) towards different targets for
the same decoder, and observed that this asymmetry was significantly higher than zero (Figure

differences for learning of new decoders are consistent with experimentally observed variability
in learning outcomes in primate BCI experiments [14].

While all perturbations were retrained for a fixed number of iterations, we observed that learning
curves (hit rate across training epochs) were highly consistent for individual perturbations across
different training runs (different sequence of stimuli), but that they were different across
perturbations, even when both decoders were “within-manifold” (Figure 2g). On average,

Thus, beyond categorical differences between OMPs and WMPs, there were also differences in the
amount and speed of task performance recovery across within-manifold decoders, both in our

Input plasticity does not alter statistical structure of neural
activity

What changes in neural activity support this behavioral learning? Previous studies have
characterized that within-session learning leads to relatively little change to neural repertoires i.e.
the distribution of population activity states [66]. They observed that even after successful
behavioral adaptation, neural activity remained within the same intrinsic manifold although
individual target-specific neural activity patterns had shifted within this manifold. Thus, for input
plasticity to be a potential mechanism for experimentally-observed short-term learning, it must
preserve the statistical structure of neural activity. In networks retrained with input plasticity, the
covariance structure of neural activity, pooled across all targets, looked largely similar before and
after adaptation to new BCI decoders (Figure 3a(%), for both within- and outside-manifold
decoders. We confirmed that most of the neural variance was restricted to the original intrinsic
manifold for both OMPs and WMPs (Figure 3b (2), and that with input plasticity, the change in

fractional variance along the original top 8 PCs was small (AFractional variance, median [90%CI]:
WMP=-0.03[-0.10,0.01], OMP=-0.07 [-0.13,0.06], Figure 3c(%). We also observed that the relative

While the activity manifold remained similar, changes in activity levels could still lead to altered
absolute variance along the output direction (decoder). Indeed, we observed an increase for
variance along the outside-manifold decoders (Ratio of post-to-pretraining variance along decoder:
WMP=0.9, OMP=2.7, p<le-7, MWU) (Figure 3d (@). By contrast, variance along the within-manifold

decoders and the resultant distributions of cursor speeds remained relatively unchanged,

consistent with experimental observations [66]. Thus, input plasticity largely preserves the

statistical structure of neural activity (Fig 7 ) while enabling new behavioral trajectories.

Dynamical constraints on learning

While alignment with the intrinsic manifold, a geometric property, has been proposed as the
determinant of learning differences between WMPs and OMPs [14], it is insufficient to explain all
constraints on learning, in particular the variability across WMPs (all WMPs lie within the
intrinsic manifold). Previous analyses did not find a systematic relationship between learning
outcomes for WMPs and various geometric properties [14]. We instead propose that

understanding this variability requires a focus on dynamical properties.

produce desired behavioral outcomes. In a network with its own internal recurrent dynamics,
different trajectories can be flexibly generated using a combination of input and recurrent drive
(as well as by setting appropriate initial conditions), with inputs provided by a controller network
via input weights B1 and B2 (Figure 4a (2). Controllability is an important property of the network
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Figure 3. Statistical structure is largely conserved under input plasticity.

(a) Activity covariance structure for an example network, for the baseline task (left), after introducing the new perturbed
decoder Wy, (middle), and after retraining input weights (right). (b) Fractional variance within original intrinsic manifold
(n=8 top PCS) for different WMPs (red, n=170) and OMPs (blue, n=135), before and after retraining. Scatter denotes individual
decoder perturbations, bars indicate median across perturbations. (c) Distributions of change in fractional variance within
original top PCs. Dashed lines indicate the medians. (d) Ratio of post- to pre-retraining activity variance along the perturbed
decoder, shown as a distribution. Horizontal lines indicate the 5th, 50th and 95th percentile values. (e) Similarity of covariance
structure was measured as the overlap between vectors describing the relative variance along different original PCs (oPCs).
(Right) Distribution of covariance similarity for different WMPs and OMPs. (f) Covariance similarity versus similarity of
perturbed and original decoder. (g) Summary: Activity remains within the intrinsic manifold after retraining, with similar
covariance structure.
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which determines the ease of moving network activity from one state in any particular direction.
Moving along the recurrent flowfield or in directions coupled to large input weights requires small
controller output, i.e. it has a lower control cost. Figure 4b 3 shows three example trajectories (T
1,T 2,T 3) that are within the same two-dimensional stable subspace (same variance subspace) and
that consist of “within-manifold” activity states. Yet, they are not equivalent. Trajectory T 1 is
mostly aligned with the recurrent flowfield and requires little input drive, while Trajectory T 3
requires stronger, potentially infeasible input drive to go against the intrinsic (recurrent)
flowfield. Trajectory T 2 also requires stronger input drive than T 1 as the neural state first needs
to be pushed out into a less controllable direction (as determined by the weaker input weight B2).
These dynamical properties allow us to begin differentiating between within-manifold trajectories.
The last trajectory T 4 is partly outside the low-dimensional dynamical subspace; if the inputs and
recurrent dynamics are entirely confined to the 2D subspace, then no amount of control input can
produce such a trajectory. Further, if the recurrent flowfield remains fixed, then reducing the
control costs (e.g., if there are upper bounds or metabolic costs on inputs) or mapping constrained
external inputs via new input weights over learning requires input weights B1 and B2 to be
modified to different degrees. For example, T 2 may be learned via a small rescaling of B2 whereas
T 3 may require significant rotation and rescaling of input weights. Can we define difficult within-
manifold perturbations, or difficult decoders in general, as those less aligned to controllable
directions, or where the necessary dynamics to produce behaviorally-appropriate neural
trajectories are significantly different from existing flowfields?

To answer this, we first quantified the local controllability spectrum for the nonlinear dynamics of
our pretrained networks at multiple points within the neural state space (see Methods), and

at any given part of the neural state space, there are only a few directions along which the state
can be moved easily i.e. using small inputs in addition to the recurrent drive. Next, for each new
decoder W, we quantified the average overlap between the new within-manifold or outside-
manifold decoder with the most controllable subspace at each state, typically a 10 dimensional
compared to the intuitive decoder, OMPs had much lower overlap with the controllable subspace,
and there was some variability across WMPs (Overlap of W) with feedback-controllable
subspace, normalized by overlap of intuitive decoder: WMP=0.71 [0.47,0.86], n=170, OMP=0.29
[0.20,0.45], n=135).

To assess the suitability of pre-existing flowfields, we examined the temporal evolution of neural
activity pre- and post-learning and directly quantified changes in the flowfield at various points in
neural state space. We focused on local flowfield changes rather than fixed point structure, as the
network can successfully perform the task by briefly passing through the target (without requiring
the re-emergence of appropriate fixed points to stabilize the cursor at the targets). While RNN
activity remained within the original manifold, the target-specific neural trajectories were altered

separately examined both the total change as well as feedforward- and feedback-driven
components of flowfield changes (Figure 5d (%). We observed that these changes were small (~ 10-
30% of total original flow), and that the feedback-driven component of this change was different
between WMPs and OMPs (Fractional AVF, mean SD: WMP=0.15 +0.04, OMP=0.21 +0.03; Frac. AVF-
feedback: WMP=0.05 +0.02, OMP=0.08 +0.02, p<le-7, MWU). While these changes in flowfields are
expected to be small when the recurrent component still dominates the effective flowfield, they
can add up across timesteps to produce more varied trajectories. The proportional reorganization
of flow along the readout was larger, for both WMPs and OMPs (Frac. AVF along decoder:
WMP=0.90 +0.42, OMP=1.19 +0.66, Figure 5e (), as expected from changes in cursor trajectories
over learning. Similar behavioral and neural outcomes were also observed using a local learning
rule (Figure S4). Thus, in addition to the misalignment with the intrinsic manifold, outside-
manifold perturbations were also characterized by lower controllability and requiring greater

dynamical reorganization. Further, the small changes in the statistical structure of neural activity
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Figure 4. Dynamical constraints in controlled networks.

(a) Neural activity over time is shaped by both recurrent dynamics and control inputs provided via input weights B1 and B2.
(Right) An example neural trajectory with net contribution of recurrent flow (blue), and control inputs via B1 (green) and B2
(orange). The corresponding controller output, and hence the control cost, varies across parts of the trajectory as differences
in controllability arise due to recurrent dynamics and unequal input weights. (b) Trajectories T1-T4 differ in control costs due
to varying alignment with intrinsic dynamics and controllable directions. (The parts of the trajectory that require control
inputs are highlighted by green ellipses.) Input weights B1 are larger than B2, creating more and less controllable directions.
Trajectory T1 requires minimal input as it is aligned with highly controllable directions whereas T2 requires larger inputs to
push along a less controllable direction. T3 requires strong external control inputs to overcome the recurrent flow field. T4

may be infeasible, or require even greater inputs, if it is poorly aligned with the low-dimensional dynamics/controllable
subspace.
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Figure 5. Dynamical features of adaptation to decoder perturbations.

(a) The controllability spectrum can be calculated locally around any point in neural state space, which defines highly or
poorly controllable directions. (Right) Average feedback controllability spectrum across different parts of state space and n=5
networks. The steep falloff suggests only a few directions are highly controllable locally around any point. (b) Overlap of the
most controllable directions with the decoder (WMP or OMP me and intuitive decoder) for n=170 WMPs, n=135 OMPs, n=5
intuitive decoders. (c-e) Retraining leads to a change in flow fields (or vector-field VF), supporting a small dynamical
reorganization to produce new trajectories. (c) Target-specific neural trajectories for an example network, after introducing
new decoder Woert (pre-retraining; dashed), and after adapting input weights (post-retraining; solid). Trajectories are
visualized in the space of top preparatory (prep) and movement (move) period principal components. (d) Distribution across
WMPs and OMPs, of the mean change in the total flow (left) and the feedback-driven flow component (right), normalized by
the total flow at each point in state space, and averaged across observed neural states during post-retraining task
performance. (e) Normalized change in flow along the perturbed decoder direction is much higher as new behavioral
trajectories are produced with successful adaptation. (f) Summary: Changes in effective input-driven dynamics produces new

neural trajectories within the same intrinsic manifold. Altered neural trajectory, passed through the new BCI decoder,
restores desired behavior.
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neural manifold but using new inputs for re-associating them with new reach targets and
producing them as a part of new temporal sequences (Figure 5f ).

Learning speed depends on feedback-driven dynamics

We next turn to the question of whether these dynamical properties explained variability in
learning outcomes. We observed that both metrics of adaptability — learning speed and the

linear mixed-effects model with two predictors—feedback controllability of the perturbed decoder
and feedback-driven flowfield changes—could explain a large fraction of the learning variability
(Figure 6¢,d%) (FBK model, prediction of learning speed, cross-validated R?=0.52 [0.35,0.63];
prediction of normalized AHit rate, R?=0.69 [0.45,0.79]). Importantly, these predictors were
significant for explaining within-class variability beyond the mean differences between WMPs

and OMPs captured by the group-specific intercept (Fig 7, Figure S5).

This predictability was stronger for changes in feedback-driven flow as compared to feedforward-
driven flow or feedforward controllability, even though learning was poorer when only feedback
weights were retrained (normalized AHit rate with fixed W;y,, WMP = 0.22 [-0.06, 0.66], OMP=0.16
[-0.13,0.42], n=55, p=0.09). This may be because changing the target-specific inputs (bias) is an
essential and indeed larger component of the total change in effective flow, for both within- and
outside-manifold perturbations. Regression models using previously characterized geometrical
features such as changes in variance within the intrinsic manifold (G1), initial variance along the
new decoder (G2), or angle between initial and perturbed decoders (G3), were all poorer at
predicting learning speed (median R?=0.19, 0.22, 0.26 respectively) as well as the change in hit rate
(R%=0.36,0.41, 0.35 respectively). Importantly, these geometrical features were less significant in
explaining additional variability beyond the mean differences (Figure S5), and including these
predictors in the FBK model did not provide additional explanatory power. Interestingly, neural
geometry or initial behavioral impairment did not explain experimental WMP variability either
(Extended Data Figure 6 in [14]). Our computational modeling shows that controllability along the
new decoder and changes in input-driven flow shaped learning variability across different
decoder perturbations and constitute dynamical constraints on learning.

Recurrent plasticity does not lead to variable learning outcomes

While we have focused on input plasticity as the mechanism underlying short-term adaptation, we
also investigated the plausibility of recurrent plasticity as an alternative. Previous studies with
updates of recurrent weights observed that all perturbed decoders were learnable, but differences
between within-manifold (WMP) and outside-manifold perturbations (OMPs) could be attributed
gradients for OMPS [60, 61]. In this study, we examined the consequence of learning via recurrent
plasticity using the noisy gradient estimates in trial-to-trial learning (Figure 7a 2, Figure S6).

recovery of task performance within the tested duration and no differences between WMPs and
OMPs (Figure 7b (%), even for slower learning rates (Figure S7). We also observed that the
trajectories were straighter after relearning, and with little behavioral asymmetry across targets
for both OMPs and WMPs. Further, we observed that recurrent plasticity led to greater
reorganization of neural activity structure, with reduction in fractional variance along the original
PCs (Figure 7c @) and realignment of activity to increase variance along the new decoder,
particularly for OMPs. Moreover, the underlying dynamics were altered to a much greater extent
(Figure 7d (@). These results suggest that neural reorganization under recurrent plasticity is

inconsistent with experimental observations of relatively stable neural geometry. Recent data-
driven modeling of the original experimental data also found that upstream rather than local

Gurnani et al., 2026 eLife 15:RP111322. https://doi.org/10.7554/eLife.111322.1 12 of 38


https://doi.org/10.7554/eLife.111322.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

s eLife

Q

(2

AHit rate (norm.)

Learning speed

Y
(8]

a
o

N
(4,1

o

-
o

o
o

o
o

WMP
OMP
" gk’

20 40
1/Frac. AVF (feedback)
SR—— WMP
OMP

0.625 0.675 O.1l25
Frac. AVF (feedback)

Predicted speed

Predicted AHit rate

10' 10
Observed speed

0.51

0.0

0.0 05 1.0
Observed AHit rate

Cross-validated R?
for learning speed

Cross-validated R?

for AHit rate

e @ o B o
N A o ®» o
h ) s 1

e
o

Geometrical

{ features
—

FBK G1 G2 G3

2
FBK G1 G2 G3

N

FBK = Frac AVF (feedback) + Controllability
G1 = ACovariance + Angle with oPCs

G2 = Initial variance along Wy
G3 = Angle of Wy with Woy & Wingitive

Figure 6. Dynamical constraints explain learning variability.

(a) (Left) Learning speed versus change in feedback-driven flow, for WMPs (red, n=170) and OMPs (blue, n=135). (Right)
Learning speeds predicted using the FBK model, against the true speeds. FBK model includes feedback controllability and
changes in feedback-driven flow as predictors, as well as a group-specific (WMP/OMP) intercept. Scatter denote individual

Neuroscience

decoder perturbations, and shaded areas show different quantiles. (b) Similar to (a), but for normalized change in hit rate. (c-

d) Cross-validated R? (n=40 iterations) for 4 different models, predicting learning speeds in (c) and normalized change in hit
rate in (d). Horizontal lines show extrema and median values of the distribution. All models include 2 predictors along with a
group-specific intercept (fixed effect) that captures categorical differences between OMPs and WMPs. Models G1, G2 and G3

use different geometrical predictors; see Methods for details. Also see Figure S5.
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Figure 7. Recurrent plasticity does not lead to variability in learning outcomes.

(a-d) Learning outcomes of recurrent plasticity in full-rank RNNs. (a) (Left) Schematic showing retraining of recurrent
weights. (Right) Cursor trajectories after decoder perturbation (top) and retraining recurrent weights (bottom). (b)
Distribution of normalized change in hit rate, (c) change in variance within original PCs and (d) change in recurrent
flowfields, for n=35 WMPs (red) and n=35 OMPs (blue). (e-g) Learning outcomes of recurrent plasticity in low-rank RNNs

(rank=4). (f) Distribution of normalized change in hit rate and (g) change in recurrent flowfields, for n=30 WMPs (red) and
n=30 OMPs (blue). Also see Figure S7.
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To assess whether better learning may be attributable to the larger number of modifiable
parameters or a greater expressivity of the dynamics under recurrent plasticity, we examined
adaptation to new decoders in pretrained low-rank networks [68]. By fixing recurrent weights to
be constructed as a sum of rank-1 components, we ensured that the number of modifiable
parameters in plastic low-rank networks was comparable to that of input plasticity (800 vs 700,

Figure 7e ). Despite the lower number of parameters, both OMPs and WMPs were equally

Control bottlenecks shape constraints on learning

Up until now, the feedback input was a simple remapping of a two-dimensional error signal. How
does the expressivity of the feedback mapping and the dimensionality of feedback inputs
influence learning outcomes? To examine this, we introduced a controller network F that
produced a k-dimensional output, either via feedforward processing in a 2-layer network or via
recurrent processing (i.e. the controller network’s state determined the feedback). This
expressivity allows for changes in areas upstream of motor cortex, such as cerebellum, parietal
and premotor cortices. The k-dimensional control signal was provided via a set of fixed projection
weights to the main recurrent network (whose activity is read out by the decoder), while the
network F was Kkept plastic for adaptation (see Methods). The control signal was set to be either
low-dimensional (k = 4, Figure 8a-c @), which defined a control “bottleneck”, or it could be higher

network F. For all controllers with the 2-layer feedforward architecture, we provided a 10-D
projection of the main recurrent network’s state as input in addition to the error signal, so that a
flexible, state-dependent policy could be learned. The recurrent controller instead could use its
own state dependence on the error signal’s history to learn a flexible feedback policy.

While these networks had similarly low-dimensional activity during the baseline task (Figure

bottleneck had fewer highly controllable modes whereas networks with more independent input
channels had an expanded controllable subspace, with a slowly decaying controllability spectrum
controllable subspace for outside-manifold versus within-manifold decoders was smallest for the
architecture with higher-dimensional feedback (Figure 89 (4 ; AOverlap (WMP - OMP): (a) 0.29,
p<e-26, (b) 0.27, p<e-5, (c) 0.29, p<e-14, (d) 0.12, p=0.004). Moreover, the overlap with the feedback
controllable subspace was, on average, higher for both kinds of decoders—WMPs and OMPs—in
this architecture with higher-dimensional feedback. By contrast, the geometric alignment of OMPs
with the initial task-specific intrinsic manifold (high variance PCs) was similarly low across all
architectures. Pretraining with different controller structures could also lead to changes in
learned recurrent dynamics, which can alter feedforward controllability without any changes to
feedforward architecture; however feedforward controllability spectra were largely similar across
architectures, with some reduction in the number of highly feedforward controllable modes for

Next, we implemented learning in these architectures, where adaptation to new decoders was
enabled by changes to feedforward weights and to the feedback controller F. We observed that for
all networks with control bottlenecks i.e. low-dimensional feedback, there was significant
variability in learning outcomes, with a similar signature of poorer learning for outside-manifold

Moreover, increasing the number of modifiable parameters, without getting rid of the bottleneck
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Figure 8. Learning outcomes depend on dimensionality of control input.

(a-d) Networks with different controller architectures, where adaptation to decoder perturbations occurs via plasticity of
input weights and controller network F. Controller networks in (a)-(c) have low-dimensional output, whereas controller
network in (d) has a higher-dimensional output. Two-layer feedforward controllers in (a), (b) and (d) sample both the cursor
position error and the RNN state, process these in a hidden layer, and have different number of output units (4 or 12);
learning occurs at the weights from the hidden to the output layer of F. In (c), networks have a recurrent controller, with 50
hidden units and a 4-dimensional output layer, and learning occurs at the recurrent weights of F. For all architectures, the
projection weights Wy, that transform the k-dimensional controller output into input currents for the main RNN are fixed. (e)
Cumulative variance for varying number of activity principal components (averaged across n=3 networks of each
architecture). Color indicates different architectures from (a)-(d), as indicated in the key. (f) Feedback (left) and feedforward
(right) controllability spectra for network architectures in (a)-(d), averaged across n=3 networks each. (g) Distribution of
overlap of different within-manifold (WMP, red) and outside-manifold (OMP, blue) decoders with the feedback controllable
subspace, normalized by the overlap of the intuitive decoder (Int). The difference between WMPs and OMPs within each type
of network is highlighted as A. (h) Amount of learning for within-manifold (WMP) and outside-manifold (OMP) decoders for
networks with different controller architectures, as shown in (a)-(d). For networks in (d) with higher-dimensional controller
output, both WMPs and OMPs have good learning outcomes.
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outside-manifold decoders across network architectures could be better understood as arising due
to differences in controllability, rather than variance observed during the baseline task which was
similar across architectures. Thus, adaptive but low-dimensional controls impose strong
constraints on short-term learning when effective flowfields in the downstream region are
dominated by fixed autonomous (recurrent) dynamics.

Discussion

Sensory feedback is a key component of skilled motor control and modulates the activity of
neurons in primary motor cortex (M1) via direct and indirect pathways [22-25, 69, 70]. In this
work, we propose that these feedback-dependent signals may be flexibly updated to “re-steer”
neural activity during short-term motor learning. We show how input plasticity, including
feedback remapping, is more consistent as a mechanism for fast adaptation to new BCI decoders,
with pre-existing input-driven dynamical structure serving as a major constraint for learning.
Future work that identifies these dynamics from neural recordings can directly test whether these
features predict subsequent learning outcomes.

Interestingly, we find that geometrical features of neural activity, such as the low-dimensional
task-specific intrinsic manifold, are insufficient to explain the large variability of learning
outcomes. We hypothesize that not only is neural activity constrained within the intrinsic
manifold, but that its temporal structure is limited by underlying flowfields. We thus offer a
mechanistic hypothesis (learning via input plasticity) and theoretical explanation (low
controllability and inconsistent flowfields) for the behavioral and neural observations in previous
BCI experiments [14, 66, 71], emphasizing dynamical constraints on learning. Since we identify
learning constraints as arising from basic control-theoretic properties of input-driven dynamical
systems, rather than from specific aspects of network architecture, these principles can be tested
more broadly in other forms of behavioral flexibility.

There are two key features of our framework that distinguish us from related computational
studies on motor adaptation [58-62] and that enabled these new insights. First, our use of velocity
decoders and inclusion of feedback allowed us to take into account the dynamical nature of neural
activity, making the network’s task from open-loop decoding into a closed-loop control task. This
choice is not only more aligned with the experimental design of BCIs, but allowed us to quantify
the ease of producing neural trajectories, beyond just neural states. Secondly, we examined the
variability between different within-manifold decoder perturbations (WMPs), where all the new
decoders were aligned to the intrinsic manifold. Neither the alignment with the original decoders
nor the original variance along the decoder (which would be low if the WMP is aligned with
trailing PCs) could strongly predict which WMPs would be more learnable. Thus, while
geometrical features of neural activity are a useful starting point, they do not fully predict
learning outcomes. Rather, we found that constraints on learning arise from the structure of
input-driven dynamics that shape both the intrinsic manifold and neural trajectories. Designing
more controllable and learnable BCIs thus requires a better understanding of feedback control of
cortical dynamics, with more attention to not just the distribution of neural states but the
underlying dynamics that govern the time-evolution of those neural states.

Dynamical constraints on learning

Many experimental and computational studies have demonstrated that collective neural
dynamics, i.e. the coordinated and lawful time evolution of neural activity supports many mental
and motor computations [1]. These collective dynamics, often characterized by a flowfield, are
determined by both the network connectivity and external inputs to the network. While the
dynamical systems framework has previously been applied to motor cortex during forelimb-based
tasks, we observed that low-dimensional structured dynamics, interacting with task inputs,
underlie motor cortical activity in a BCI dataset as well.
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Inputs are a key factor for shaping and adapting effective neural dynamics to support behavioral
flexibility. Structured recurrent connectivity in motor cortex can be considered as a flexible
pattern generator, whose output is modified by initial conditions as well as by external inputs
from thalamic and other brain areas [3, 4, 20, 21, 57, 72]. Beyond changes to the attractor
landscape, the interaction of recurrent inputs and time-varying control inputs can support new
control or ongoing computations in upstream brain regions. Our results suggest that modification
of these inputs, either via projection weights or updating nonlinear control policies, can be useful
for, and is likely at play during, rapid motor adaptation and other forms of behavioral flexibility.
Other recent studies have also demonstrated the potential of learning new inputs to recombine
fixed dynamical motifs for fast adaptation in cognitive tasks [10, 13].

However, the success of such adaptation mechanisms depends on the expressivity of the network
dynamics and degree of network controllability, both of which are functions of autonomous
(recurrent) dynamics as well as input architecture. A recent BCI study observed that primates
could not learn to produce reversed neural trajectories within a single session, which would
require massive dynamical reorganization on short timescales [71]. Long-term learning of new
skills may be less limited by such constraints however, by relying on restructuring of recurrent
connectivity. Indeed, multi-day learning of BCI decoders, which is accompanied by reorganization

of neural covariance, may rely on such recurrent plasticity [67, 74]. However, given that

compatible with input plasticity as the basis of learning, as described in our work.

Another key factor for learning was feedback controllability of the BCI decoders. The controllable
subspace, a latent property of network and input structure, could be dissociated from a baseline
task’s “intrinsic manifold”, and low controllability, rather than low variance per se, explained
poorer learning for many outside-manifold decoders. The controllable subspace, and hence the
potential of inputs to reshape effective flow along many different directions, can of course be
altered by input dimensionality. In our networks, we observed that even more expressive
controller networks could not adapt to all decoder perturbations when the control signal was
constrained to be low-dimensional. Such low-dimensional signals may arise due to structural
connectivity constraints (such as bottlenecks between cerebellum to neocortex), or more likely due
to functionally low-rank communication between motor cortex and upstream partners in task-
engaged states, as has been characterized in other regions [75, 76]. This constraint on learning due

While the primate BCI studies [14, 71] provide behavioral evidence for “dynamical constraints on
neural activity”, our work indicates likely circuit mechanisms as well as a theoretical framework
to link controllability in networks to learning speeds. Our work suggests that rapid adaptation is
not achieved by “rewiring” the internal connections in motor cortex, but rather by “re-steering”
the system through new inputs. This mechanism could implement a fundamental tradeoff
between flexibility and stability: it explains why animals can learn certain tasks in minutes
without destabilizing existing motor memories, but it also limits what is “learnable” on these fast
timescales.

Modelling feedback for learning in brain-computer interfaces

The use of sensory feedback during BCI use is by now well-established [22, 53, 56, 77-79]. Even
simple operant conditioning BCI paradigms generally provide some form of sensory feedback or
direct neural stimulation that relates to the network state or task performance (such as a tone
modulated by the neuron’s activity), ostensibly to aid task learning [52, 80, 81]. This feedback
remains essential for the continued volitional modulation of cortical activity. A recent study using
barrel cortex photostimulation as task feedback further found that the structure of the
photostimulation pattern determined the rate of learning [51]. Thus, understanding the learning

dynamics and representational changes during BCI use requires a deeper consideration of the role
of feedback. We observed that altering the feedback mapping could adapt the effective network
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dynamics, but the extent of this dynamical reorganization determined the learning rate. We
similarly expect that learning to use non-intuitive photostimulation patterns requires greater
modification of the feedback pathway, and learning may thus be too slow or limited.

As we have currently not included sensory delays, our networks could use immediately available
feedback for updating their activity and consequently, the motor output. However, the relatively
large delays along the visual pathway (~ 60 ms) necessitate the use of forward internal models that
integrate efferent and afferent information to infer the state of the controlled plant, which can
guide feedback control. A previous study [77] showed that BCI commands could be best
interpreted through the lens of an internal model that combines the last available cursor state and
intervening network activity states to predict the current cursor state, adjusting the network
output accordingly. Extending our model with delays and explicit forward models will help dissect
the network mechanisms that support this computation, and distinguish consequences of updating

the internal model versus changing a control policy directly during adaptation.

Distributed mechanisms for sensorimotor adaptation

What is the neural and synaptic basis of the proposed input plasticity underlying short-term
adaptation? Cerebellar circuitry has a well-established role in sensorimotor adaptation [42, 44, 46,
82-88], which likely extends to BCI learning. Sensory prediction errors that arise due to a
mismatch between new BCI mappings and previously learnt internal models of the BCI [77] can
drive plasticity within the cerebellar cortex, putatively at the granule cell-Purkinje cell synapse,
and recalibrate the internal model for both feedforward and feedback control of cortical dynamics
[38, 89, 90]. Alternative computational theories also suggest that cerebellar feedback may guide

subsequent local plasticity within M1, either by acting as a teaching signal [34, 91] or by estimating

cerebellar interactions during BCI control as well as learning is a promising next step.

In this study, we used hit rate rather than trajectory loss as a measure of success, similar to
required to make perfect reaches or stop at the targets, either during the baseline task or the
adaptation period. Moreover, sensorimotor adaptation has been shown to have both a reward-
driven policy update and an implicit sensorimotor recalibration component [39, 93-97], which are
sensitive to target errors and sensory-prediction errors respectively. These learning processes are
not entirely independent and the rate of implicit adaptation can be modulated by the reward rate.
Explicitly modeling the interaction between the minimization of sensory errors and reward
maximization will yield interesting insights into how different learning pressures shape network
connectivity and dynamics. Another recent study implicated a parallel form of input plasticity in
BCI learning, where low-dimensional feedforward inputs are modified, potentially as a cognitive
it is possible there are concurrent distributed changes, particularly for longer-timescale learning.
Some computational studies have suggested error-or reward-based modulation of local
connectivity in M1 during other motor adaptation tasks [34, 98, 99]. Modelling these parallel
learning processes and dissecting the multi-region circuits underlying learning is an exciting
avenue for future work.

Methods

Modelling framework and task description
Task

The network was trained to perform a 2D center-out reaching task, similar to 2D cursor-based BCI
tasks, where a readout from network activity is mapped onto the velocity of a “cursor”. On each
trial, the network was given a target from 1 of 8 locations. After a Go cue, the cursor was to be
moved towards the target, and held at the target thereafter.
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Parameter | Value | Description

N 100 | No. of RNN units
Nin 3 No. of feedforward stimuli (2D target + Go cue)
Nout 2 Output dimensionality (2D velocity)
Ny 2/4/12 | Feedback dimensionality
Cin 0.5 Initial scaling factor for SD of input weights W;,, and
Wfb
Oiree 1 Initial scale for SD of recurrent weights W,..
Oout 5 Scaling factor for SD of readout weights W,
o 1 SD of RNN unit bias term
T 5 Network time constant (dt=1)
o ReLU | RNN unit nonlinearity
On 0-0.05 | Standard deviation of activity noise

Table 1. Network parameters.

Neuroscience
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Network dynamics

The network activity (r = @ (x)) dynamics were defined as:
f(xv u) =71X=—-x+ Wrecq)(x) + Winuin + Wfbufb7 D

with feedback input set to be the position error (ug, = p* - p). The feedforward input u;, was

a 3-dimensional vector that cued the target location p* [cos(60), sin(0)] and the Hold/Go signal
as a binary value. Wy, Wiy, Wp, refer to the recurrent, feedforward input and feedback

input weights respectively and the nonlinearity @ was chosen to be ReLU unless otherwise
noted. The cursor position p evolved according to:

P = gWou @(X) )

with W,,; as the readout weights (“decoder”) and g=1e-3 as a velocity scaling factor.

For simulations where another network F was set as the feedback controller, F could be a 2-layer
feedforward network or a recurrent network. For feedforward controller architectures, the input
y to the network F was a concatenated vector of sampled RNN state (rg = M, @ (x)) and the position
error (p* - p). This input was then passed via the network F (with a chosen architecture) with the
final output X, = F (y). Sampling the network state X enabled the controller F to learn a flexible,
state-dependent mapping.

r, = M;®(x) 3)
y =[rs,p" —p] (€]
up = F(y) =Wk (2 (Wikhy)) o)

For recurrent controller architectures with hidden state h, the input was the error signal, and
the recurrent dynamics enabled the controller F to use the error trajectory to provide
flexible, history-dependent input.

th = Wy, ®(h) + Wi, (p* — p) (6)

up = Wi (®(h)) (7)

Training

Weights were initialized from a normal distribution with standard deviation equal to o,/ VN,
(input weights Wiy), o,/ /Ny (Feedback weights Wy, o, /V/N (recurrent weights W) and
Oout /VN (readout weights W) Tespectively. For initial training, the random readout weight
matrix W, was fixed while both recurrent weights (W,,) and input weights (W;,, Wg,;) were
trained via gradient descent (Adam optimizer) with a batch size of 32. For networks with a
feedback controller network F, the feedback controller was trained instead of Wp,.. For all
experiments, the readout weights W, . were always kept fixed, either initialized randomly or as
decoder perturbations. The minimized loss function was the average squared difference between
the desired and actual cursor trajectory, plus weight and activity regularization terms (using the
L, norm), where the desired trajectory was a sigmoidal function (in time) along the direct vector to
the target. During training, we introduced small external perturbations in the form of Gaussian
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Parameter | Value | Description

Ny 10 Dimensionality of RNN sampling weights A
Nhid 50/200 | No. of hidden units in F

Nout 4/12 | No. of output units in F

Dria ‘ReLU’ | Nonlinearity at hidden layer

Dyt None | Nonlinearity at output layer

Table 2. Feedback controller (F) parameters.
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bumps added to the current cursor position (o = 10dt, amplitude= 0.02). For testing, we perturbed
the cursor in the form of a discrete jump, by moving either the x-or y-coordinate by 0.1. We tested
the networks by introducing these perturbations at timesteps 150, 300, and 500.

For experiments with adaptation to decoder perturbations (see later), weights were trained using
Adam optimizer with batch size 1. For networks with direct error feedback, either both W;, and
Wipr or only Wy, was trained. For network simulations with controller network F, the weights
from the hidden to output layer (W, | ) or the recurrent layer (Wy;, and W;,) were trained
along with W;,,. Further, the distance to target was penalized during the hold-at-target period
(from step no. 300 to 800) but the network was neither constrained to follow a particular trajectory
nor required to hold at target until the end of the trial (1500 steps).

Weight perturbation

In each training epoch, a pre-perturbation loss (defined above) was computed using the current
weights W before adding a small perturbation §W to each of the trainable weights (independently
drawn from a Gaussian distribution). The change in the loss due to this perturbation (L) was used
as the error signal, and the weight changes were consolidated as W < W — aiz *x 0L x OW.

w

Decoder manipulations

Intrinsic manifold and intuitive decoders

The trained network exhibited low-dimensional activity, allowing us to define an intrinsic
manifold using the top 8 principal components (PCs) that captured most of the activity variance.
We then performed linear regression between the cursor velocity and activity along these 8 PCs to
identify the intuitive decoder Wy, as:

Wip = KUrn, ®)

where K are the regression coefficients, and the rows of Uy, are the loadings for the top 8
PCs.

Within-manifold and outside-manifold perturbations

Following [14], we constructed new perturbed decoders either by permuting the regression
coefficients i.e. columns of K to construct WMPs, or by permuting columns of Uy, to construct
OMPs. To constrain the maximum number of OMPs to be the same as WMPs, we followed the steps
in [14], dividing neurons into 8 groups, and permuting grouped columns. (For dividing neurons
into groups, we first sorted the neurons by their activity variance, then distributing the top 8
neurons randomly into 8 groups, then the next 8 neurons randomly into those 8 groups, and so

on).

We screened all possible WMPs and OMPs and only selected those that passed several criteria,
adapted from the conditions in [14]. The mean “open loop velocity” under the WMP/OMP was
constrained to be within 0.5x-to-3x of mean velocity observed with using Wy as readout, and the
mean angular difference between the two open loop velocities was less than 90 degrees. The mean
closed loop velocity was constrained to be within 0.5x-to-2x of velocity observed with using Wy, as
readout. One of these WMPs or OMPs was then set to be the new decoder W), and the network

weights were retrained to recover task performance.

Network activity analysis

Preparatory and movement PCs

We separately computed principal components of network activity during the delay period
(stimulus onset to Go-cue) and during the movement period (Go-cue to reaching target), and
computed the principal angles between the subspaces defined by the top 4 PCs for each (referred
to as the preparatory and movement subspace).
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Table 3. Initial training parameters.
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Parameter | Value | Description
Ir le-3/3e-4 | Learning rate (Simple networks/ with controller F)
Traa 500 No. of timesteps in a trial
Tetim 20 Stimulus onset timestep
Tyo [100,200] | Go cue timestep (range)
Ney 400-700 | Total number of training epochs (trials)
Nepert 250-400 | No. of training epochs with cursor perturbations
B, 32 Batch size
a 0.03/v/N | Regularization factor - input weight norm
v 0.03/v/N | Regularization factor - recurrent weight norm
B 0.01 Regularization factor - Activity norm

Table 4. Altered training parameters for decoder adaptation.

Parameter | Value

| Description

Ir le-3/3e-4 | Learning rate
Tinax 1500 No. of timesteps in a trial
Ney, 200/1500 | Total number of training epochs (trials)
B, 1 Batch size
n 0.001 Learning rate for weight perturbation
o3 0.01 SD of input weight perturbation
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Fixed point analysis

We computed the fixed points of the joint system for different values of feedforward inputs - the
target inputs were set to each of the 8 targets, and the Go-cue set to 0 for preparatory epoch and to
1 for the movement/hold-at-target epoch. For example, by freezing the target input to (1,0) and the
Go-cue input to 1, we obtain the fixed point during the movement epoch, when the network needs
to reach target at (1,0). We obtained the minima of summed neural and cursor speed using
gradient descent with an adaptive step size, and confirmed that the minimal speed was less than a
small tolerance value. We computed the eigenvalues of the Jacobian at the obtained minima, and
confirmed that the real parts were negative, indicative of stable fixed points. For visualization, we
concatenated all fixed points during the preparatory (or hold-at-target) epochs, and used the top 3
PCs of this dataset.

LDS fitting to model data

We fit an input-driven linear latent dynamical system to the trial-averaged neural activity (for
each target) during the movement epoch. Latent dynamics were defined as:

z(t) = Az(t) + Bu(t); z(0) =z )

where z is the latent variable, and input u is a concatenation of the 2D target location and a
2D error signal i.e. vector-to-target from the current position, computed using the ideal
trajectory. The neural activity r was then defined as a readout of these latent dynamics:

r(t) = ®(Cz(t) + d) (10)

with a ReLU nonlinearity (&) and a bias current d.

For model fitting, we first selected a random subset of neurons (~90%) as training set and used the
rest for testing. Since we used a non-probabilistic model, we fit the parameters A, B, Cy, dy Zg
using gradient descent, where Cy. and dg,. corresponds to the rows of C and d for the training set
neurons. The loss was defined as the squared difference between true and fitted neural activity.
Next we fixed the latent dynamics (4, B, zy) and retrained C, d (in practice, C;pg, diese) ON @ subset
of the targets to identify the observation weights for the test neurons. Model performance with
these learnt parameters was then computed as variance explained for the activity of test neurons
on the remaining held-out targets. We compared model performance (test R?) for different
numbers of latent variables (k=1 to 14) and typically found k=8 to be the best fit.

LDS fitting to BCI dataset

For comparison of network dynamics between experimental recordings and trained
computational models, we used an openly available dataset of M1 activity during a center-out BCI
(https://dandiarchive.org/dandiset/000404/0.230605.2024 ). For analysis we down-sampled data
from monkey G by 6x (60Hz to 10Hz), and data from monkey ] by 10x (200Hz to 20Hz). We used the
binned spike counts as neural observations and centered cursor positions as behavioral
observations.

For LDS fits, we did not perform trial averaging as trial lengths were quite variable. Instead, we fit
an input-driven LDS to trial-concatenated data using the ssm package
(https://github.com/lindermanlab/ssm () [100]. The latent dynamics were again given by equation

probability of observed neural spike counts were based on an inhomogeneous Poisson process
with time-varying firing rates given by

r(t) = exp(Cz(t) + d). 11)
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We first selected a subset of the trials (80%) as the training dataset to estimate the model
parameters. The variational lower bound for the data log-likelihood (or evidence lower
bound, ELBO) was then computed for both the training and test datasets using the estimated
parameters. We compared the consistency of the inferred underlying latent dynamics by
comparing the eigenvalues of the dynamics matrix A across different training subsets. We
confirmed that this consistency was not observed in shuffle controls. For one control, activity
of each neuron was independently shifted in time, preserving individual neurons’ temporal
structure but destroying shared dynamical structure. For the second control, we preserved
the population covariance structure, but shuffled the population vector in time. We also
identified the rotational frequency and decay timescale of the slowest complex eigenvalue of
each fit, and compared it to the inferred rotational modes of the trained models.

For fixed point analysis, we solved the linear equation Az + Bu = 0, by setting the feedforward
input to each of the 8 targets and the feedback input to be 0 (corresponding to a cursor held
stationary at the target). We then computed the first 2 principal components from the set of 8 fixed
points, and visualized the inferred latent state z;(T") (based on observed neural activity) at the end
of each trial k in the same 2D space (z£7). We also used nonlinear classification techniques (K-
nearest neighbors) to decode the trial target from this projected latent state if P as well as from
the full latent state 2;(T), the inferred firing rate r,(7T'), and the true binned spike count at the end

of each trial. A similar result was obtained using other nonlinear classifiers.

Analysis of adaptation to decoder perturbations

Task performance

To facilitate comparison with measures of task performance and adaptation defined on
experimental data, we computed the hit rate as the fraction of trials where the cursor came within
10% (of total distance) of the target in the defined time window, and used this instead of using the
trajectory loss. Similar to experiments in [14], this meant that for successful adaptation, the
network was not required to keep the cursor still at the target but just to “hit” the target within a
defined time window. The normalized improvement in hit rate was computed as (R55¢ = /(1 -
hyre), where hit rate h was computed using performance on 200 trials. This quantified the “amount
of learning” and was used as a measure of success of adaptation. We defined the acquisition time
for successful (hit) trials as the first timepoint where the cursor crossed this 10% threshold.
Progress was defined at each timepoint as the component of the cursor velocity along the current
vector-to-target. Behavioral asymmetry was calculated by first computing mean progress (P;) for

each of the targets i and then computing the index Z2x(Fi_min(P)

mean(P;)
Adaptation learning rate

Individual learning curves were calculated by getting smoothed hit rates across the training trials
using a uniform window (of size 20 trials). The smoothing was necessary as hit rates on individual
trials took the value of 0 or 1 during this training period. These learning curves were similar
across different runs of adapting to the same decoder (different sequence of stimuli). Hence we
averaged the learning curves across 3 to 5 adaptation runs to the same decoder and fit a logistic
function to these learning curves:

a

M) = T k=) (12)

where the rate of learning was quantified as the parameter k or the total learning speed
(defined as a * k).

Statistical reorganization

To compare similarity of covariance structure between pre- and post-adaptation activity, we took
the vectors s; of relative standard deviation along the top 8 PCs, and computed the similarity as the
dot product between the normalized vectors: §,,, "85 Similarity of decoders was computed as
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either the angle between the decoders or the average overlap (inner product) between the
corresponding decoder dimensions i.e. for a dimensional decoder, the overlap is +Tr (W1, Wier ).

Controllability of readout
To compute controllability properties of the nonlinear system, we can use the notion of Lie

non-commutativity of two vector fields f; = F (x, uy) and f, = F (X, uy):

L(f1,f2) =Vfafi = Vfifo

When the Lie bracket is non-zero, it means that the flows do not commute i.e. the order in
which the two input-dependent flowfields are applied determines the endpoint. Moreover,
the Lie bracket assigns a new tangent vector to each point in the underlying manifold, i.e.
varying the input over time to apply f; and f5, in infinitesimal time, produces a new flowfield

that differs from the individual input-dependent flowfields. The Lie algebra is the span of all
possible vector fields that can be produced by varying the inputs i.e. it is the smallest linear
space of vector fields that is closed under the Lie Bracket operation and contains the starting
family of fields. For this study we focused on local controllability properties by looking at
properties of this vector space at different points along the observed trajectories. Since
network dynamics are control-affine in the space of state x, i.e. the inputs combine linearly
with autonomous dynamics, we computed the Lie algebra corresponding to the family of
input-driven vector fields using the iterative method in [73]. This reduced to:

g(x) = [fO(X)a gO(x)’ gl(x)a gN(X)]
where fo(X) = Wyee, 8o(X) = W, = Wy, or Wy, D(X) = V (@ (X)) = diag(® (%)), and

gr(x) = L (fo,gr-1) = _(WrecD(X))ch
The higher order terms e.g. L(g;, g3) reduced to zero as Vg; = 0 for i, k > 0 with ReLU

nonlinearities (all terms included Vz((® (x)) = 0).

We examined the spectrum of singular values of & (x) for at least 300 different points x sampled
from neural trajectories under intuitive decoder use. As the spectra were highly similar at
different parts of the state space, we averaged them across different sampled states. At each state,
we identified the highly controllable subspace U; as the subspace spanned by the first i left
singular vectors such that Xs2 was at least 90% of the total sum (typically 10 modes). To measure
controllability of the decoder, we computed the weighted overlap of the highly controllable
subspace with the perturbed decoder as Wp{;rt U;S;, where S; are the corresponding singular
values and normalized it by the overlap between U; and the intuitive decoder.

Changes in flow-fields

The flow i.e. the direction in which the network state x would move could be computed at any
state along a trajectory (x, p) using the network dynamics equation in (1). For networks with
controller architecture, the feedback input was computed using the equation (5) & or (7). We
then computed the L2-norm of the difference in the network flow f (or vector-field) along the final
observed trajectory, by using pre-training and post-training weights:

”fpost (Xa p) - fprc (X, p)”
A =
VE@p) ”fpre (x,p) ” 3

At each state, the flowfield f,,5; was computed by updating either specific or all weights to the

post-retraining values.

Regression models

We fit a linear mixed effects model for both the log learning speed and the normalized
improvement in hit rate, using different sets of predictors and included a group-dependent
(WMP/OMP) intercept.
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* FBKmodel: Log feedback controllability of new decoder W,e/¢ (overlap with the top feedback
controllable subspace), and log fractional change in feedback-driven vector field

¢ G1 model: Angle between the perturbed decoder and the intrinsic manifold, and change in
fractional variance within the original PCs over training

e (G2 model: Principal angle between perturbed decoder and the original decoder, and initial
activity variance along the perturbed decoder

* G3 model: Principal angle between perturbed decoder and the original decoder W, as well
as angle with the intuitive decoder Wy

Regression performance was evaluated as the cross-validated explained variance captured on a
test set, and recomputed for multiple random partitions (K=40) of the data into training and test
sets (80/20).

Statistical analysis

Measures are generally reported as median values, along with the 5th-95th percentile values as
the confidence interval, unless otherwise noted. For comparison of various measures between
WMP and OMP adaptation, we used Mann-Whitney U test. For linear regression, model
performance is reported as the median cross-validated variance explained (R%), and p-values
reported based on the F-statistic.

Data availability

The current manuscript is a computational study, so no data have been generated for this
manuscript. Code for training and analyzing models is uploaded on Github at
https://github.com/harshagurnani/FeedbackControlledRNN (% . Publicly available datasets [17] used
for supplementary analyses are available at
(https://dandiarchive.org/dandiset/000404/0.230605.2024 (7).
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Peer reviews
Reviewer #1 (Public review):

Summary:

Gurnani et al. explore how dynamical properties of neural networks influence capacity for
and mechanisms of learning. Specifically, they focus on Brain Computer Interface (BCI)
learning, in which manipulations are applied to a decoder that maps neural activity onto
computer cursors. This paradigm was introduced by Sadtler et al. 2014, and has become an
influential part of the neuroscience motor learning literature. A particularly fascinating
outcome of that body of work is the observation that "within-manifold" perturbations
(WMPs), which preserve covariance structure in the neural population, are easier to learn
than "outside-manifold" perturbations (OMPs), which break this. Since deep network
parameter access is challenging (to say the least) in monkey experiments, the intuition for
this split in learnability is ripe for modeling and theory work. Indeed, the authors here
introduce a feedback-driven recurrent neural network model whose output drives a
simulation of a neural decoder commonly used in BCI studies like the Sadtler paper. While
there have now been several modeling studies exploring how neural networks could solve
this task, the feedback control perspective gives the authors' new model an interesting niche.
Overall, this is a thoroughly done and well-written modeling study, and a solid contribution to
the literature on within- and outside-manifold perturbations.

Strengths:

Reframing the OMP and WMP learning from a feedback-driven dynamical systems
perspective, not just a geometric one, is an interesting take. The controllability analysis (along
with the clear difference in input-driven and recurrence-driven learning) is quite a cool
result that helps better frame what might be happening in the primate brain during similar
tasks.

Weaknesses:

Some of the more interesting aspects, especially the controllability) and the differences
between input-driven and recurrence-driven learning could be further developed, either by
showing more analyses or running more comparisons. A few sections could benefit from
some additional clarity on the strength and significance of results.
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Reviewer #2 (Public review):

Summary:

The constraints on learning in the brain remain elusive. Using BCIs, Sadtler et al.
demonstrated that the brain can rapidly learn new decoders that lie within the intrinsic
neural manifold (short-term adaptation), while showing substantial difficulty learning
decoders that lie outside the manifold. This finding suggests that neural manifolds impose
constraints on learning. However, even among within-manifold decoders, there was
considerable variability in learning rates that could not be explained solely by geometric
factors.

Here, Gurnani et al propose that, in addition to manifold structure, neural dynamics (i.e., the
flow field across states) impose critical constraints on learning. To test this idea, the authors
trained RNNs that received real-time feedback (e.g., position error signals) during a BCI task
in which the network controlled a cursor. The authors showed that short-term adaptation to
a new decoder is facilitated by plasticity in sensory inputs, and that pre-existing dynamics
influence the speed of adaptation across different decoders. These findings may explain
previously unresolved constraints observed in BCI learning and suggest an important role for
neural dynamics in constraining sensorimotor learning in the brain.

Strengths:

Overall, the work is highly impactful and is likely to motivate a new generation of BCI and
learning experiments combining large-scale neural recordings with latent dynamical systems
analyses. The paper is clearly written, and I only have minor comments, primarily for
clarification.

Weaknesses:
There are no major weaknesses. Please see below for minor comments.

(1) If T understand correctly, most analyses do not distinguish between the preparatory phase
and the movement phase. Given that the preparatory phase is largely controlled by
feedforward input, I suspect that most of the dynamical constraints underlying learning
variability arise during the movement phase. Is this correct? If so, could the authors clarify or
directly test this distinction?

(2) P4: Position vs. velocity decoders: It would be helpful to describe whether and how the
choice of velocity versus position decoders influences whether perturbations are learnable,
and whether input-driven constraints arising in this task are similar.

(3) The variance criteria used to screen decoder perturbations may themselves covary with
learning rate, behavioral asymmetry, and overlap with controllable subspaces. A
quantification of this relationship would help contextualize the findings and inform the
design of future BCI experiments.

(4) To support the comparison between Figures 3 and 7, and the conclusion that Figure 3
better matches the experimental data, which is an important point of the manuscript, could
the authors provide quantitative values from the experimental data (e.g., how large is the
change in variance within oPCs, etc)?

(5) Figure 8h: Is the variability in learning rates in models with different controller networks
explained by the same dynamical constraints described in Figure 6? Demonstrating
consistent dynamical constraints across model architectures would strengthen the paper's
central conclusion.
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(6) Figure 8f: Why does feedforward controllability differ between conditions? This is
mentioned in the text, but no explanation is provided.

https://doi.org/10.7554/eLife.111322.1.sa1

Author response:

We thank the reviewers for such positive and constructive feedback, and for their
enthusiasm about our use of controllability and dynamical systems perspectives to
understand learning variability. We are glad to see that they believe this work will be “highly
impactful” and “directly motivate new learning experiments”. We agree that these findings
suggest new experimental tests of dynamical constraints on learning, in BCIs and motor
control as well as other computations that depend on neural dynamics, such as decision-
making tasks. Combined with new tools for data-driven identification of latent dynamics, we
are excited to see how dynamical constraints can help understand learning outcomes across
different tasks, brain areas, and individuals.

Based on reviewer comments, we identified three sets of analyses that will improve the
clarity and strength of evidence for our primary conclusions.

(1) As the reviewers identified, a central contribution of this study is to show that continuous
within-class variability becomes explainable by considering underlying dynamical structure.
We realize this was insufficiently emphasized in Figure 6. All regression models included
group-specific intercepts, so improvements from dynamical features reflect prediction
beyond class-level differences. To quantify this directly, we compared against an intercept-
only model and evaluated prediction of within-class residual variability (mean-subtracted).
Geometric features did not improve performance beyond class means, whereas dynamical
features significantly improved prediction (p<10™ for both behavioral measures). Moreover,
only dynamical features predicted within-class residual variability (cross-validated R* = 0.19
and 0.30 for learning speed and hit-rate change, respectively; p < 10<sup-8). We will add these
analyses and revise the text to clarify this point.

Total variability Total variability

EEC“ 1.0 Residual variability (within-class) - 1.0 Residual variability (within-class)
T g o8| T
oo Geomalrical feaures s L
© 0.6 e e Dy w 008
== T o
=L pa == 4
[ w L
I8 o2 >4 g2
] By
£ o rfrfrtr  B%w e ey
C Lz C o2

FBK G1 G2 G3 Class FBK G1 G2 G3 Class

mean mean

Author response image 1. Cross-validated R? for (left) learning speed and (right) change in hit rate, for true
behavioral outcomes (total variability, blue) and after subtracting class means for OMPs and WMPs
(residual variability, orange).

(2) We appreciate the reviewers’ comments to clarify what changes in neural structure are
small, and to provide a quantitative comparison to changes observed in the primate BCI
experiments.

We referred to published analyses of within-manifold perturbations (WMPs) in the primate
BCI experiments, which reported <10% reduction in fractional variance within the intrinsic
manifold for most sessions (Golub et al., 2017). (No comparable analysis was reported for
OMP sessions.) For adaptation to WMPs, changes in variance within the intrinsic manifold in
RNN models with input plasticity closely matched experimental observations (75th
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percentile: 94% of pre-learning variance in the model versus 90% in data), whereas recurrent
plasticity RNN models produced substantially larger departures (78%). In fact, the entire
distribution with recurrent plasticity was shifted to larger changes than those observed in
most primate WMP sessions. A second comparison based on covariance changes along BCI
dimensions (Figure 5 in [1]) yielded a similar conclusion. The authors estimated ~5-20%
changes in covariance along both the intuitive and perturbed decoder dimensions during
WMP sessions. For our RNN models trained with input plasticity, we observed similar
changes: changes along the perturbed decoder were <10% although changes along the
intuitive decoder were ~40%. We borrowed the terminology of “small” from the experimental
findings in [1], where comparisons were made to alternative learning hypotheses (with
predicted changes as >10-fold higher). These analyses now provide more quantitative
evidence that neural reorganization under input plasticity is largely consistent with primate
neural data. We will add these comparisons as a supplementary figure in the revised

manuscript.
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Author response image 2. Proportion of maps with normalized variance in intrinsic manifold (IM) above a
certain minimum value. Results with training RNNs on WMPs, with either input plasticity (blue) or recurrent
plasticity (orange), overlaid on primate data from Golub et al, 2017 (black). Dashed lines indicate the 75th
percentile value.

We agree with reviewers that under input plasticity, both statistical and dynamical changes
are relatively modest, particularly when compared to the behavioral changes. Rather than
focusing on the magnitude of these changes, our regression analyses in Figure 6 highlight
that the dynamical changes are a better predictor of continuous variability of behavioral
outcomes. Moreover, OMPs are misaligned with both the intrinsic manifold and the
controllable subspace. Thus, mean OMP learning performance alone cannot disentangle the
contribution of these different sources of misalignment. By showing that variability within
each class is explained by considering dynamics (Figure 4, Figure 6), and using the
dissociation between task manifold and controllable subspace by varying controller
architecture (Figure 8), we provide evidence that dynamical constraints provide a more
comprehensive picture of learning variability, beyond categorical differences.

(3) Finally, we tested whether the same dynamical features explain learning variability across
the alternative controller architectures in Figure 8. They remained predictive of learning
speed (cross-validated R? of 0.35 and 0.33 for low-D and high-D controller networks
respectively), supporting the generality of the proposed dynamical constraints. We will add
this analysis to the revised manuscript.
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As per reviewer suggestions, we will also perform additional analyses to examine the
relationship of learning outcomes to initial behavioral metrics for different decoders, assess
flowfield changes during the preparatory phase, report the relevant statistics for stated
comparisons, and clarify that learning with only one set of inputs (either feedforward or
feedback) was poorer. We will also clarify several points raised by the reviewers, including:

(i) the compatibility of overlapping confidence intervals of WMP/OMP learning outcomes
with prior experimental data in Sadtler et al, 2014;

(ii) the distinction between flow-field changes in the full neural state space (Figure 5D) and
along behavioral readout dimensions (Figure 5E);

(iii) that autonomous dynamics contribute to controllability and how differences in pre-
trained autonomous dynamics across controller architectures could indirectly vary
feedforward controllability (Figure 8); and

(iv) the relationship between controllability and reachable manifolds in position-decoder
BCIs.
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