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The brain and body comprise a complex control system that can flexibly perform a diverse range of
movements. Despite the high-dimensionality of the musculoskeletal system, both humans and other
species are able to quickly adapt their existing repertoire of actions to novel settings. A strategy
likely employed by the brain to accomplish such a feat is known as compositionality, or the ability
to combine learned computational primitives to perform novel tasks. Previous works have demon-
strated that recurrent neural networks (RNNs) are a useful tool to probe compositionality during
diverse cognitive tasks. However, the attractor-based computations required for cognition are largely
distinct from those required for the generation of movement, and it is unclear whether composi-
tional structure extends to RNNs producing complex movements. To address this question, we train
a multitasking RNN in feedback with a musculoskeletal arm model to perform ten distinct types of
movements at various speeds and directions, using visual and proprioceptive feedback. The trained
network expresses two complementary forms of composition: an algebraic organization that groups
tasks by kinematic and rotational structure to enable the flexible creation of novel tasks, and a
sequential strategy that stitches learned extension and retraction motifs to produce new compound
movements. Across tasks, population activity occupied a shared, low-dimensional manifold, whereas
activity across task epochs resides in orthogonal subspaces, indicating a principled separation of
computations. Additionally, fixed-point and dynamical-similarity analyses reveal reuse of dynamical
motifs across kinematically aligned tasks, linking geometry to mechanism. Finally, we demonstrate
rapid transfer to held-out movements via simple input weight updates, as well as the generation of
target trajectories from composite rule inputs, without altering recurrent dynamics, highlighting a
biologically plausible route to within-manifold generalization. Our framework sheds light on how the
brain might flexibly perform a diverse range of movements through the use of shared low-dimensional
manifolds and compositional representations.

1 Introduction

In both cognitive and motor domains, animals can perform related but unfamiliar tasks with rela-
tively little training. How does the brain achieve this remarkable flexibility? One widely proposed
explanation is that cognitive and motor flexibility relies on the reuse and combination of previ-
ously learned computational primitives when appropriate—a strategy known as compositionality.
For instance, a professional dancer can learn and perform new movements far more quickly than a
novice, likely because they already possess foundational “motifs” that can be quickly recombined in
novel ways. Moreover, they can retrieve and deploy the necessary patterns for executing a wide vari-
ety of movements—unlike modern control systems and deep learning models which largely focus on
narrow settings.

There have been several recent studies experimentally exploring the neural basis of composition-
ality in cognitive settings [1–7]. These have subsequently inspired the exploration of compositional
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representations in RNNs through the lens of multi-tasking or continual learning [8–12]. It has been
shown that recurrent neural networks (RNNs) trained to perform multiple cognitive tasks develop
modular computational units that are uniquely composed across tasks [8, 9]. However, this level of
insight is yet to be seen from models performing various movement patterns, and it is unclear if the
same principles apply in a continuous pattern generating setting without discrete motifs, such as
those during working memory, decision making, or contextual inference tasks.

Indeed, compositional strategies during movement have been examined from multiple perspec-
tives [13–15]. Popular topics regarding motor compositionality include hierarchical control and the
use of muscle synergies to form complex movements. However, research in this regard has focused
primarily on the capability of the nervous system to employ such strategies, not on motor cor-
tical representations while stitching together primitive computations for the generation of diverse
movements.

To model the motor cortex controlling the body, the joint use of RNNs and musculoskeletal models
has been key for a diverse range of model organisms such as hydra, flies, rodents, and macaques[16–
21]. Such embodied systems can reveal important structures in the networks trained to drive them.
Although these frameworks have been used to study the correspondence between trained networks
and recorded neural trajectories, they have largely not been leveraged for understanding multi-tasking
and compositionality. Notable studies considering embodied control during multitasking are [18, 22],
where rat skeletal models were trained to perform multiple tasks using reinforcement learning. The
work of [22] in particular was the first to analyze the representation of multitasking networks per-
forming movement related tasks. However, these works largely focus on representational similarities
across diverse behaviors, as opposed to the underlying compositional strategies used by the network
across tasks and how they are realized. For example, compositionality can be algebraic in nature,
such that the neural representations of tasks are shifted in state space in accordance with a consis-
tent and structured mapping, with different modes defining primitive components of the underlying
computation [8]. Additionally, particularly in motor settings, kinematic motifs may be flexibly com-
bined in novel ways to perform complex movements, which we term sequencing [23]. The ability of
network models to form such representations strictly through multi-tasking has yet to be studied.

While experimental evidence for compositional representations in the motor cortex are lacking,
there has been recent evidence suggesting the use of shared computations across tasks in primates [24–
27]. Such reuse has been demonstrated through shared low-dimensional manifolds across diverse wrist-
based motor tasks in macaques [24], consistent with the manifold hypothesis that the coordinated
activity of neurons at the population level, not single-neuron tuning, is the primary computation
towards movement generation [28, 29]. Through this lens, network modes define the building blocks
of a computation, and a shared manifold allows for reuse of such modes across tasks. At the same
time, studies have shown that the motor cortex uses orthogonal subspaces to isolate computations,
particularly between preparatory and movement epochs [30–32]. Do networks trained to perform a
variety of motor tasks adopt a similar organizational structure to share and isolate computations? If
so, does this solution lend itself to compositional representations of movement?

Here, we develop a closed-loop multitasking RNN that controls a musculoskeletal arm to perform
ten distinct types of movements, in order to examine whether a compositional structure emerges
in the network through multitask training itself. The tasks include extensions and retractions of
various movement patterns such as straight reaches, curved reaches, and more complex patterns.
Compositional representations can be built from these tasks both algebraically, by grouping kinematic
and rotational similarities in a structured manner, and sequentially, through the ability to stitch
kinematic motifs together. We find that low-dimensional, shared subspaces are consistently utilized
during the movement phase of all tasks, while computations across epochs are organized in orthogonal
subspaces. The network also reflects dynamical similarities across aligned tasks, demonstrating reuse
of dynamical structures. We then show that tasks are represented algebraically in network state
space, and demonstrate that a task can be performed using motifs learned during other tasks through
specific combinations of rule inputs. Additionally, we show that the kinematic motifs learned during
training can be sequenced together without explicitly learning this relationship. Finally, we show
the network is able to transfer its learned motifs to perform novel movements by only training the
weights corresponding to a new static rule input. Overall, our framework provides a foundation for
understanding the network structure and motifs that underlie motor compositionality.
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Fig. 1 Task design and training performance. (a) We train an RNN in feedback with a musculoskeletal model in
order to perform ten distinct kinematic trajectories in eight different directions at three different speeds. Feedback
from the arm is provided though muscle lengths, velocities, and visual feedback of the hand position. Other task-
related variables are fed into the network such as the rule input, speed scalar, go cue, and target position. (b) Task
design represents distinct kinematics containing composable elements. (top) Tasks can be constructed in an algebraic
manner in network state space. (bottom) Individual extension and retraction motifs may be compartmentalized and
sequenced in order to produce complex movements such as a figure eight. (c) Diagram of task structure. Task begins
in a stabilization baseline period, where only the rule input appears, followed by a delay period in which condition-
specific inputs appear, and finally movement occurs with a subsequent hold epoch. (d) Validation loss for interpolated
conditions across all tasks. (e) Kinematic trajectories of the trained network for each task in each direction condition.
(f) Example task kinematics for different speed conditions, with certain (not all ten) validation speeds included.

2 Results

2.1 Successful multi-task kinematics achieved through training

We design a suite of tasks analogous to the center-out paradigm commonly performed by primates
in experimental settings (Fig. 1b) (see Supplemental for task details). The tasks share various com-
putations, which may allow the network to repurpose learned motifs in unique ways. For example,
the Figure8 task is composed of two sinusoidal movements, with the extension portion having the
same kinematics as the Sinusoid task (Fig. 1b, bottom). Note that despite the kinematic similarities
between these ”subset” pairs (given that Sinusoid is a subset of the Figure8), they are distinguished
by a one-hot contextual input representing individual tasks (i.e. the rule input). Additionally, the
curved reaches, cycles, sinusoids, and figure eights each pose two distinct tasks, with the movement
beginning either in a clockwise or counter-clockwise fashion. If a compositional representation forms
in the network, the underlying kinematic patterns and rotational properties may be represented in
a structured manner to construct each movement (Fig. 1b, top). There are five tasks with unique
kinematics that only extend outwards, which we denote as extension tasks. Similarly, there are five
tasks that extend outward and retract to the center using the same kinematic pattern, which we
denote extension-retraction tasks. Each task contains a baseline stabilization epoch, followed by a
delay epoch where condition specific inputs are active, then the movement epoch and subsequent
hold epoch for stopping (Fig. 1c).

We trained an RNN using supervised learning to perform ten different motor tasks, with eight
directions performed at three different speeds per task, for a total of 24 conditions (Fig. 1a). For the

3

.CC-BY 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 16, 2025. ; https://doi.org/10.1101/2025.09.10.675375doi: bioRxiv preprint 

https://doi.org/10.1101/2025.09.10.675375
http://creativecommons.org/licenses/by/4.0/


a. b. c.

Num Components

Va
ria

nc
e 

Ex
pl

ai
ne

d

PC 1 PC
 2

PC
 3

Del
ay

 Ep
oc

h
 P

C 1
D

el
ay

 E
po

ch
 

PC
 2

Interpolation Alpha

g.

jPC 1

jP
C 

2

e.

InvSinusoid

Num Components

Va
ria

nc
e 

Ex
pl

ai
ne

d

20

1

0

PC 1 PC
 2

PC
 3

d.

f. h.

Network Dynamics 
during Movement

Network Dynamics
during Movement

Fixed Points
during Delay

Muscle Dynamics
during Movement

Muscle Dynamics
during Movement

PC 1 PC
 2

PC
 3

Num Components

Va
ria

nc
e 

Ex
pl

ai
ne

d

Direction

Fast

Slow

Speed

0

Interpolation 
Alpha

1

Start End

Rotational Dynamics
during Movement

20

1

0

Direction

5

1

0

Fast

Slow

Speed

PC 1 PC
 2

PC
 3

Num Components

Va
ria

nc
e 

Ex
pl

ai
ne

d

5

1

0

Fast

Slow

Speed

PC 1 PC
 2

PC
 3

Fig. 2 Within-task dynamics of trained network. (a) Example task, in this case an inverse sinusoid (InvSinu-
soid). (b) (left) Variance explained ratio for each direction condition along the PCs captured across conditions. (right)
Network trajectories along the top three PCs found across conditions. (c) Fixed point structure of network during the
delay epoch is a ring representing each direction. (d) Same structure as (b) in the muscle space. (e) jPCA computed
across speed conditions shows that the network utilizes rotational dynamics. (f) (left) Variance explained ratios for PCs
captured across speed conditions. (right) Network trajectories projected onto the top three PCs shows speed conditions
offset the same trajectories. (g) Fixed point interpolation between inputs during the delay to the middle of movement
demonstrates large changes in fixed point structure between epochs. (h) Same structure as (f) in the muscle space.

arm musculoskeletal model, we use Motornet [16], a Python package for developing musculoskeletal
models with differentiable muscles. The particular limb model we used is derived from [33], which
implements a biologically plausible lumped-muscle model for 2D planar movements. The arm con-
tains six muscles and two joints, and provides proprioceptive feedback to the network in the form
of muscle lengths and velocities, and visual feedback of the hand position. Note that while the limb
model we use here is not as complex as those shown in previous embodiment studies [17, 18, 22],
we are able to replicate experimental results regarding both within and across-task computational
strategies in both the network and muscle space, reflecting the accuracy of our approach. The sim-
plicity of the arm model and task structure additionally presents a tractable framework for studying
network representations and identifying motifs. Training resulted in accurate kinematic trajectories
for all movements and conditions (Fig. 1e,f). The tasks were interleaved during training with equal
probabilities, and the validation loss dropped consistently for each task, with Figure8 and InvFigure8
taking the longest to train and ending with the highest validation loss (Fig. 1d).

2.2 Within-task network dynamics are consistent with previous studies

We begin by examining how each individual task is solved by the network. Figure 2 shows an example
of a single task, InvSinusoid, though other tasks exhibit similar structure (Supplemental Fig. 3). In
Fig. 2b, we see that the network trajectories across reaches in different directions are consistent in ori-
entation and shape but differ in offset or magnitude. This likely reflects the arm’s geometry, suggesting
that different conditions require slightly varied solutions. In Fig. 2 (c), we observe a ring of fixed
points during the delay epoch, representing the initial condition for each movement [34, 35]. Inter-
estingly, the fixed point structure changes drastically between epochs, as seen during interpolation
between delay and movement inputs in Figure 2 (g). This suggests distinct dynamical computations
across epochs, supported by the observation that delay-epoch PCs explain progressively less variance
of movement-epoch fixed points during interpolation. In the muscle space (Fig. 2d), we observe less
organization than in the network space, with some directions needing more dimensions to explain
the same variance, along with heavily overlapping state space trajectories. Across speed conditions
(Fig. 2f,h), network dynamics appear as translated versions of the same trajectory along a specific
mode, while this structure is less present in muscle trajectories. This dichotomy is also observed in
M1 and muscle recordings from non-human primates [36]. The RNN also engages rotational dynam-
ics during reaches (Fig. 2e), a feature commonly observed across motor cortex tasks [37]. Overall,
our model demonstrates a similar structural alignment for solving motor tasks as shown in previous
experimental and modeling studies.
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Fig. 3 Compositional representations. (a) Algebraic representation of tasks during the baseline epoch, when
only the rule input is presented without condition specific information. PC 1 tends to capture rotational differences in
tasks while PC 2 captures kinematic differences. (b) Optimizing for a combination of rule inputs necessary to perform
a novel task. The Reach task was able to find the best combination of rule inputs for performance. All tasks are able
to significantly minimize the loss. (c) Example rule inputs across eight direction conditions. Each rule input is unique
across tasks and relatively consistent across conditions. (d) The initial conditions used by the learned rule inputs
(x’s) are similar in structure to the initial conditions used by the baseline model (circles). (e) Example kinematics
from learned rule inputs shows that each task is performed properly. (f) Schematic of sequential compositionality and
experimental setup. Rule inputs are switched during the middle of the movement epoch in order to perform unique
kinematic motifs while extending and retracting. (g) All kinematic trajectories for sequential rule switching experiment
designed in (f). Most tasks are able to perform well, while some fail to quickly reverse directions during retraction (e.g.,
CClkCR extension, ClkCR retraction). Despite this, many tasks and conditions are able to completely shift directions
as well.

2.3 Distinct forms of compositionality emerges through task inputs

For RNNs performing many cognitive tasks, structured network representations emerge to orga-
nize tasks containing similar primitive motifs. In the current motor setting, where task outputs are
defined by the continuous hand kinematics of an underlying musculoskeletal system, whether or not
a compositional structure emerges is unclear. It is possible that the network develops an algebraic
representation of tasks, as well as the ability to sequence various kinematic motifs. To test for alge-
braic representations, we use similar methods as [8]. First, we show a structured representation of
tasks in state space using PCA on the averaged activity across conditions during the baseline epoch
(Figure 3, a). We chose to visualize the baseline epoch representation since only the rule input (as
opposed to other condition specific inputs) is considered, however other epochs have similar results
(Supplemental Fig. 4). From Figure 3 (a), we can see a clear algebraic representation, with PC 1
distinguishing rotational components of the tasks and PC 2 capturing kinematic differences. This
representation implies that tasks are built from primitive computations, and it may be possible to
perform task A by applying specific combinations of rule inputs corresponding to different tasks that
contain the necessary primitives [8]. To test this, we perform a rule input optimization to find the
particular set of rule inputs for other tasks (not including task A) that allow for performing task A
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well. The model is able to learn this rule input relatively well across tasks, with reaches and curved
reaches performing the best (Fig. 3, b). Rule inputs are similar across conditions, and each task
requires unique combinations of rule inputs (Fig. 3, c). These learned composite rule inputs bring the
initial condition of the network at the end of the delay epoch relatively close to its initial condition
using the original rule input (Fig. 3, d). Lastly, the resulting kinematic trajectories clearly represent
the desired task (Fig. 3, e).

Another form of compositionality comes in the form of sequencing. In our task suite, the model
learns both extension and retraction kinematic motifs, but only learns to combine them by using
the same motif backwards (e.g., reach forward and reach back, cycles, figure eights). It is unclear if
the model learned a modular representation for each kinematic motif such that any of them could
be combined arbitrarily. To test this, we activate the rule input for a particular extension task, then
once the movement is performed, switch to a rule input denoting a particular extension-retraction
task to capture a different retraction motif, and see if both can be performed well (Fig. 3, f). The
results of these experiments are shown in Figure 3 (g), with most tasks being able to perform distinct
motifs during extension and retraction in an accurate manner. The network fails to perform well
when the motif to be performed backwards counters the direction of the extension (e.g., ext: CClkCR
and ret: SinusoidInv). Despite this limitation, the model is clearly able to combine unique extensions
and retractions despite not being explicitly trained to do so, demonstrating that extension-retraction
tasks are the result of reusing and composing learned kinematics in a modular fashion.

2.4 Network analysis shows a shared manifold across tasks yet distinct
manifolds across epochs sub-tasks

The use of algebraic representations to organize tasks suggests the existence of shared network
modes for similar tasks. Indeed, experimental evidence has shown that the motor cortex uses shared
low-dimensional subspaces across distinct motor tasks [24]. While shared network subspaces do not
directly imply compositional representations, it is likely that a compositional network utilizes similar
structures as those found during experiments. This may suggest that such structures are likely neces-
sary in order for compositional representations to emerge. To investigate, we computed the principal
angles [38] between all pairs of tasks and between four different conditions within the same task. For
across task comparisons, we tested the alignment between the top 12 principal components (PCs)
found during the movement epoch—including trials from all direction conditions (Fig. 4a, left). For
across condition comparisons, we similarly computed the top twelve PCs within each condition and
tested their alignment for each task individually. Twelve PCs were chosen because they explained
more than 95% variance during each task. Consistent with experimental findings in [24], we observe
that the principal angles in the network space across tasks and conditions are generally low, except
for a few modes. For comparison, we created a baseline control, where we generated a random m
by N orthogonal basis—N being the number of units and m the dimension of the bases—and pro-
jected activity onto these random directions. To further quantify the correspondence of network
modes across tasks and conditions, we calculated the variance explained ratios for the top twelve PCs
(Fig.4a, right), where the ratio denotes the variance captured for task A by the task B PCs over the
variance captured for task A by the task A PCs. The distribution of variance explained ratios is close
to one for both task and condition comparisons, whereas the baseline is near zero. It is important to
note that while these metrics assess the alignment between subspaces, neither of them require that
the same PCs (e.g., PC 1 of two tasks) are aligned across tasks. We additionally explore modularity
in this network and find the use of distinct populations across tasks (Supplemental Fig. 1).

Next, we test if the similarity across tasks and conditions found in the network space are due
to analogous structures in the muscle output. We see that this is not the case in Figure 4 (b), as
the percentage of similar modes across tasks and conditions in the muscle space is much lower than
that of the network. In this setting, the number of similar modes is determined as the angles below
the P < 0.001 baseline threshold, and the distribution of all possible task-condition comparisons are
evaluated. Note that muscle activity overall is low-dimensional compared to network activity since
there are far fewer muscles, however this metric is assessed relative to the baseline which accounts
for the dimensionality of both systems. Furthermore, we compared the similarity between network
and muscle latents across tasks using canonical correlation analysis (CCA), and find that muscle
latents become uncorrelated more rapidly than network latents, in-line with the results in [24] (Fig.
4e). From this analysis, muscle activity appears to be relatively more complex than the network
responses that generate them.

6

.CC-BY 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 16, 2025. ; https://doi.org/10.1101/2025.09.10.675375doi: bioRxiv preprint 

https://doi.org/10.1101/2025.09.10.675375
http://creativecommons.org/licenses/by/4.0/


120

80

10
0

1

10

0.2

10

0.2

a. b.Network 
Principal Angles

Network Mode

Pr
in

ci
pa

l A
ng

le
 

(D
eg

re
es

)
Network 

Variance Explained Ratio

Ta
sk

 C
om

pa
ris

on
s 

(%
)

Ratio

Network Across Epoch
Variance Explained Ratio

Ratio

Across Task
Across Condition

Across Task
Across Condition

1
0

0.2

1.50

0.2

f.
Angle 

Distributions

Angle (rad) Disparity

Disparity 
Distributions

Ta
sk

 C
om

pa
ris

on
s 

(%
)

θ

100

1

60

1

All TasksSubset 
Pairs

Extension 
Pairs

Ext.-Ret.
Pairs

Retraction 
Pairs

Num Components

Muscle 
Variance Explained

Network 
Variance Explained

Num Components

Va
ria

nc
e 

Ex
pl

ai
ne

d

e.

Num Components

Co
rr

el
at

io
n 

Co
e�

ci
en

t

Network vs. Muscle
Latent Similarity

Ratio

Ta
sk

 C
om

pa
ris

on
s 

(%
)

d.

Network
Muscle

Network
Muscle

c.
Across Task Comparisons

Across Sub-Movement Comparisons

0 20 40 60 80 100
0

20

40

60
Network
Muscle

Ta
sk

 C
om

pa
ris

on
s 

(%
)

Number of Similar Modes (%)

Network vs. Muscle Subspace Similarity

Fig. 4 Shared low dimensional representation across tasks and conditions. (a) (left) Principal angles for
the top 12 PCs (explaining over 95% of the variance) for all tasks shows that many network modes are aligned. Across
condition angles are similarly aligned relative to the baseline. (right) Ratio of variance explained for network activity
projected onto the top 12 PCs of a different task or condition compared to its own. (b) Variance explained ratio for
specific task pairs as the number of components increases. All movements except extensions and retractions are well
aligned. Shading is standard deviation across direction conditions. (c) Variance explained ratio within task and across
epochs. Modes are less aligned across epochs in comparison to cross-task modes. (d) Same as (a) for the muscle activity.
(e) CCA on network and muscle activity across all task pairs shows that muscle activity becomes less similar in fewer
modes. (f) Distributions of the angular distance and disparity between network trajectories and muscle trajectories
across all task pairs. Angular distance has a wider distribution in the network space, and the opposite is true for the
disparity distributions.

Despite the use of a shared low-dimensional manifold across tasks in the network space, it is
unclear how sub-tasks within each task are organized. Examples of sub-tasks include epoch-specific
computations, such as preparation and movement, and sub-movements, such as extensions and retrac-
tions. In Figure 4 (c) we show that the variance explained ratio between different epochs within the
same task rapidly approach orthogonality in the network, in-line with experimental findings [31]
(Fig. 4c). We next explore the subspace structure across sub-movements (Fig. 4, b (left)). We test
the alignment between specific pairs of movements by plotting the variance explained ratio as the
number of available components grows. The movement pairs include subsets, which have the same
kinematics in distinct tasks (e.g., Reach and extension portion of ReachBack), any extension pair,
any retraction pair, and extensions paired with retractions. We see that subset pairs are nearly per-
fectly aligned, suggesting much of the computation is reused in this setting despite differences in
the rule input. Retraction and extension pairs are also relatively aligned, suggesting both categories
individually reuse a shared subspace. However, the extension subspace is nearly orthogonal to the
retraction subspace, as denoted by the low ratios between extension-retraction pairs. While such dif-
ferences are present in the muscle space as well, each sub-movement is generally more aligned (Figure
4, b (right)). Further information regarding task alignment and example trajectories are shown in
Supplemental Figure 2. Therefore, despite the use of a globally shared manifold across tasks, there
are intrinsic orthogonal structures across sub-movements and epochs, primarily in the network space.
In fact, by comparing the angular distance and disparity across all sub-movements in the high-
dimensional muscle and network space, we can see that the angle distribution is widest in the network
space and the disparity distribution is widest in the muscle space (Fig. 4, f). This suggests differing
means of computation across sub-tasks, where the network primarily relies on the modes in which
latent activity unfolds, and muscles primarily rely on differences in their time-dependent activation.
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Fig. 5 Shifts in dynamical structure across tasks through input interpolation. (a) Procrustes and DSA
dissimilarity matrices. Each row of the dissimilarity matrix is a vector containing the euclidean distance from the
aligned trajectory (Procrustes) or vector field (DSA) of one task to all others. (b) Clustering of the 15x15 dissimilarity
matrix using PCA. Retraction and extension tasks appear to be in separate clusters. (c) Quantification of cluster
strength using averaged silhouette scores for each individual cluster. Both extension tasks (blue and pink) are close
to zero due to their overlap. (d,e,f) Example task pair from subset category. (d) Trajectories projected onto PCs
captured from the Reach task across all conditions shows strong overlap. (e) Fixed point structure of network for 20
values of α interpolating between the Reach (α = 0) and ReachBack (α = 1) tasks. Structure at beginning and end
of interpolation is similar for this task pair. (f) (top) Maximum eigenvalue of network Jacobians found at each value
of α across conditions. If a given α contains multiple fixed points, the maximum eigenvalue found across all computed
Jacobians is plotted. (bottom) Euclidean distance between fixed points. The first fixed point is chosen as the one
closest to the state trajectory at α = 0. If a given α produces multiple fixed points, we choose the one that is closest
to the chosen fixed point from the previous α value. (g,h,i) Same as (d,e,f) for a chosen retraction pair (ClkCycle,
Figure8). (j,k,l) Same as (d,e,f) for a chosen extension pair (ClkCurvedReach, InvSinusoid). (m,n,o) Same as (d,e,f) for
an extension-retraction pair (Sinusoid, ReachBack). The maximum eigenvalue distributions and fixed point distances
seem to change the most across certain condition in this pair.

Note that the muscles recorded in [24] are of the hand and wrist, as opposed limb muscles, and per-
formed a separate set of tasks not explored here. Despite experimental differences, our model is able
to replicate findings regarding across-task subspace alignment and latent similarity, demonstrating
the optimality of this strategy for a network performing many movements. In Supplemental Figures
5 and 6 we demonstrate that the subspace structures discussed in this section are consistent across
hyperparameters.

2.5 Dynamical features are shared across movements in shared subspaces

While the network trajectory disparity across tasks is low relative to muscles, this does not fully
characterize the dynamical structure of the network. It is possible for similar trajectories to have
distinct underlying dynamics defining them [39]. However, if similar dynamics are used across pairs
of tasks, this may demonstrate the reuse of learned computations. To investigate, we interpolate
inputs using the methods developed in [9]—in our case including rule and feedback inputs during
the middle of the movement epoch—and find fixed points along this trajectory to determine if large
structural changes occur (Fig. 5). We project fixed points onto the across-condition task A PCs as
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we interpolate towards the task B input. This will reveal changes in structure along the modes of
task A as its PCs explain more or less of the variance for the fixed points. We perform this analysis
across all direction conditions.

First, we globally quantify dynamical changes across movements (Fig. 5a,b,c). In Figure 5(a,b),
we compute both shape and dynamical similarity analysis (DSA) [39] across a total 15 possible
movements. In this case, we separately label extension movements (Extension), retraction movements
(Retraction), and extension movements during tasks that contain retraction such as ReachBack
(Extension (long)). We compute the 15x15 dissimilarity matrix containing the Euclidean distances
found from alignment using Procrustes or Procrustes over vector fields (Fig. 5a), and visualize their
clustering using PCA (Fig. 5b). For both DSA and Procrustes there is a clear separation between
retraction and extension movements, with less clustering within each category (Fig. 5b). This is
reflected in the silhouette scores across movement dissimilarity vectors, where retractions are strongly
clustered and both extension categories are mixed due to their overlapping structure (Fig. 5c).
Overall, these results demonstrate relatively stronger dynamical dissimilarities between extensions
and retractions, primarily reflecting the differences in subspace structure observed in Figure 4.

We next focus on example task pairs, starting with the subset task pair (Fig. 5d,e,f). We chose
the Reach and ReachBack tasks as an example. We can see that the trajectories for both tasks are
overlapping on the Reach PCs (Fig. 5d). While this visualizes the similarities in their trajectory
geometries, we can also qualitatively see that the fixed point structure is well maintained as we
interpolate from the Reach to the ReachBack task (Fig. 5e). To quantify how dynamics change
as we interpolate inputs, we linearize about a chosen fixed point for a particular α and plot the
maximum eigenvalue of the corresponding network Jacobians (Fig. 5f) [9]. We similarly quantify the
Euclidean distance between the chosen sets of fixed points along α (Fig. 5f) [9]. In both experiments,
fixed points are chosen by first selecting the one closest to the state trajectory, then subsequently
choosing the fixed point with the closest distance to the previous one. We can see that both the
stability and distance between fixed points do not change much along α, denoted by their relatively
constant values during interpolation. Between other task pairs such as Retraction (ClkCycle, Figure8,
Fig. 5g,h,i) and Extension (ClkCurvedReach, InvSinusoid, Fig. 5j,k,l), we see similar trends in their
dynamical similarity. The Extension-Retraction pair (Sinusoid, ReachBack, Fig. 5m,n,o) shows the
most dynamical dissimilarity relative to the other task pairs. First, we can see that their trajectories
are non-overlapping in the Sinusoid PC space (Fig. 5m). Additionally, the fixed point structure
visualized in Figure 5 (n) appears to bifurcate more drastically at the beginning of interpolation for
certain conditions. This is quantified further in Figure 5 (o), where certain conditions can be seen to
more drastically change in both stability and fixed point distance during interpolation. These results
also demonstrate the existence of condition-specific changes in dynamics across certain tasks, given
that certain conditions are better maintained during interpolation than others, potentially caused
by the arm’s geometry. Clearly, many tasks share a similar dynamical structure, potentially allowing
for compositional representations [9].

2.6 Transfer learning for novel movements

The utilization of compositional representations implies the ability to uniquely compose primitives
to perform similar yet novel movements. Indeed, this ability is one of the hallmark features of com-
positionality, and a driving force behind its study. To demonstrate this ability, we first train the
model on 8 of the 10 total tasks, here excluding CClkCurvedReach (CClkCR) and CClkCycle. After
training, we freeze all weights in the model except for input weights of the two untrained rule inputs
corresponding to the held-out tasks. We then test if the model is able to learn these tasks by simply
reconfiguring learned motifs using the static rule inputs. Indeed, the model is able to perform well
in this transfer learning setting, particularly for the CClkCR task (Fig. 6b,c). Performance in the
CClkCycle task is lower than CClkCR, however this was true for the baseline model as well (Fig. 6b).

Next, we analyze the motifs utilized in order to solve both tasks. In Figure 6(d), we test how
the model performs when the subset of tasks used during pre-training is limited. If the model does
not require learned primitives from the pre-trained tasks, then restricting the pre-training to fewer
subsets should have minimal impact on transfer learning. We test on six different subsets of tasks
(none of which include the CClkCR and CClkCycle tasks for transfer learning): all available tasks
(all), only sinusoidal tasks including figure eights (sin), only the Reach and ReachBack tasks (reach),
all tasks except the sinusoidal and figure eight tasks (nosin), all tasks except ClkCR and ClkCycle
(nocr), and only the ClkCR and ClkCycle tasks (cr). We see that pre-training setups that include
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Fig. 6 Transfer of a pretrained model towards novel tasks. (a) Task setup—the model is pretrained on all
tasks except for CClkCurvedReach (CClkCR) and CClkCycle, and all but the input weights for the rule inputs for
these two tasks are frozen in the transfer setting. (b) Validation loss during transfer learning on the held-out tasks.
Dashed lines denote baseline model performance on same tasks. (c) Example kinematics for both tasks before (top) and
after (bottom) transfer learning. (d) Networks pretrained on fewer task subsets were not able to perform the held-out
transfer learning tasks as well as those containing all possible task subsets. Training MSE loss shown during transfer
learning of each pre-trained model. (e) Network trajectories for CClkCR and the extension portion of the CClkCycle
task projected onto the top three CClkCR PCs. (f) Same as (e) but for the retraction portion of the CClkCycle task.
(g) Angular distance and disparity metrics from the CClkCR task to all other extension and retraction tasks. CClkCR
trajectories are better aligned with the extension tasks as opposed to retraction tasks in both metrics (p < 0.001,
angular distance; p < 0.001, disparity; Mann-Whitney U test). Error bars denote standard deviation across pairs. (h)
Same as (g) but for the retraction portion of the CClkCycle task. As expected, this task is closely aligned with other
retraction tasks (p < 0.001, angular distance; Mann-Whitney U test).

more primitives (e.g., nocr, sin) generally perform better during transfer learning, while those that
don’t perform worse. However, including all available tasks during pre-training still results in the
best performance for the held-out tasks. This demonstrates the necessity of learned primitives from
each task during transfer learning.

Next, we observe that the structure learned during pre-training is reused during transfer learning.
In Figure 6 (e), we visually see that the CClkCR task and the extension portion of the CClkCycle
task have overlapping latent trajectories, suggesting strong alignment in their solutions. This is in
contrast to the CClkCR task and the retraction portion of the CClkCycle task shown in Figure 6 (f),
which reflects the orthogonality between extension and retraction movements discussed previously.
In Figure 6(g,h), we further quantify how the transfer learned tasks are aligned with previously
learned subspace structures. We utilize the angular distance metric to test state space alignment, and
disparity using Procrustes to test geometric alignment. We see that the CClkCR task is primarily
aligned with other extension movements as opposed to retractions, demonstrating its utilization of a
previously learned extension subspace for solving this novel task (Fig. 6g). For the retraction portion
of the CClkCycle task, we instead see greater alignment between other retraction movements, as
expected (Fig. 6h). Overall, these results demonstrate the ability of our model to learn novel tasks
using previously encountered motifs, a hallmark feature of compositional representations.

3 Discussion

In the complex and unpredictable natural world, the ability to flexibly adapt, learn, and deploy a wide
array of skilled movements is vital. To better understand the underlying motifs that allow networks to
reconfigure computations in complex control settings, we design a model and task structure amenable
to systematic analyses of shared computations across contexts. RNNs have been increasingly utilized
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as tools for hypothesis testing in the field of motor control, and have subsequently provided insight-
ful and biologically accurate predictions [29, 40]. More recently, these models have been extended to
include biomechanical feedback [17, 18], an integral component of the motor system’s functioning [41].
Indeed, we find that our biologically plausible model shares various solution-based similarities as
experimental and experiment-adjacent modeling studies. Our task structure closely represents labo-
ratory settings in which monkeys are trained to produce movements in a center-out fashion, allowing
us to draw close comparisons with experimental findings. Additionally, our suite of kinematic motifs
are simple and well-defined, allowing for interpretable results in terms of task representations and
shared computations.

In recent years, there has been a shift from studying the tuning of individual units to examining
population-level dynamics during the control of movement. The analysis of population-level struc-
tures during movement control has subsequently led to the discovery of low-dimensional manifolds
and a focus on the most prominent neural modes for interpreting task-relevant computations [42].
Moreover, such manifolds are not exclusive to primate movement, having been discovered brain-
wide in various species, including monkeys [43–46], rats [47, 48], Aplysia [49], and zebrafish [50]. We
find shared network subspaces across tasks and conditions in our model. This is in line with exper-
imental findings [24], suggesting that the overarching commonalities between distinct motor tasks
are represented using the same neural modes, allowing for their reuse as building blocks for move-
ment generation. We then find orthogonal structures across epochs and across sub-movements within
tasks, such as extensions and retractions, suggesting that the network either reuses or orthogonalizes
subspaces depending on their computational similarity.

The computational principles underlying the network and muscles appear to differ based on their
subspace structures and temporal alignment. Both systems utilize low-dimensional manifolds across
tasks, however the muscle modes are relatively closer to the random orthogonal basis across con-
ditions in comparison to the network modes. This likely reflects constraints imposed by the arm’s
geometry, which minimally affects network subspace alignment. Such metrics however do not fully
characterize the computational differences between both systems, given that any available modes cap-
tured throughout the full movement can be aligned. Metrics such as angular distance and Procrustes
on the high-dimensional network and muscle trajectories, compared across all sub-movements, fur-
ther reveal that the network more widely distributes active modes while the muscles more widely
distribute the time-dependent similarity between trajectories. This suggests that the shared low-
dimensional structures present in the network do not solely reflect similar structures in muscles, but
largely result in unique temporal patterns of muscle activity.

In cognitive settings such as decision making, the underlying attractor dynamics necessary to
perform tasks are well defined. For example, continuous attractors are consistently implemented by
recurrent networks tasked with accumulating evidence to a decision threshold [8, 45]. Conversely,
during motor control, the underlying dynamics necessary to produce particular movements are less
obvious. To assess dynamical similarity in the motor setting, we provide a fixed point analysis
and DSA during movement. We find that movements performed using aligned network subspaces
demonstrate stronger dynamical similarities in comparison to unaligned movements, both in terms
of changes in fixed point structure and disparity over vector fields. This demonstrates the reuse of
dynamical structures across similar tasks within the network, in line with [9].

The use of common subspaces and dynamical structures hints towards the emergence com-
positional representations. We found that RNNs implement an algebraic representation of tasks,
distinguishing their kinematic structure and rotational properties. This form of compositionality is
commonly seen in cognitive settings where motifs are more clearly defined [8]. However, the existence
of such motifs is less obvious within the continuous spectrum of movement. Provided such motifs,
task representations can potentially be combined in unique ways to construct distinct tasks, which
we found was true. Additionally, RNNs are capable of performing unique extensions and retractions
in sequence without explicitly being trained to do so. This suggests that the network learns to com-
partmentalize extension and retraction motifs in order to sequence them, as opposed to forming a
wholly unique representation for each individual extension-retraction task. This may be due to the
reuse of motifs learned during extension tasks, which is suggested in Figure 3 and Figure 5.

One significant advantage of compositional representations is the ability to flexibly adapt in novel
settings. Multi-tasking models in cognitive settings have indeed shown the ability to increase the
learning speed of new tasks after pre-training on similar tasks [51]. They are also able to learn new
tasks solely using previously learned motifs [9]. Our network demonstrates the same capabilities
through novel combinations of previously learned motifs for learning new movements. The model will

11

.CC-BY 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 16, 2025. ; https://doi.org/10.1101/2025.09.10.675375doi: bioRxiv preprint 

https://doi.org/10.1101/2025.09.10.675375
http://creativecommons.org/licenses/by/4.0/


additionally reuses the same subspace structures learned during pre-training. The results from Figure
6 are thus aligned with [52], where primates were able to quickly learn within-manifold perturbations
of a center-out reach task. Changing the network dynamics to learn out of manifold tasks should
instead occur on a longer timescale and necessitate a reorganization of network connectivity [27].

One limitation of this model is the relatively low number of muscles in the arm, along with its
planar two-dimensional structure. It is possible that with greater redundancy—i.e., more muscles
and a higher-dimensional task space—there may be a more complex relationship between network
and muscle modes. Additionally, it is hypothesized that the simple low dimensional manifolds typ-
ically found during lab experiments—as well as in our setting—may reflect the simplicity of the
tasks themselves. The addition of full body skeletal or musculoskeletal models capable of performing
a wide array of naturalistic behaviors may enhance our understanding of the (approximately) true
underlying motor manifold, which may be non-linear and higher dimensional in nature. Hierarchi-
cal structures in the motor system likely also play a vital role in understanding the compositional
nature underlying motor control. Framing the motor cortex as a high-level controller may abstract
the representations found in this paper to instead depend on the combination and interaction between
low-level controllers. Despite the simplicity of our current setup, our framework was able to clearly
identify both shared and isolated computations between movements and epochs in both the muscle
and network space, in addition to compositional representations. Our framework can thus provide
insight regarding the compositional structure used by networks to achieve flexible control of move-
ment, and can be adapted in the future to include more complex musculoskeletal models and a wider
variety of tasks reflecting less stereotyped paradigms.
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4 Methods

4.1 Network and arm structure

We train standard RNNs in feedback with a musculoskeletal model to perform ten unique movements
designed to elucidate a compositional structure in the network activity (Fig. 1a,b). The form of the
network is described below:

τ ẋ = −x+Whh+Winu+ bh +
√
2τδ2ϵ

h = σ(x)
(1)

Here, τ represents the network time constant, set to τ = 20, Wh, bh, and Win represent the hidden
weights, hidden bias, and input weights respectively, ϵ ∼ N (0, 1), δ is a noise scalar set to δ = 0.1,
and σ is the network activation.

We discretize 1 in order to train the network using conventional deep learning methods; the form
of the discretized network is given as

xt = (1− α)xt−1 + α(Whht−1 +Winut + bh) +
√
2τδ2ϵ

ht = σrec(xt),
(2)

The term α = ∆t/τ , where ∆t = 20. We utilize a readout layer that transforms network outputs
to muscle stimulations in the range (0, 1)

zt = σout(Woutht + bout)

In this case σout is the sigmoid function σout(x) =
1

1+e−x . The output layer formulation is consistent
across all hyperparameter settings due to the requirements of the arm.

For the musculoskeletal model we use Motornet [16], an open-source framework for designing mus-
culoskeletal models with differentiable muscles in Python. This allowed us to directly backpropagate
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through the muscles and train the network using supervised learning. The model itself contains six
Hill-type muscles and two joints, capturing horizontal movements at the shoulder level. Each muscle
represents a lumped representation of synergistic muscle groups in a primate arm, with a total of 19
muscles considered [33].

4.2 Task formulation and training

For each task the arm starts in the same initial joint state—representing a center-out setup paradigm
(Fig. 1a)—then is instructed to move in one of eight directions at one of three different speeds. For
validation, we save the model that has the best performance on held out, interpolated conditions
including 32 directions and 10 speeds. The RNN receives proprioceptive feedback in the form of muscle
lengths and velocities, and visual feedback of the end effector position (Fig. 1a). Other task-related
inputs include a speed scalar, coordinates of the target position, go cue, and one-hot rule input. Four
epochs characterize a trial, including a baseline stability epoch, a delay epoch where condition inputs
become active, movement epoch, and lastly a holding epoch (Fig. 1c). For each task, the length of
the baseline Tbaseline and hold Thold epochs are Tbaseline = 25, Thold = 25. For the delay epoch, the
length is randomly selected according to Tdelay ∼ {50, 75, 100}. The length of the movement epoch
during training is determined by the chosen speed condition, and ranges from Tmove ∼ {50, 100, 150}
for extension only tasks and Tmove ∼ {100, 200, 300} for tasks containing extension and retraction.

The kinematics of the tasks themselves are designed to contain compositional elements (Fig. 1b).
The task suite is as follows: reach (Reach), clockwise and counter clockwise curved reach (ClkCurve-
dReach, CClkCurvedReach), sinusoid (Sinusoid) and inverse sinusoid (InvSinusoid), reach outward
and backward (ReachBack), clockwise and counterclockwise cycles (ClkCycle, CClkCycle), and lastly
figure eight and inverse figure eight (Figure8, InvFigure8). While each task in its entirety represents
a unique kinematic motif, there are various compositional elements. For example, the extension kine-
matics of the ClkCycle task are the same as the ClkCurvedReach task, certain tasks only involve
extension, while some involve retraction, and some tasks are simply rotated versions of another (e.g.
ClkCycle, CClkCycle).

The network is trained on five separate losses, given as

L1 = ∥g(yi,t)− ˆyi,t∥2

L2 =
1

N

∑
i

∥f(h, x)∥1

L3 =
1

N

∑
i

∥Wh∥1

L4 =
1

N

∑
i

∥g(y)∥1

L5 =
1

CT

∑
c

∫ T

0

∥∥∥∥∂Whf(c, t)

∂x(c, t)

∥∥∥∥2
L =

∑
i

αiLi

The function g is the mapping from muscle activity to hand kinematics (musculoskeletal dynam-
ics), the function f is the forward pass of the RNN, Wh are the recurrent weights of the network, and
x is the network preactivation. The first loss L1 is the mean squared error between the hand posi-
tion and the desired trajectory position. Note that the model does not receive this desired position
as feedback. Losses L2, L3, and L4 represent l1 penalties on the network rates, weights, and muscle
activities respectively. Lastly, we utilize the simple dynamics loss presented in [40] for L5. Our total
loss is the sum of each individual loss scaled by a weighting factor αi. For the base model shown in
the paper we use α1 = 10−3, α2 = 10−3, α3 = 10−3, α4 = 10−2, α5 = 10−3. We train the model for
75, 000 iterations using a batch size of 32, and 256 units for the base model. The optimizer used is
Adam [53], with a learning rate of 10−3.

For loss L1, we generate desired kinematics for each task. The methods for doing so are presented
below:
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• Reach: Generate a line from the initial hand position z0 ∈ R2 to the target position p̂ ∈ R2:
t̂ = z0(1−α)+αp̂, α ∈ [0, 1]. The target position is a random orientation on the unit circle p ∈ R2,
chosen from eight equally spaced bins, scaled and shifted by β, δ ∈ R respectively to be centered
at the hand position, p̂ = βp+ δ.

• ClkCurvedReach: Generate a scaled and shifted curved trajectory t̂(xi) = β(cos(xi), sin(xi)) +
δ, β, δ ∈ R. In this case xi = π(1− αi), αi =

i
T , i = 0, 1, 2, ..., T where T is the chosen number

of timepoints.
• CClkCurvedReach: Same as ClkCurvedReach except xi = π(1− αi) + 2παi.
• Sinusoid: Generate a scaled and shifted curved trajectory t̂(xi) = β(xi, sin(yi)) + δ, β, δ ∈ R,
where xi =

i
T , yi = 2παi, αi =

i
T , i = 0, 1, 2, ..., T .

• InvSinusoid: Same as Sinusoid except t̂(xi) = β(xi,− sin(yi)) + δ
• ReachBack: We combine the trajectory used in the Reach task, t̂1, with a separate trajectory
from the target position back to the center: t̂2 = p̂(1−α) +αz0. The total trajectory is defined as
t̂ = [t̂1, t̂2].

• ClkCycle: We combine the trajectory used in the ClkCurvedReach task, t̂1, with a separate
trajectory t̂2 in the same direction circling back to the initial condition using a distinct xi: xi =
−παi, αi = 1− i

T , i = 0, 1, 2, ..., T . The total trajectory is defined as t̂ = [t̂1, t̂2].
• CClkCycle: Same method as ClkCycle, using the CClkCurvedReach trajectory as t̂1, except the
xi used for t̂2 is given as xi = παi, αi = 1− i

T , i = 0, 1, 2, ..., T .
• Figure8: We combine the trajectory used in the Sinusoid task, t̂1, with a separate trajectory
t̂2 = β(xi,− sin(yi)) + δ, β, δ ∈ R. Here, xi = 1 − i

T , yi = 2παi, αi = 1 − i
T , i = 0, 1, 2, ..., T .

The total trajectory is defined as t̂ = [t̂1, t̂2].
• InvFigure8: Same method as Figure8, using the InvSinusoid trajectory as t̂1.

4.3 Manifold Analysis

In order to compose previously learned motifs across tasks, the network may utilize a shared space in
which the same network modes are reconfigured to perform similar movements in distinct settings.
To test whether or not a shared low dimensional manifold exists across tasks, we utilize the methods
presented in [24, 38] to compute the principal angles between network modes across tasks. Briefly,
given XA and XB , the top m principal components (PCs) for tasks A and B respectively that explain
above 95% of task variance, we compute the principal angles between these modes by computing
C via XT

AXB = PACPT
B using singular value decomposition, where XA and XB are the n by m

matrices containing the top m PCs for tasks A and B, and PA and PB are the m by m matrices
defining the new manifold directions that minimize the principal angles. The essence of this method
is to successively find modes that align with each other for both tasks. The matrix C contains the
ranked cosines of the principal angles C = diag(cos(θ1), cos(θ2), ..., cos(θm)). In addition to principal
angles, we also compute the ratio of variance explained between the PCs across and within tasks.
The form of this ratio is simply var(XBhA)/var(XAhA). The baseline for both metrics is a random
orthogonal m by N basis, built using a QR decomposition, where m is the number of basis vectors
chosen for computing principle angles (in this case 12 for the network and three for the muscles). To
define the number of similar modes across task and condition comparisons in Figure 4 (b), we take
the 0.1 percentile of 5000 comparisons of randomly generated bases to create a P < 0.001 threshold,
below which the observed principle angles in the network and muscles are considered significant.

In Section 2.4, we group task pairs based on their similarities and dissimilarities then compute
their angular distance to test their alignment. The angular distance is time-averaged as such

θ = arccos

(
1

T

∑
t

xT
t yt

||xt||||yt||

)

When grouping kinematic pairs, we separate extension-retraction tasks into two halves to compare
both phases of the movement distinctly. The task pairs are as such:

• Subset: Tasks with different rule inputs but the same kinematics (e.g., Reach and the extension
half of ReachBack).

• Extension: Any pair of extensions excluding subsets (e.g., ClkCR and Sinusoid)
• Retraction: Any pair of retractions, found from the second half of extension-retraction tasks (e.g.
retraction phase of Figure8 and ClkCycle).
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• Extension Retraction: Any extension paired with any retraction (e.g. Reach and retraction phase
of Figure8).

4.4 Latent Analysis

In order to test the alignment of network and muscle latents, we utilize CCA and Procrustes analysis.
CCA aims to find the modes such that the single-dimensional latent activity of two datasets A
and B are maximally correlated. For CCA, we first compute the first ten PCs of task A and B
separately, then project the activity found across conditions for these tasks onto their corresponding
PCs to obtain the latent activity matrices LA and LB . CCA begins with a QR decomposition of the
transposed latent activity matrices as such LT

A = QARA, L
T
B = QBRB . Singular value decomposition

is then performed on the inner product matrix of QA and QB as such

QT
AQB = USV T

The elements of S contains the sorted canonical correlations which we use to determine the similarity
between latents across tasks. We use the same pairs discussed in Section 4.3.

For Procrustes, we do not perform PCA on network activity before testing alignment. Procrustes
optimizes the following objective

d(X,Y ) = min
C∈O(n)

||X − CY ||2

In this case, X and Y are TxN dimensional time-series, and O(n) is the orthogonal group CTC = I.
This metric will compare the similarity between the temporal patterns produced by each trajectory
regardless of their orientation, offset, or scaling.

4.5 Composite Rule Inputs

In order to test the model’s ability to combine primitive motifs to form novel movements, we tested
whether or not motifs learned from other tasks can be uniquely combined in order to perform a
separate task. Let ue ∈ R5 denote the first five components of u for a particular condition. These
components represent the rule inputs corresponding to the extension tasks. We optimize for a ζ ∈ R5

element-wise scaled by ue such that ||g(f(h, ζ ⊙ ue, u5:Ni), ŷ||2 is minimized, where Ni is the input
size. For each desired task ŷ, the rule input corresponding to that task in ue is 0. We learn distinct
rule inputs across conditions for better performance.

4.6 Sequencing Kinematic Motifs

To test if individual kinematic motifs can be sequenced, we switch the rule inputs corresponding
to extension and retraction tasks at the middle of the movement epoch. Let uri denote the input
for task i and urj denote the rule input for task j. The total input to the network is then u =
[uri

1:tmiddle
, u

rj
tmiddle:tend

], where tmiddle and tend denote the middle and end of the movement epoch
respectively. In this setting, uri is always an extension task (e.g., Reach) and urj is always an
extension-retraction task (e.g., ReachBack).

4.7 Fixed Point Analysis

In order to assess dynamical similarities across task pairs, we analyze the network fixed point struc-
tures and local dynamics around the fixed points. We specifically interpolate between the rule inputs
for different tasks and determine whether the fixed point structure is preserved [9]. We perform this
separately for the delay and movement epochs of the motor task. To find fixed points, we follow meth-
ods used in [9, 54]. We optimize to find a set of hidden states {h∗

1, h
∗
2, ...} that minimize F (h∗, u∗),

where u∗ is a fixed input along the interpolated trajectory αu1 + (1− α)u2, and F (h, u) is 1. In this
case, u1 and u2 are the inputs for two different tasks, either at the end of the delay epoch or the
middle of the movement epoch.

In addition to finding fixed points, we assess their local dynamics to determine if changes in
stability occur as we interpolate. To do so, we linearize the network about the fixed point h∗:

f(h∗ + δh∗, u∗ + δu∗) ≈ f(h∗, u∗) +
∂f

∂h
(h∗, u∗)δh+

∂f

∂u
(h∗, u∗)δu
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By definition, f(h∗, u∗) = 0, and second order terms are approximately zero given that ||δh||2 ≈ 0.
Additionally, we keep our desired input u∗ constant, therefore we can ignore any changes from δu.
Thus, our Taylor expansion simplifies to

f(h∗ + δh∗, u∗ + δu∗) ≈ ∂f

∂h
(h∗, u∗)δh

The eigenvalues of the linearized system’s Jacobian, ∂f
∂h (h

∗, u∗)δh, tells us the local dynamics near
fixed points. As we interpolate from one task to another, we find the largest eigenvalue of the
computed Jacobian for each fixed point found during optimization to assess changes in stability. To
choose the fixed points used for plotting, we first select the fixed point closest to the state trajectory
at α = 0. Afterwards, we choose the fixed point at αi+1 closest to the one previously selected for
αi. We chose this method to best capture the trajectory of a single fixed point as we interpolate
from one task to another. In addition to viewing max eigenvalues, we additionally quantify change
in the structure of fixed points by taking their euclidean distance, d(h∗

t , h
∗
t+1) = ||h∗

t , h
∗
t+1||2, during

interpolation. This metric uses the same method for selecting fixed points as previously mentioned.

4.8 Dynamical Similarity Analysis

In Section 2.5 we perform DSA to identify clusters of dynamical and geometrical similarity between
tasks. Given two dynamical systems

ẋ = f(x, t) ẏ = g(y, t)

DSA samples data from each system, X ∈ Rc×k1×t1×n and Y ∈ Rc×k1×t1×n, where c is the number
of conditions, k is the number of trials per condition, t is the number of timepoints, and n is the
number of units in the system. Then, the data is used to create delay-embedded Hankel tensors
with lag of p: Hx =∈ Rc×k1×(t1−p−1)×np [55]. The Hankel Alternative View of Koopman (HAVOK)
approach is then used to build the necessary dynamic mode decomposition (DMD) matrices. This
approach flattens all but the last dimensions of H and fits reduced rank regression models with rank
r to the coordinates of the next time step V

′

x,r:

V
′

x,r = AxVx,r

HT
x = UxΣxV

T
x

Vx,r = Vx[:, 1 : r]

(3)

The resulting DMD matrices are given by Ax and Ay. Lastly, Procrustes analysis is performed to
test the alignment between the DMD matrices through a similarity transformation. The optimization
problem posed by Procrustes analysis over vector fields is given as:

d(Ax, Ay) = min
C∈O(n)

||Ax − CAyC
−1||2

In Figure 5, we perform this analysis on separate tasks to test their dynamical similarity. Instead of
using the ten tasks in totality, we also split the extension and retraction portions of the extension-
retraction tasks to more clearly test the learned dynamical structure across kinematic motifs. To
test the strength of the clustering given by the labeled extension and retraction tasks, we take the
silhouette score of each cluster, defined as

s(di,inter, di,intra) = 1− di,intra
di,inter

Where di,inter is the average distance between unit i and every unit in the nearest cluster, and di,intra
is the average distance between unit i and every unit in the same cluster. The average across all units
i is used to score a cluster. A low score denotes weak clustering, while a score close to one denotes
otherwise.
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4.9 Transfer Learning

To test whether the network can reconfigure learned motifs to quickly learn new tasks, we
train the network on all tasks except CClkCR and CClkCycle, then freeze the learned weights
Wh,Wout,Win, bh, bout and only learn vectors ucr and ucycle within Win to perform the held out tasks.
We exclude both CClkCR and CClkCycle to ensure that the network does not learn any counter-
clockwise curved reach motif during any task. To test whether the motifs learned during pretraining
are necessary for performing the transfer learning tasks well, we train the model on stricter subsets
of pre-trained tasks to determine if performance on the held out tasks are affected. The additional
task subsets are as follows:

• sin: {Sinusoid, InvSinusoid, Figure8, InvFigure8}
• reach: {Reach, ReachBack}
• nosin: {Reach, ClkCR, ReachBack, ClkCycle}
• nocr: {Reach, Sinusoid, InvSinusoid, ReachBack, Figure8, InvFigure8}
• cr: {ClkCR, ClkCycle}

We additionally test whether learned subspace structures are reused during transfer learning. To
do so, we compute the angular distance and disparity between CClkCR with all other extension and
retraction movements, and similarly for CClkCycle.

4.10 Varying Hyperparameters

We trained networks with variable activation functions and hidden units to test if the subspace
structures found using the baseline model are consistent across hyperparameters. The activation
functions include Softplus

σ(x) = log(1 + exp(x)

the ReLU function
σ(x) = max(0, x)

and the Tanh function

σ(x) =
ex − e−x

ex + e−x

We test models with 128, 256, and 512 hidden units for each activation function. Supplemental
Figures 5 and 6 demonstrate the results of this hyperparamter search and demonstrate that shared
low-dimensional subspaces across tasks are consistently used in different settings.

4.11 Task Variance Analysis

In Supplemental Figure 1, we perform a task variance analysis to determine if populations of neurons
are differentially selective across tasks. We use the same task variance metric as [8], where the variance
is computed across all conditions and timesteps for a particular task then averaged. The form of the
task variance metric is given as

TVi(A) = ⟨[hi(j, t)− ⟨hi(j
′
, t)j′ ⟩]

2⟩j,t

where i denoted the current unit, A represents the task, j is the condition, and t is time. In our
case, we compute this metric over all speed and direction conditions during the movement and delay
epochs. Units that have a summed task variance across all tasks less than 10−3 were discarded for
inactivity.

Given the task variance of each unit, we aim to find clusters of task selectivity in the population.
To do so, we used k-means clustering on the task variances while ranging the number of clusters from
2 to 20. To choose the best clustering, we compute the silhouette score, averaging over all units, then
choose the highest score.
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