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Abstract 

The coordination of the multiple degrees-of-freedom of the human body may be 

simplified by muscle synergies, motor modules which can be flexibly combined 

to achieve various goals. Studies investigating adaptation to novel relationships 

between muscle activity and task outcomes found that altering the recruitment of 

such modules is faster than the learning of their structures de novo. However, how 

learning new synergy recruitments or new synergy structures may occur remains 

unclear. While trial-by-trial learning of novel sensorimotor tasks has been success-

fully modeled at the level of task variables, few models accounted for the redundancy 

of the motor system, particularly at the muscular level. However, these models either 

did not consider a modular architecture of the motor system, or assumed a priori 

knowledge of the sensorimotor task. Here, we present a computational model for 

the generation of redundant muscle activity where explicitly defined modules, imple-

mented as spatial muscle synergies, can be updated together with their recruitment 

coefficients through an error-based learning process dependent on a forward model 

of the sensorimotor task, which is not assumed to be known a priori. Our model can 

qualitatively reproduce the experimental observations of slower learning and larger 

changes in the structure of the muscle activity under sensorimotor tasks that require 

the learning of novel patterns of muscle activity, providing further insights into the 

modular organization of the human motor system.

Author summary

It has been proposed that muscles are recruited in modules, called muscle 
synergies, rather than on a muscle-by-muscle basis. This modular organization 
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was shown to affect the learning of novel tasks, where simulated remapping of 
the forces generated by the muscles (“virtual surgeries”) that make the syner-
gies ineffective is more difficult to learn. Previous models of trial-by-trial learning 
in a modular architecture have assumed prior knowledge of the motor task (in 
particular, how to modify the muscles/ synergies recruitment given an error), 
which might not be the case for tasks in which novel patterns of muscle activity 
are required. In contrast, models which assumed no prior knowledge of the task 
have not investigated the role of modularity. Here, we propose a computational 
model of the trial-by-trial adaptation of muscle synergies, their recruitment, and 
the concurrent learning of the internal model of the musculoskeletal system re-
sponsible for error correction. Our results show that this model replicates experi-
mental observations of slower learning and larger changes in the structure of the 
muscle activity in sensorimotor tasks that require the learning of novel patterns 
of muscle activity, providing insight into learning-related changes of muscle activ-
ity in novel sensorimotor tasks.

1  Introduction

During movement planning and execution, the central nervous system needs to coor-
dinate the activity of a large and redundant set of muscles acting on multiple joints 
[1]. It has been suggested that the problem of coordinating the multiple degrees-of-
freedom of the human body is simplified by grouping multiple muscles into a reduced 
number of motor modules, often called muscle synergies, which can be flexibly 
combined to generate a large repertoire of movements [2]. The modularity of the 
motor system has been investigated through the decomposition of the muscle activity 
patterns measured either during voluntary movements or in response to cutaneous 
or spinal cord electrical stimulation. The key observation is that the electromyography 
(EMG) signals recorded from many muscles can be accurately reconstructed by the 
combination of a small number of modules that generalize across multiple contexts 
and movements [3–6]. However, this low-dimensionality observed in the muscle 
activity patterns may be due to task and biomechanical constraints rather than to a 
modular organization of the motor system [7].

Further support for the modular organization of the motor system has come from 
testing specific predictions of how modularity would affect a novel motor learning task 
[8]. In this task, participants generated a virtual force to control a cursor using their 
isometric muscle activity measured with EMG and adapted to two different perturba-
tions of the mapping of muscle activity to virtual force, or “virtual surgeries”. These 
perturbations consisted of changes to the directions of the virtual forces generated by 
the contraction of each muscle, akin to the effect of a complex tendon-transfer sur-
gery involving multiple muscles. The two types of surgeries differed in how effective 
the muscle synergies identified before the surgery were in generating a virtual force. 
After compatible surgeries, the muscle synergies still spanned the entire force space, 
while incompatible surgeries reduced the space of forces that can be spanned by the 
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muscle synergies. However, the force space was still spanned by the individual muscles under both types of surgeries, so 
that a modular organization of the motor system predicted a difference in the adaptation rate to the two types of surgeries, 
while a non-modular organization predicted no difference. The observation that learning was slower during incompatible 
virtual surgeries provided stronger evidence for the modular organization of the motor system.

In addition to their role in movement generation, muscle synergies also play a role in motor adaptation and motor 
learning. During visuomotor rotations, it has been shown that the directional tuning of the synergy recruitment is a possi-
ble adaptation strategy employed by the central nervous system [9]. As previously mentioned, in studies that investigated 
the adaptation to novel relationships between muscle activity and the resulting end-effector force using virtual surgeries, 
it was shown that surgeries which were compatible with the original synergies (requiring only a change in the synergy 
directional tuning) were learned faster than surgeries which were incompatible (requiring the usage of novel muscle 
activity patterns), suggesting that the altering of the synergy recruitment coefficients is faster than the learning de novo of 
new synergy structures [8, 10]. These results suggest that the modularity of the motor system influences its adaptation to 
perturbations and its learning of novel patterns of activity, which may be relevant to neurorehabilitation [11].

While the adaptation of hand reaching movements under externally-induced visuomotor errors has been extensively 
studied and modeled [12], relatively few studies have focused on changes at the highly-redundant muscular level. The 
adaptation of feedforward muscle activity in response to feedback error under force-field perturbations has been modeled 
by a “V-shaped” learning function, explaining the regulation of reciprocal- and co-activation in stable and unstable condi-
tions [13]. Similar to changes to the directional tuning of muscle synergies under visuomotor rotations [9], changes in mus-
cles’ tuning curves under force-field perturbations have also been reported [14]. When accounting for the modularity of the 
motor system, the adaptation to force-field perturbations [15] and to virtual surgeries incompatible with the original syner-
gies [8] produced muscle activity patterns poorly explained by the original synergies. Such a change in the muscle activity 
patterns was shown not to interfere with performance in the baseline task, and was persistent even during a subsequent 
exposure to a compatible surgery, suggesting an increase in the exploration of muscular null-space activity patterns [10]. 
Despite these important advances, the error-based learning mechanisms governing changes at the muscular level, includ-
ing learning of novel muscle activity patterns, are still unclear.

Learning novel patterns of muscle activity, and not simply reusing already known patterns, is linked to the acquisition 
of new motor skills, a process also known as de novo learning [16]. While the exact mechanisms of de novo learning are 
still unclear, it has been argued that it requires the learning of an internal model responsible for error corrections, which is 
used to guide the update of the controller for the motor task [17–19]. A few studies have investigated the learning of such 
error-correcting internal models simultaneously through a trial-by-trial update of a feedforward controller [20], with one 
study focusing on the role of motor exploration in the learning process [21]. However, these studies did not account for 
the possible modularity of the motor system. In contrast, studies that include modularity assumed that the error-correcting 
internal model was known a priori, which might not be the case in de novo learning [22,23]. Also, one of these studies [23] 
did not investigate a possible update of the synergies’ structure, which has been observed during training under incompat-
ible virtual surgeries [8,10].

Here, we introduce a model of trial-by-trial, error-based learning of motor commands in a modular control architecture 
that addresses mechanisms of learning in a redundant motor system. Feedforward muscle activity patterns during iso-
metric force-reaching tasks are generated using explicitly defined muscle synergies, whereas novel motor commands 
are learned through trial-by-trial updates of both the synergies and their recruitment coefficients at distinct learning rates. 
These updates are driven by the backpropagation of the difference between the intended and executed force through a 
forward model of the isometric task. Importantly, this forward model is also updated over time, reflecting learned changes 
in the sensorimotor system or in the task environment. We show that the model can qualitatively reproduce results from 
multidirectional isometric force generation tasks under different perturbations, including visuomotor rotations and virtual 
surgeries that rearrange the directions of the forces produced by individual muscles. We analyze the model’s predictions 
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in terms of changes in the force error and muscle activity structure across different perturbations, and under conditions 
with or without updates to synergy recruitment, synergy structure, and forward model. We also compare our simulations 
with available experimental data and discuss potential explanations for some of the discrepancies.

2  Results

2.1  Computational model of trial-by-trial adaptation

We model the trial-by-trial adaptation of the muscle activity patterns during the generation of isometric force at the hand 
(Fig 1) in a redundant musculoskeletal system that can be exposed to perturbations such as visuomotor rotations and 

Fig 1.  Computational model of trial-by-trial generation and update of redundant muscle activity for isometric force control. The model maps 
a desired force into a recruitment of muscle synergies using a radial basis function-based control policy. The combination of the spatial muscle syner-
gies results in a muscle activity pattern executed through the musculoskeletal system. Both the control policy and the synergy structure can be updated 
by backpropagating the force error through a forward model of the musculoskeletal system. This forward model can also be updated using the force 
prediction error. Solid lines indicate the “forward” flow of information in the model, from a desired force to the generation of a motor command and the 
force execution (by the musculoskeletal system) and from a motor command to a force prediction (by the forward model). Dashed lines indicate the 
“backward” flow of information, from errors (force error and force prediction error) to their use in updating the model components (control policy and 
muscle synergies; and forward model, respectively). Insets at the top represent the control policy’s recruitment of each synergy given a desired force, the 
synergies’ recruitment of each muscle, and the forces executed by each muscle in the musculoskeletal system.

https://doi.org/10.1371/journal.pcbi.1012834.g001
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‘virtual surgeries’ [8]. For this purpose, we assume that the generation of the redundant muscle activity occurs through the 
recruitment of modules representing spatial muscle synergies: a muscle pattern m, i.e., a non-negative M-dimensional 
vector of activation of a set of M muscles, is generated by the linear combination of N muscle synergies, each a non-
negative M-dimensional vector:

	 m =Wc	 (1)

where W  is an M x N matrix with the synergy vectors as columns, and c is a N-dimensional synergy combination vector. 
The activation of each muscle generates a specific isometric force at the virtual hand, which we approximate as a linear 
function of activation, and the joint activation of all muscles results in an end-effector force f  (D-dimensional vector):

	 f = Hm	 (2)

where H  is the D x M matrix that linearly maps the muscle activation pattern into a D-dimensional force.
The synergies are recruited according to a control policy that maps a desired force f ∗ into synergy recruitment coeffi-

cients. We implement this control policy using radial basis functions, which have been shown to reproduce well the gener-
alization patterns observed in motor adaptation experiments and have been extensively used in fitting primitives of internal 
models for movement planning [24–26]. We implement this radial basis function-based control policy with:

	 c
(
f ∗
)
= ZΦ

(
f ∗
)
	 (3)

where Z  is a N x NΦ matrix of non-negative combination coefficients and Φ
(
f ∗
)
 is a NΦ-dimensional vector of Gaussian 

basis functions activations, with centers spread in a region of the D-dimensional force space. The generation of a muscle 
activity pattern can then be written as:

	 m
(
f ∗
)
=WZΦ

(
f ∗
)
.	 (4)

In our simulations, we also add signal-dependent, random motor noise to the muscle activity obtained from the model, 
sampled from a multivariate Gaussian distribution with the variance of each muscle scaled quadratically with that mus-
cle’s activation [27] and with zero covariance between different muscles. Signal-dependent noise has been observed 
experimentally in motor unit firing rates [28,29], in EMG [30], and in isometric force production [31]; therefore, including it 
improves the biological realism of the model. After adding motor noise, any negative muscle activity values are set to zero 
to ensure non-negativity.

Previous models of feedforward generation of redundant muscle activity [22,23] assume that the environment—i.e., the 
relationship between muscle activation and the resulting end-effector force, accounting for the musculoskeletal system 
and external perturbations—is either known a priori or learned instantaneously upon perturbation. In contrast, our model 
assumes that the environment is learned gradually through practice. It is represented by an internal estimate Ĥ  of the 
muscle activity-to-force matrix H  that serves as an internal forward model, allowing the prediction of the generated forces 

f̂  from a given a muscle activity pattern m:

	 f̂ =Ĥm.	 (5)

A control policy is learned by updating the synergy matrix W  and the combination coefficients matrix Z  through minimi-
zation of the squared norm of the force error δf = f – f

∗, defined as the difference between the executed force f  and the 
desired force f ∗. The matrices W  and Z  are then updated based on the gradient of the squared norm of the error, 12∥δf∥

2
,  

with respect to each matrix (derivations of the update equations are provided in S1 Text). We also add a regularization 
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term to each matrix update to reduce co-contraction of muscles and co-recruitment of synergies, i.e., effort. The regulariza-
tion is defined as a minimization of the entry-wise squared norm of the control policy and synergy matrices. To ensure the 
non-negativity of the muscle activity, any element of the matrices W  and Z  that are negative after an update are set to zero.

For the synergy structure matrix W , the update ∆W  after a trial with a desired force f ∗ resulting in an error δf  is:

	 ∆W = –ηWĤ
T
δfΦ

(
f ∗
)T
ZT – λWW 	 (6)

where ηW  is a scalar learning rate and λW  is a scalar regularization weight. This contrasts with previous models of the 
generation of redundant motor activity that either did not consider a modular controller [20,21], or assumed fixed syner-
gies [23].

The update ∆Z  of the combination coefficients matrix Z  is:

	 ∆Z = –ηZW
TĤ

T
δfΦ

(
f ∗
)T
– λZZ	 (7)

where ηZ  is a scalar learning rate and λZ is a scalar regularization weight. It is important to note that both update equa-
tions contain the matrix Ĥ

T
 of the internal forward model of the environment, which here serves as an estimate of the “sen-

sitivity derivative” ∂f
∂m of the environment [32]. When calculating the gradient of the squared norm of the error 12∥δf∥

2
, both 

update equations would contain the matrix HT  of the real environment which is not a priori known. Since we assume that 
the learner uses an internal estimate of the environment, the matrix Ĥ

T
 is used instead in the update equations [17].

Equations 6 and 7 suggest that, in case of a large discrepancy between the environment H  and the internal model of 
the environment Ĥ , the update of matrices W  and Z  of the controller will not necessarily minimize the norm of the error δf .  
Indeed, it has been shown that a sufficient condition for the internal model of the environment Ĥ  to decrease the squared 
norm of the error during the update of the model is that δTf HĤ

T
δf > 0, that is, the vector Ĥ

T
δf  (present in both update equa-

tions) has an angle of less than 90° with the vector HTδf , which uses the original environment matrix H  [33].
We update the internal forward model Ĥ  by using the gradient of the norm of the prediction error δfp = f̂ – f  between the 

force predicted by the forward model given a muscle activity m and the actual generated force for the same muscle activ-
ity. The update ∆Ĥ  can be written as:

	 ∆Ĥ = –ηĤδfpm
T

	 (8)

where ηĤ is a scalar learning rate.

2.2  Qualitative reproduction of experimental results

Fig 2 illustrates the three types of perturbations tested in our model and their effect on the forces generated by the mod-
el’s initial muscle synergies (Fig 2A). Visuomotor rotations, which rotate the executed force around the task origin, have 
been extensively studied in the motor control literature [12,22,34,35], and are used here to benchmark the model’s learn-
ing process. Compatible and incompatible virtual surgeries modify the relationship between the initial muscle synergies of 
the model and the forces they produce. In compatible surgeries, the synergies still span all directions in the force space, 
so reaching each target requires only adjustments in their relative recruitment. In contrast, incompatible surgeries cause 
the initial synergies to no longer span the full force space, requiring modifications to the synergies to reach certain force 
targets. Human participants adapt faster to compatible than to incompatible surgeries (Fig 2B), supporting the idea that 
the motor system is organized in a modular architecture, with changes in synergy structure occurring more slowly than 
adjustments in their relative synergy activations. Details of the virtual surgery computation are provided in the Methods 
section.
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Fig 2C shows the force direction error over the course of training in simulations involving the three different perturba-
tions, with all model elements being updated. During the visuomotor rotation, the force direction error decreases substan-
tially within a few cycles (each cycle consists of eight trials, with each trial involving the generation of an isometric force 

Fig 2.  Simulated perturbations and qualitative reproduction of experimental results. (A) Diagrams show the force generated by the computational 
model (colored crosses) to match each of 8 targets (colored circles) at baseline and at the onset of each of three types of perturbation (rotation, compat-
ible surgery, incompatible surgery), as well as the effect of the perturbations on the forces generated by the five muscle synergies (black arrows, num-
bered and shown in a smaller scale). During baseline, all force targets can be reached adequately (small errors are mostly due to motor noise). During 
a visuomotor rotation, the generated forces are rotated around the center of the task space, resulting in force errors. During a compatible surgery, the 
synergy forces are altered but still span the entire force space. In contrast, during an incompatible surgery, the baseline muscle synergies do not span 
the entire force space, and the generated forces are initially all aligned along a single axis. (B) Initial angle error of human participants performing under 
compatible and incompatible virtual surgeries (reproduced from [8]), showing a slower decrease of the error under incompatible surgeries (averaged 
across eight participants). (C) Force direction error of the simulated model (analogous to the initial angle error in data from experiments with human par-
ticipants, see Methods) during adaptation to the three perturbations (average across sixteen initializations of the model). (D) Reconstruction quality (R2)  
of the muscle activity using the original synergies from human participants performing under compatible and incompatible virtual surgeries (reproduced 
from [8]), showing a larger decrease in the reconstruction quality under incompatible surgeries (averaged across eight participants). (E) Reconstruction 
quality (R2) of the muscle activity using the original synergies from the simulated model during adaptation to the three perturbations (average across 
sixteen initializations of the model).

https://doi.org/10.1371/journal.pcbi.1012834.g002
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towards one of the eight different targets), consistent with experimental findings on adaptation under visuomotor rotations 
[34,35]. Importantly, the decrease in force direction error is much slower during the incompatible surgery compared to the 
compatible surgery, in agreement with experimental results using these types of perturbations (Fig 2B, [8]).

Another observation from virtual surgery experiments with human participants is that the ability of the baseline muscle 
synergies to reconstruct the muscle activity decreases more with training under incompatible surgeries than under com-
patible surgeries (Fig 2D, [8]). This greater decrease in reconstruction quality (R2) indicates that the synergies’ structure 
evolved, with new patterns of muscle activity emerging throughout practice. Our model’s simulations reproduce the larger 
decrease in R2 observed during incompatible surgeries relative to the other two perturbations (Fig 2E), although the mag-
nitude of this decrease is smaller than in the experimental data.

In the following subsections, we present the results of our computational model across three main simulations, sum-
marized in Table 1. Simulation 1 evaluates model performance under the three perturbations, while updating either the 
control policy, or the synergies, or both. Simulation 2 examines the effect of including or not the updating of the forward 
model of the musculoskeletal system. Simulation 3 investigates the effect of regularization in the model’s behavior. Full 
simulation details are provided in the Methods section.

2.3  Effect of different combinations of the learning rate of the control policy and of the learning rate of the 
muscle synergies

To further examine the model, in Simulation 1 we investigated the effect of the three perturbations under different combi-
nations of learning rates of the model’s adaptive elements. Specifically, we tested combinations where at least one of the 
control policy matrix Z  and muscle synergies matrix W  had a nonzero learning rate. The results of Fig 3 show that, during 
the rotation and compatible surgery perturbations, the force direction error (Fig 3A) and force magnitude error (Fig 3B) 
decrease more rapidly when both Z  and W  are updated (right column), compared to when only Z  (left column) or only W  
(middle column) is updated. During the incompatible surgery the error does not decrease when only Z  is updated, while 
a modest decrease is observed when only W  is updated, and a faster decrease occurs when both are updated. Because 
incompatible virtual surgeries perturb the forces generated by the muscles such that the baseline muscle synergies do not 
span the full force space, updating the synergies’ structure becomes necessary to reach all force directions and to reduce 
the force error. Statistical analyses on the force direction error (Table A in S3 Text) and force magnitude error (Table B in 
S3 Text) reveal no significant differences between the rotation and the compatible surgery perturbations, but significantly 
larger errors for the incompatible surgery compared to the other two perturbations, under all three combinations of model 
parameters and learning rates.

In these simulations, we also examined the ability of the baseline muscle synergies to reconstruct the muscle activity 
generated by the model over time. Regarding the reconstruction quality (R2) of the muscle activity patterns (Fig 3C), there 

Table 1.  Description of main simulations performed with model.

Simulation # Goal of simulation Parameters investigated

1 Effect of update of the control policy and the muscle 
synergies

Control policy learning rate 0.05; no update of synergies

No update of control policy; synergies learning rate 0.05

Control policy and synergies learning rate 0.05

2 Effect of the update of the forward model No update of forward model

Forward model updated with learning rate 0.25

Ideal forward model used

3 Effect of the regularization in the control policy and 
muscle synergies

No regularization of control policy and muscle synergies

Regularization weight of control policy and synergies set to 1% of each 
component’s learning rates

https://doi.org/10.1371/journal.pcbi.1012834.t001
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is a similar decrease for both the rotation and the compatible surgery perturbations, under all three combinations of learn-
ing rates (in each column). Statistical analyses (Table C in S3 Text) confirm that there is no significant difference in the 
reconstruction quality R2, at the final cycle of perturbation, between the rotation and the compatible surgery perturbations. 

Fig 3.  Effect of different combinations of learning rates. Different combinations of learning rates of the control policy matrix Z and muscle synergies 
matrix W  are shown in different columns. Each panel (rows) shows a different performance metric. (A) Force direction error. (B) Force magnitude error. 
(C) Reconstruction quality (R2) of the muscle activity using the original synergies. (D) Norm of the motor commands. Colored lines correspond to the 
three different types of perturbation simulated. Solid lines and shaded regions indicate average and standard error of each metric across 16 different 
model initializations. Gray background rectangles indicate cycles during which each perturbation was applied. Asterisks indicate results from statistical 
tests where a significant difference was found between at least two of the perturbations, at the final cycle of the perturbation (NS: not significant).

https://doi.org/10.1371/journal.pcbi.1012834.g003
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Although a decrease in the reconstruction quality R2 would indicate a change of the muscle synergies relative to baseline, 
such a change is not possible in simulations in which muscle synergies are not allowed to update (Fig 3C, left column). As 
we show in the additional simulation in Section C in S2 Text, the decrease in the R2 observed here, when updating only 
the control policy (Fig 3C, left column), is due to the increase in the norm of the motor commands (Fig 3D): motor com-
mands with a larger norm increase the signal-dependent noise added, which results in a decrease of the signal-to-noise 
ratio of the underlying muscle synergies, and thus in a decrease in the R2 of the muscle activity reconstruction by the 
synergies, even though the synergies themselves are not changed.

During the incompatible surgery, the reconstruction quality R2 does not decrease when only the control policy is 
updated (Fig 3C, left column), however it does decrease when the muscle synergies are updated (Fig 3C, middle and 
right columns). This decrease is larger when both control policy and synergies are updated, suggesting a larger change in 
the synergies compared to the initial ones. When only the control policy is updated (Fig 3C, left column), there is a differ-
ence in the R2 (Table C in S3 Text) between the incompatible and the compatible surgeries (p = 2.9 × 10-3), but not between 
the incompatible surgery and the rotation (p = 0.35). When only the synergies are updated (Fig 3C, middle column), no 
statistically significant differences are observed between the incompatible surgery and the two other perturbations. Finally, 
when both control policy and synergies are updated (Fig 3C, right column), R2 differs between the incompatible surgery 
and the two other perturbations, indicating a larger decrease in the reconstruction quality for the incompatible surgery 
under this parameter combination. A larger decrease in muscle activity reconstruction quality during incompatible surger-
ies than during compatible surgeries has been observed experimentally [8], although to a greater extent than observed in 
our simulations.

Regarding the washout period, after removal of the perturbations, we observe a large aftereffect in the force direction 
error for both the rotation and the compatible surgery, and a comparatively smaller aftereffect for the incompatible sur-
gery. Aftereffects are considered a hallmark of implicit adaptation, having been reported in a variety of motor tasks [16], 
and a larger aftereffect for compatible surgeries than for incompatible surgeries has been observed experimentally [8]. 
Although a large aftereffect is present in the force magnitude error for the incompatible surgery, there are no experimen-
tal data with which to directly compare this result: in experiments involving virtual surgeries, participants were allowed to 
make online corrections to their cursor movements [8,36], making it difficult to isolate the feedforward component of the 
movement and, consequently, to quantify a feedforward force error. We also observe that neither force direction nor force 
magnitude errors returned to baseline levels after an incompatible surgery when both control policy and synergies were 
updated, whereas both errors return to baseline when only the synergies are updated. This difference can be attributed to 
a larger change in the synergies and to a larger muscle activity norm in the former condition. Following larger changes in 
the synergy structure, their increased recruitment is required to produce the same level of force upon return to baseline 
conditions, which in turn amplifies the signal-dependent motor noise. As a result, force errors remain elevated and do not 
return to baseline by the end of the simulation.

After incompatible surgeries, R2 remained at a lower level during washout than after compatible surgeries. Although this 
effect was not observed in [8], an experiment in which participants first performed a task under an incompatible surgery 
and subsequently under a compatible surgery reported a persistent decrease in the R2 during the second perturbation 
[10], consistent with our simulation results. This behavior is replicated in additional simulations in which the model is 
trained on sequences of incompatible-compatible surgeries, and vice-versa (Section B in S2 Text).

We also examined the norm of the muscle activity generated by the model during training under the different pertur-
bations (Fig 3D). When both the control policy and muscle synergies are updated (right column), we observe a transient 
increase in the norm of the muscle activity during both the visuomotor rotation and the compatible surgery, occurring 
largely when the force magnitude error is decreasing, followed by a slow decrease. These transient increase and subse-
quent slow decrease reappear during the washout. In contrast, during the incompatible surgeries, the increase in muscle 
activity persists throughout the perturbation and decreases only during washout. Statistical analyses (Table D in S3 Text) 
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of the last perturbation cycle reveal significant differences in the norm of the muscle activity for the incompatible surgery 
compared with the other two perturbations, but no significant differences in the norm of the muscle activity between the 
rotation and the compatible surgery perturbations, across all combinations of model parameters.

While the norm of the muscle activity has not been examined in previously published experiments involving virtual 
surgeries [8,10,36], a rapid increase followed by a slight decrease of muscle activity has been observed in arm reaching 
experiments with velocity-dependent and divergent force fields [37]. We consider these two perturbations to be similar to 
our rotation and compatible surgery perturbations. In our model, the slow decrease in the muscle activity after the tran-
sient increase is primarily driven by the regularization applied to both the control policy and the muscle synergies: this 
effect becomes more evident in Simulation 3, where we directly compare models trained with and without regularization.

In the condition in which both control policy and synergies are updated, we also evaluated the force prediction error 
of the forward model. We compared the force predicted by the forward model given a muscle activity generated by the 
controller and the force executed by the musculoskeletal system, including under perturbation (Fig A in S4 Text). The force 
prediction error is high at the onset of the perturbations, but decreases as the forward model is updated. Interestingly, this 
decrease is fastest for the incompatible surgery, although it quickly reaches a plateau at which the decrease slows down. 
This fast decrease contrasts with the slower decrease in the executed error (Fig 3A and 3B), suggesting that force predic-
tion error alone does not necessarily correlate with learning speed.

2.4  Subspaces of muscle activity during training

In the previous section, when both the control policy and the muscle synergies in the model were updated, we showed 
that 1) the reconstruction quality of the muscle activity by the original synergies (R2) decreased more during the incompat-
ible surgery and 2) the norm of the muscle activity increased more during the incompatible surgery compared to the two 
other perturbations. These results suggest training under the different perturbations engages different subspaces of the 
muscle activity space. To elucidate how the muscle activity changes during the perturbations, we evaluated the norm of 
the muscle activity projected into four different subspaces of the muscle activity space (Fig 4), considering the combina-
tion of model parameters when both the control policy and the muscle synergies are updated.

When analyzing the norm of the muscle activity projected in the baseline task space (the subspace of the muscle 
activity space that affects the force generated in the unperturbed task), we observe an initial increase for all perturbations. 
However, the norm quickly decreases to near baseline levels for the rotation and the compatible surgery, while remaining 
elevated for the incompatible surgery (Fig 4A). Statistical analyses of the last perturbation cycle (Table E in S3 Text) reveal 
a statistically significant difference between the norm of the muscle activity projected in the baseline task space between 
the incompatible surgery and the two other perturbations, with no significant difference between the rotation and the com-
patible surgery.

The large increase in the norm of the muscle activity projected in the baseline task space for the incompatible surgery 
is due to an initially inappropriate forward model. At the beginning of the training, the forward model attempts to correct 
movement errors caused by the perturbation—which reduces the span of the baseline synergies to a single dimension— 
by increasing the patterns of muscle activity in the baseline task space [21], consistent with its initialization. This increase 
in muscle activity decelerates as the forward model adapts to the incompatible surgery, and muscle activity patterns out-
side the baseline task space are increasingly recruited. The large norm of the muscle activity in the baseline task space 
immediately before the removal of the incompatible surgery underlies the large after-effect in the force magnitude error 
described in the previous section (Fig 3). After the removal of the perturbation, the norm of the projection of the muscle 
activity in the baseline task space transiently increases again for both rotation and compatible surgery, whereas for the 
incompatible surgery it returns to baseline. This decrease occurs because the environment is the same as the baseline 
task environment and the required forces are the same, so that the baseline task component of the muscle activity natu-
rally returns to baseline levels for all perturbations.
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Noticeably, when analyzing the norm of the muscle activity in the null space (Fig 4B) and in its Nc (intersection between 
null space and baseline synergies) and Nnc (subspace of null space not spanned by baseline synergies) subspaces (Fig 
4C and 4D, respectively), we observe that most of the activity lies in the Nc space, while the component of the muscle 
activity in the Nnc space is much smaller. In our modular architecture, muscle activity is generated by a combination of 
synergies, so at baseline most of the muscle activity in the null space is explained by synergy combinations (i.e., the Nc 
space), whereas activity in the null space not spanned by the baseline muscle synergies (i.e., the Nnc space) is mostly 
due to motor noise. We see an increase in the muscle activity in the Nnc space at the onset of the incompatible surgery, 
while its increase during the rotation and the compatible surgery is negligible. This is confirmed by a statistically signif-
icant difference in the norm of the muscle activity in the Nnc space between the incompatible surgery and the two other 
perturbations (Table E in S3 Text). Unlike the norm of the muscle activity in the baseline task space, which initially rises 
at the onset of the incompatible surgery and then plateaus, the norm in the Nnc space continues to increase throughout 
the entire training period (Fig B in S4 Text). After the removal of the perturbation, the norm of the muscle activity in the 
Nnc space slowly decreases for the incompatible surgery, but does not fully return to the baseline level at the end of the 
washout phase.

In summary, analysis of muscle activity norms across different subspaces shows that, during the perturbation, activity in 
the null space not spanned by the baseline synergies (the Nnc space) increases more for the incompatible surgery com-
pared with the two other perturbations. These learning-related changes in the patterns of muscle activity persist for some 
time even after the removal of the perturbation, and are consistent with our earlier finding that the reconstruction quality of 
the muscle activity decreases more for the incompatible surgery than for the compatible surgery.

Fig 4.  Norm of muscle activity in different subspaces of the muscle activity space. Data from Simulation 1, under the model parameter combina-
tion with an update of both control policy and muscle synergies. The lines (colored according to the type of perturbation) indicate the norm of the muscle 
activity projected into different subspaces of the muscle activity space (panels), averaged across all targets in a cycle (gray background rectangles 
indicate cycles during which each perturbation was applied). Solid lines and shaded regions are the average and standard error across sixteen different 
model initializations. (A) norm in the baseline task space, the subspace that affects the force in the baseline (not perturbed) task. (B) norm in the null 
space of the baseline task space. (C) norm in Nc, the common subspace between null space and baseline synergies. (D) norm in Nnc, the subspace of 
null space not spanned by baseline synergies. Asterisks indicate results from statistical tests where a significant difference was found between at least 
two of the perturbations, at the final cycle of the perturbation.

https://doi.org/10.1371/journal.pcbi.1012834.g004
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2.5  Changes in the structure of muscle synergies during training

In the previous section, we described differences in the evolution of muscle activity during training under the three dif-
ferent perturbations, suggesting substantial reorganization of the muscle synergies during incompatible surgeries. Our 
computational model enables direct analysis of these structural changes by examining the muscle synergy matrices W  
throughout the simulations. To quantify changes in the synergy structure in Simulation 1—where all model components 
had nonzero learning rates—we used two additional metrics: the first captures the span of the synergy forces within differ-
ent task environments while the second assesses the alignment of the synergies with specific directions in muscle activity 
space.

The first metric, the area of the convex hull of the synergy forces, was computed in both the baseline task space and in 
the incompatible surgery task space (Fig 5A) to assess how well the synergies span the force space. In the incompatible 
task space, the area of the baseline synergies is zero because the incompatible surgery is designed so that the baseline 
synergies do not span the entire force space, resulting in a convex hull corresponding to a straight line, with zero area. In 
experiments with human participants, the area in the baseline task space decreases, while the area in the incompatible 
task space increases during training with an incompatible surgery [36], indicating that synergies are restructured toward 
the dimensions relevant to the incompatible task space.

Our simulations reproduce this pattern (Fig 5A). During the incompatible surgery, the area in the baseline task space 
decreases and becomes smaller than during the rotation perturbation, though it is not significantly different from the com-
patible surgery (Table F in S3 Text). In contrast, the rotation and compatible surgery show an initial decrease followed by 
an increase, suggesting a transient change in the span of the synergies in the baseline task space. In the incompatible 
task space, the convex hull area of the synergy forces increases substantially and continuously under the incompatible 
surgery, whereas in the other two perturbations this increase is modest and stabilizes at a significantly smaller value 
(Table F in S3 Text). Together, these results indicate a progressive reorganization of the muscle synergies during training 
under the incompatible surgery, enabling them to span a larger area of the incompatible task space.

The second metric, the principal angle between the synergies and the vectors {w ,w′,n}, quantifies how the synergy 
structure aligns with the directions used to define the virtual surgeries (Fig 5B). These three vectors are used to define the 
compatible and incompatible virtual surgeries. In the compatible surgery, the vector w  in the synergy subspace orthogonal 
to the null space (the Wnc space) is rotated towards the vector w′ within the same subspace. In the incompatible surgery, 
the vector w  is rotated towards the vector n in the subspace of the null space not spanned by the baseline synergies (the 
Nnc subspace). At the beginning of training, the principal angles with w  and w′ are zero, as these vectors lie within the 
baseline synergies subspace, and an increase in these angles indicates a deviation from the original synergy structure. In 
contrast, the principal angle with n is initially larger than zero, since n lies in the Nnc subspace not spanned by the base-
line synergies, and a decrease in this angle indicates a reorganization of the synergies toward the Nnc space.

Our simulations show increases in the principal angles between the synergies and both vectors w  and w′ across the 
three perturbations (Fig 5B, left and middle panels). However, the increase in the principal angle with w  (the vector from 
which the muscle activity space is rotated during the virtual surgeries) is significantly larger during the incompatible sur-
gery than during the other two perturbations (Table G in S3 Text). Interestingly, the increase in the principal angle with w′ 
(the vector toward which the muscle activity space is rotated during the compatible surgery) is significantly smaller during 
the incompatible surgery than during the two other perturbations (Table G in S3 Text). These results indicate that synergy 
structure changes occur during all perturbations, but during the incompatible surgery synergies deviate more strongly from 
the direction not relevant to the incompatible surgery task (w ) and less from directions unaffected by it (w′).

Regarding the principal angle between the synergies and the vector n (Fig 5B, right panel), we observe a decrease 
across all perturbations, with a larger reduction for the incompatible surgery compared to the rotation, though not sig-
nificantly different from the compatible surgery (Table G in S3 Text). For both the rotation and compatible surgery, the 
decrease in the principal angle tends to plateau during training (as seen with the other two vectors), whereas for the 
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incompatible surgery the decrease continues steadily throughout the perturbation. These findings contrast with the results 
of the previous section, which showed a greater increase in the muscle activity norm in the Nnc space during incompatible 
surgeries. This suggests that, despite a similar alignment with vector n, the recruitment of these better aligned synergies 
is stronger during the incompatible surgery, resulting in a higher muscle activity norm.

During the washout period, the area of the convex hull of the synergy forces in the baseline task space (Fig 5A, left 
panel) remains lower than during the baseline period, for all three perturbations, and is lower after the incompatible sur-
gery than after the two other perturbations. Likewise, the area in the incompatible task space (Fig 5A, right panel) does 
not return to baseline, remaining larger after the incompatible surgery than after the two other perturbations. A similar 
trend can be observed for the principal angles between the synergies and the vectors w , w′, and n (Fig 5B), which also do 

Fig 5.  Metrics related to the change in the structure of muscle synergies. Data from Simulation 1, under the model parameter combination where 
both control policy and muscle synergies were updated. Colored lines indicate the metrics calculated from the synergies saved at the end of each block 
(three cycles), with gray background rectangles marking the perturbation periods. Solid lines and shaded regions denote the average and standard error 
across sixteen model initializations. (A) Area of the convex hull of the synergy forces, calculated in the baseline task space (left) and in the incompatible 
task space (right). (B) Principal angles between the synergies and three vectors in the muscle activity space used to construct the virtual surgeries: (left) 
w, a vector in the synergy subspace not in the null space, from which the muscle activity space is rotated in the virtual surgeries; (middle) w′, another 
vector in the synergy subspace not in the null space, toward which the muscle activity space is rotated in the compatible surgery; (right) and n, a vector 
in the null space not spanned by the baseline synergies, toward which the muscle activity space is rotated in the incompatible surgery. Asterisks indicate 
statistically significant results (at 5% significance level) between at least two of the perturbations, at the final block of perturbation.

https://doi.org/10.1371/journal.pcbi.1012834.g005
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not return to baseline levels after any of the perturbations. These results indicate that changes in the structure of the syn-
ergies, which are more pronounced during the exposure to the incompatible surgery, persist even after the perturbation is 
removed. This accounts for the persistent decrease in the reconstruction quality (R2) of muscle activity using the original 
muscle synergies and for the persistent increase in the norm of the muscle activity in the Nnc space after the incompatible 
surgery.

In summary, our analyses show that the structure of muscle synergies evolves under all three perturbations. While 
changes are similar for the visuomotor rotation and the compatible surgery, the incompatible surgery induces more 
pronounced structural modifications: the synergies deviate further from the direction irrelevant to the task and expand 
their forces within the incompatible task space. This larger, persistent reorganization of synergy structure, together with 
changes in the synergy recruitment, explains the greater reduction in the reconstruction quality (R2) of muscle activity 
using the original muscle synergies observed in our simulations of incompatible surgeries.

2.6  Examining different learning rates of the forward model

In the previous simulation, the forward model of the musculoskeletal system was updated as the models encountered 
the perturbations. In contrast, previous computational models of the trial-by-trial update of motor activity which included 
a modular architecture assumed that the forward model, responsible for the error correction, was either known a priori, 
or instantly fully learned as soon as the perturbation was introduced [22,23], an assumption that has been criticized as 
implausible [32]. In Simulation 2, we investigated three possibilities for the learning of the forward model: no update of the 
forward model (learning rate of zero), a slowly updated forward model (non-zero learning rate, the same one used in Sim-
ulation 1), or the ideal forward model for each perturbation. This allows us to compare the predictions of our model with 
those of models assuming an ideal forward model, as well as with available experimental data.

The results of Simulation 2 (Fig 6), show no apparent difference in any of the metrics during the rotation and the 
compatible surgery across all three learning rates of the forward model (each column). Statistical analyses on the force 
direction error (Fig 6A and Table H in S3 Text), force magnitude error (Fig 6B and Table I in S3 Text), reconstruction quality 
of the muscle activity using the original muscle synergies (R2) (Fig 6C and Table J in S3 Text), and norm of the muscle 
activity (Fig 6D and Table K in S3 Text) at the final cycle of perturbation confirm that there is no significant difference 
across any of the parameters for the forward model for either perturbations.

For the incompatible surgery, in contrast, clear differences emerge across the three learning rates for all four met-
rics. In comparison to when the forward model is updated slowly (middle column), both force direction error (Fig 6A) 
and force magnitude error (Fig 6B) are substantially higher when the forward model is not updated (left column) (even 
higher than at the onset of the perturbation), and markedly lower when the ideal forward model is used (right column). 
In the latter condition, the decrease in the error during the incompatible surgery becomes comparable to that observed 
for the two other perturbations, with the exception of the washout phase: a transient increase in error is present for 
the rotation and the compatible surgery but absent for the incompatible surgery. In terms of reconstruction quality (R2, 
Fig 6C), there is no significant difference in the decrease between the slowly updated (middle column) and not-updated 
(left column) forward model conditions (Table J in S3 Text). However, there is a significantly larger decrease when 
the ideal forward model is used (right column), compared to the two other conditions. Similarly, the motor command 
norm (Fig 6D) reaches a significantly higher level when the forward model is not updated (left column), and a signifi-
cantly lower level when the ideal forward model is used (right column), relative to the slowly updated condition (middle 
column, Table K in S3 Text).

When the forward model is not updated, the incompatible surgery leads to a large increase in the norm of the muscle 
activity generated by the model (Fig 6D, left column), while the error in the force generated by this muscle activity does 
not decrease and instead increases relative to perturbation onset (Fig 6A and 6B). Because updates to the muscle activity 
are dictated by the forward model, and incompatible surgeries require novel patterns of muscle activity, changes in the 
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Fig 6.  Effect of different learning rates of the forward model. Three different learning rates of the forward model are presented in different columns. 
Colored lines correspond to the three different perturbations simulated. Solid lines and shaded regions are the average and standard error of each metric 
(rows/panels) across sixteen different model initializations. (A) Force direction error. (B) Force magnitude error. (C) Reconstruction quality (R2) of the 
muscle activity using the original synergies. (D) Norm of the motor commands. Gray background rectangles indicate cycles during which each perturba-
tion was applied. Asterisks (NS: not significant) indicate results from statistical tests where a significant difference was found between at least two of the 
conditions, with the text colors indicating the perturbation tested, at the final cycle of the perturbation.

https://doi.org/10.1371/journal.pcbi.1012834.g006
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muscle activity generated by the baseline forward model are inappropriate for the perturbed environment. As a result, the 
increased muscle activity norm fails to reduce the force error.

In contrast, with an ideal forward model (right column), the force error during the incompatible surgery decreases as 
fast as during the rotation and the compatible virtual surgery, accompanied by a large change in the structure of the mus-
cle activity, as reflected by the pronounced decrease in R2. Analysis of the norm of the projection of the muscle activity 
in different subspaces when using the ideal forward model (Fig C in S4 Text) reveals a large increase in the use of the 
Nnc space during the incompatible surgery, and no increase in the norm on the baseline (unperturbed) task space. This 
contrasts with the condition in which the forward model is slowly updated, where the norm of the muscle activity in the 
baseline task space increases markedly (Fig 4A), and the decrease in R2 is smaller (Fig 6C, middle column). In addition, 
the force magnitude error (Fig 6B) at the onset of the washout (after the removal of the perturbation) is much smaller 
when an ideal forward model is used (right column), reflecting the smaller increase of the norm of the muscle activity in 
the baseline task space (Fig C in S4 Text) in this condition. This phenomenon is similar to the encoding of different motor 
tasks in orthogonal neural dimensions, which reduces interference between motor memories [38]. These results further 
indicate that, during an incompatible surgery, changes in the baseline (unperturbed) task component of the muscle activity 
arise primarily from an incorrect forward model. A correct forward model instead leads to 1) larger changes in the muscle 
activity, specifically in the Nnc space; 2) a faster decrease of the force error; and 3) a greater separability between familiar 
and novel motor tasks, resulting in a smaller washout force magnitude error.

2.7  Effect of regularization

In the preceding simulations of our model, whenever a model component (either the control policy matrix Z  or the muscle 
synergies matrix W ) was updated, a nonzero regularization was applied, pulling matrices entries towards zero. In Sim-
ulation 3, we compared two combinations of parameters of the model, with and without regularization, to characterize 
the effect of regularization. Overall, regularization produced small but statistically significant effects on force direction 
error (Fig 7A), force magnitude error (Fig 7B), and reconstruction quality (R2, Fig 7C), across all perturbations. Statistical 
analyses at the last cycle of perturbation (Table L in S3 Text) revealed a significant average reduction of 1.67° in the force 
direction error and of 0.024 (arbitrary units) in the force magnitude error, along with a significant increase of 0.019 in R2 
caused by the regularization. Regularization also had a significant negative effect on the motor command norm (Fig 7D 
and Table M in S3 Text), with a significant interaction with the perturbation type. This effect was stronger for the incompat-
ible surgery (F(1,90) = 410.00) than for the compatible surgery (F(1,90) = 112.00) and the rotation (F(1,90) = 103.54). The 
stronger effect of the regularization in the incompatible surgery may be due to a smaller increase in the norm of the motor 
commands during the other two perturbations.

These results suggest that, although regularization significantly affects the force magnitude error, its largest effect is the 
reduction of the norm of the muscle activity generated by the model. As there is evidence for reduction of effort at mus-
cular level [37,39] and at synergy recruitment level [40], as well as reduction of metabolic cost during prolonged practice 
[41], the inclusion of a regularization term in our computational model is well justified.

3  Discussion

Although the redundancy of the human body affords the central nervous system infinitely many possibilities for coordinat-
ing multiple joints during movement execution [1], strong regularities are observed in the recruitment of muscles [3]. These 
regularities can be explained by the existence of a small number of control modules that can be flexibly combined during 
force generation, thereby simplifying coordination across the many degrees-of-freedom of the musculoskeletal system 
[2]. A modular architecture for the generation of muscle activity patterns also accounts for differences in the learning 
speed under different perturbations, depending on whether the perturbation can be compensated for using the original 
control modules [8]. However, computational models of error-based learning of novel muscle activity patterns either did 
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Fig 7.  Effect of regularization. Simulations performed with or without regularization are shown in different columns. Colored lines correspond to the 
three different types of perturbation simulated. Lines and shaded regions are the average and standard error of each metric (on each row/panel) across 
sixteen different model initializations. (A) Force direction error. (B) Force magnitude error. (C) Reconstruction quality (R2) of the muscle activity using the 
original synergies. (D) Norm of the motor commands. Gray background rectangles indicate cycles during which each perturbation was applied. Asterisks 
indicate results from statistical tests where a significant effect of the regularization was found, examined at the final cycle of the perturbation.

https://doi.org/10.1371/journal.pcbi.1012834.g007
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not account for this modularity [20,21], or incorporated it under the assumptions of ideal error correction or immutable 
modules [22,23].

We proposed a modular architecture for the trial-by-trial generation and learning of redundant muscle activity patterns 
during isometric force-reaching tasks. In our computational model, explicitly defined modules, representing spatial muscle 
synergies, are recruited by a control policy and are combined for the generation of muscle activity, which serves as the 
input to the musculoskeletal system and results in the generation of force. Both the muscle synergies and the control pol-
icy are updated, at different learning rates, by backpropagation of the force error through a forward model of the musculo-
skeletal system, which is not assumed to be known a priori and is instead updated using force prediction error. Our model 
qualitatively reproduces the main findings of experiments involving virtual surgeries that alter the forces generated by the 
muscle activity [8,10], supporting the hypothesis that the generation and learning of muscle activity patterns in humans 
rely on a modular architecture. Nevertheless, discrepancies between our simulations and available experimental data 
were also observed.

3.1  Error-based learning of new muscle activity patterns requires updating internal model for error correction

In our computational model, a forward model of the musculoskeletal system is responsible for the correction of movement 
errors, and this model is updated through force prediction error. During goal-directed movement, the goal of the move-
ment is typically specified in terms of distal variables, such as a specific posture of the body in space, or the position and 
orientation of a tool that is being manipulated. However, the CNS cannot control these distal variables directly, and instead 
relies on the control of proximal variables, such as muscle activity, to achieve movement goals. When a movement error 
occurs—defined as a discrepancy between the desired and executed movement— a “distal teacher” may transform this 
distal error into an appropriate change in proximal variables, thereby enabling updates to the control policy [17]. It has 
been argued that the knowledge of this “teacher” responsible for error correction cannot be innate and must instead be 
learned through experience [32]. Accordingly, in novel sensorimotor tasks that require new patterns of muscle activity, 
such as incompatible virtual surgeries, an internal model for error correction must be acquired for learning to occur [21]. 
Consistent with this view, our simulations show that incompatible virtual surgeries cannot be learned when the forward 
model is not updated. These findings support the inclusion of a gradually learned forward model of the musculoskeletal 
system as a key component of our model.

We have shown that, in our model, the updates of both the control policy and muscle synergies depend on the structure 
of the forward model. The closer the forward model is to the ideal (i.e., true) forward model, the faster the error decreases, 
and the more substantial the reorganization of muscle activity during incompatible surgeries. Learning an appropriate 
forward model under incompatible surgeries requires experience with motor commands that lie in the portion of the null 
space not spanned by the original muscle synergies (the Nnc space). However, generating such examples is constrained 
by the structure of the existing synergies. Previous work has proposed that motor exploration facilitates forward model 
learning [20]. Consistent with this idea, comparing Simulation 1 (Fig 4), in which motor noise was included and the for-
ward model was updated, with the simulation in Section C of S2 Text, in which no motor noise was added, reveals a faster 
decrease in error during incompatible surgeries when motor noise is present. These findings support a role for motor 
exploration in enabling forward-model learning and the subsequent reorganization of muscle activity through error-based 
learning.

While motor noise at the muscle output level enhances error correction in our model, introducing noise at other levels 
of the model hierarchy may not yield similar benefits. Noise at the synergy recruitment level could constrain exploration to 
the baseline synergies, thereby limiting learning during incompatible surgeries. Noises in the internal components of our 
model (the control policy and the synergy matrices), while important for reward-based algorithms such as weight and node 
perturbation [42], would simply accumulate at the motor output level in our model, producing effects similar to the currently 
implemented signal-dependent motor noise; this justifies our simplified approach. Noise that the CNS is not aware of 
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(i.e., execution, rather than exploratory noise), such as in the feedback errors driving learning, could be detrimental and 
may require adjustment of the learning rates [43], a mechanism not implemented in our model. Further work is needed 
to examine the influence of different sources of noise within the model, potentially combined with adaptive regulation of 
learning rates according to noise variability [44].

3.2  Contextualizing our computational model within existing models and experimental data

The behavior of our model during adaptation to compatible virtual surgeries (where the baseline synergies still span the 
entire force space) resembles adaptation to a visuomotor rotation. Although visuomotor rotations have not, to our knowl-
edge, been studied in the context of myoelectric control, experiments with human participants have shown that adaptation 
to force perturbations (which, like visuomotor rotations, do not act directly at the muscle level) is easier than adaptation to 
compatible surgeries [8]. This difference may arise because experimental virtual surgeries are constructed using esti-
mates of each participant’s synergies, allowing residual muscle activity not captured by those synergies to contribute sig-
nificantly to task performance [45]. In contrast, our simulations defined virtual surgeries using the “ground-truth” synergies. 
Experimentally, adaptation to compatible surgeries produces only a small decrease in reconstruction quality of the muscle 
activity using the original synergies (R2), similar to adaptation to force perturbations [8], a result that is replicated in our 
simulations when comparing compatible surgeries with visuomotor rotations (Fig 3C).

Computational models of trial-by-trial learning that included modularity in the generation of muscle activity have been 
investigated before. Hagio & Kouzaki (2018) showed that modularity may accelerate learning by reducing the bias of 
the distribution of the mechanical contributions of neurons in the controller neural network. A similar argument has been 
made by Barradas et al. (2023), where the speed of learning under a perturbed environment was related to the uniformity 
of the shape of the cost function, expressed as the ratio between the smallest and the largest eigenvalue of the Hessian 
matrix of the cost function around its minimum. They reported that, in a non-modular architecture using the distal learning 
framework, learning after an incompatible surgery could be slightly faster than learning after a compatible surgery, due to 
differences in the uniformity of the cost functions across the two virtual surgeries. In contrast, in a modular architecture, 
learning after incompatible surgeries was slower than after compatible surgeries. There are key differences between our 
simulations and those of Barradas et al. (2023) that must be considered: 1) we do not assume that the forward model 
responsible for the error correction is known at the beginning of the perturbation; it is learned by minimizing the force 
prediction error; 2) we assume that the structure of the spatial muscle synergies can be updated by the learning algorithm, 
whereas they assumed fixed synergies; and 3) we used “ground truth” synergies to define the virtual surgeries, while 
they used estimated synergies from the muscle activity generated by the model during baseline. Using an estimate of the 
synergies to define incompatible surgeries may cause them being not truly “incompatible” (in the sense that they may still 
allow the existing synergies to span the entire force space), although this approach has the merit of following more closely 
the experimental approach, in which the ground-truth synergies are unknown. Additional simulations using a large number 
of fixed synergies and using estimated synergies to define the incompatible surgery showed only a small decrease in R2 
but a decrease in the error (see Section A in S2 Text), suggesting that allowing synergies to change over time provides a 
better fit to experimental observations.

The regularization implemented in our model, applied to both the control policy and synergy matrices, significantly 
reduced the norm of the motor commands, corresponding to the reduction of muscular [37,39] and metabolic [41] effort 
observed in human motor tasks. Our implementation of the regularization is similar to the weight decay algorithm widely 
used in artificial neural networks to improve generalization [46]. Weight decay has also been investigated in computational 
models of sensorimotor transformations [47], where it has been shown that, over tens of thousands of trials of training 
(with regularization weights comparable with those used in our simulations), effort can be reduced to near-optimal levels. 
In contrast, our simulations involved a number of trials similar to a typical single-session human experiment—on the order 
of hundreds of trials—and were therefore likely too short to achieve full minimization of effort. In addition, experiments with 
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humans performing three-dimensional isometric force tasks suggest that it is not the individual muscle activity, but rather 
the recruitment of muscle synergies that is minimized, albeit sub-optimally [40]. Further experiments are needed to clarify 
how effort is minimized at both muscular and synergistic levels during force generation and learning.

3.3  Possible neural substrates of motor adaptation with synergies

The components of our model may be linked to specific neural substrates. Evidence from spinal and cortical microstimula-
tion [4,48] and single-unit recordings [49] studies in animals suggest that spatial muscle synergies may be encoded in the 
cortico-spinal connectivity and in spinal or brainstem networks. In humans, the preservation of muscle synergies following 
unilateral ischemic lesions in frontal motor cortical areas suggests that synergy recruitment may be encoded in higher 
motor areas [50]. The cerebellum has been implicated in the temporal organization of synergies [51], and is widely asso-
ciated with prediction errors and forward models [12]. The integrity of the cerebello-thalamo-cortical pathway is related to 
the capacity to adapt to movement errors [52], but not with the execution of already learned movements [53], consistent 
with its role as an error-correcting forward model in our architecture. Future experiments and simulations may further 
elucidate the neural correlates of the components of our model and leverage it as a tool to investigate recovery processes 
following neural injury.

While the lack of the generation of entire movement trajectories (as discussed in the Limitations section) precludes 
directly fitting our model to the data from virtual surgery experiments—where participants could make use of online feed-
back corrections—our model may nonetheless be useful for understanding inter-individual differences in motor learn-
ing. Specifically, we predict that participants who exhibit a faster reduction in error during incompatible surgeries would 
be characterized, in terms of model parameters, by larger learning rates of either the forward model or the synergies. 
Because the goal of the present work was to characterize how the individual components of the model shape its learning 
behavior, we defer such analyses to future studies.

In summary, our computational model accounts for differences in adaptation to different types of virtual surgeries—at 
the task, muscle, and synergy levels—through the learning of three key components of a modular control architecture: the 
recruitment of muscle synergies, the structure of the synergies, and an acquired forward model of the task and motor sys-
tem. By systematically analyzing how each component shapes the model’s behavior, we provide a framework for linking 
patient-specific impairments to deficits in the learning or updating of specific elements in our model and to specific neural 
substrates. In the future, this model may be used to predict inter-individual differences in motor learning in both patients 
and healthy participants, and to guide the development of targeted interventions aimed at enhancing recovery from spe-
cific impairments.

3.4  Limitations of our model

One of the limitations of our model is the use of a fixed number of muscle synergies. Changes in the number of synergies 
involved in locomotion, resulting from synergy fractionation and merging, have been reported during development and 
training [54]. Fractionation and merging of synergies have been observed after stroke, in the affected arm—relative to the 
unaffected arm—[55], suggesting that cortical damage can alter both the number and the structure of muscle synergies 
underlying upper limb movements. Although assuming a fixed number of synergies may be appropriate to study motor 
learning over short time scales, such as single-session experiments, extending the model to allow for a variable number 
of muscle synergies could provide a more comprehensive account of changes in motor coordination across development, 
long-term skill acquisition, and motor rehabilitation.

While we used fixed learning rates in our simulations, studies of motor adaptation in humans suggest that the CNS 
adjusts its adaptation rate according to the uncertainty of sensory feedback [43] and the consistency of the task environ-
ment [56,57]. These findings have been attributed to a metacognitive process that monitors task performance and regu-
lates the rates of retention and adaptation [44]. Incorporating adaptive learning rates into our model could therefore allow 



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012834  March 27, 2026 22 / 30

it to reproduce these behaviors and enable a more detailed analysis of changes in muscle activity and synergy structure 
across a wider range of simulated motor tasks.

We did not include in our model any cognitive processes, despite evidence that such processes influence motor adap-
tation [58]. In a recent experiment in which participants had more time to reach the target during the virtual surgeries [36], 
a larger aftereffect in the direction error of the initial movement was observed for the compatible surgery compared to the 
incompatible surgery immediately after the removal of the perturbations. Large aftereffects after the compatible surgery, a 
result which is in line with the predictions of our model regarding the force direction error, are a hallmark for implicit adap-
tation [59]. In contrast, training under incompatible surgeries was associated with longer reaction times [36], suggesting a 
greater reliance on explicit strategies. Although our computational model predicts a decrease in the reconstruction quality 
of the muscle activity using the original synergies (R2), this decrease is smaller than what has been observed experimen-
tally [8,36], and the recovery of R2 during the washout phase is also slower than in the experimental data. These dis-
crepancies may indicate that our model lacks a cognitive component that could be responsible for the regulation of motor 
exploration [60–62]. However, it remains unclear whether cognitive processes would be capable of recruiting muscle 
patterns that cannot be explained by existing muscle synergies.

As previously noted, the decrease in the reconstruction quality of the muscle activity using the original synergies  
(R2) during incompatible virtual surgeries in our model is smaller than the decrease observed in experiments with human 
participants [8,36]. Beyond the possible influence of cognitively-driven exploration strategies discussed above, several 
additional factors may account for this discrepancy. One possibility is the recruitment of pre-existing muscle synergies that 
were not identified during the baseline task, which could explain the larger decrease in the R2 observed experimentally. 
However, simulations in which we increased the number of synergies did not reproduce such a pronounced decrease 
(Section A in S2 Text). If such latent synergies do exist, our results suggest that their recruitment may rely on mechanisms 
not captured by our model—possibly involving cognitive processes—during incompatible surgeries.

Another factor concerns how the R2 was measured in experimental studies: in several cases it was computed over the 
entire movement, whereas when computed separately for the feedforward phase, the decrease was smaller [36]. This 
result is more in line with our predictions, as we model only the generation and updating of feedforward movement compo-
nents. In addition, recent experiments using high-density surface electromyography (HDsEMG) have revealed that modu-
larity may also exist at the level of motor neurons [63]. Such motor neuron synergies would provide the CNS with greater 
flexibility in muscle recruitment and might account for part of the decrease in R2 during incompatible surgeries. While 
muscle synergies and motor neuron synergies may capture the same modular organization at different levels—functional 
and neural implementation, respectively— not all existing modules may be identified from the decomposition of bipolar 
EMG signals, and the unidentified synergies may affect the reconstruction quality. These aspects should be considered 
when comparing our simulation results to experimental data, and will be further explored in future works.

Another limitation in our model is the assumption that the forward model has the same structure as the muscle 
activation-to-force mapping (a D x M matrix). We did not investigate other architectures and how they might affect error 
correction. For example, if the forward model were implemented using radial basis functions, updates might have more 
localized effects, potentially limiting the generalization of learning across perturbations. Similarly, if the forward model 
mapped synergy activation coefficients directly to predicted forces, it would implicitly contain an internal representation of 
the synergies. In that case changes in synergy structure would require corresponding updates to the forward model itself. 
Error backpropagation would then be confined to the synergy activations—unless a muscle activity error signal could be 
extracted from an intermediate layer of the forward model. Investigating how different forward-model architectures affect 
learning and error correction is an important direction for future work.

Finally, our model can only predict the generation of feedforward motor commands and the trial-by-trial learning pro-
cesses of the muscle activity, whereas movements executed by the motor system are generally continuous and learning 
may occur throughout the movement duration [36,64–67]. We plan to extend the model to predict the entire time-course 



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012834  March 27, 2026 23 / 30

of the muscle activity and of the generated force, as well as to incorporate online feedback error correction mechanisms. 
A feedback-driven modular architecture in a novel redundant sensorimotor task, without assuming a priori knowledge of 
the sensorimotor mapping, has been investigated recently [68]. However, that model did not account for possible changes 
in synergy structure, only in their recruitment, and did not include a feedforward component. Experimental evidence from 
virtual surgery paradigms further supports the need to model both processes: increasing trial duration leads to faster 
improvements in online feedback error correction than in initial movement error—reflecting trial-by-trial feedforward learn-
ing—during incompatible surgeries [36]. This enhanced feedback-based improvement has been attributed to increased 
exploration enabled by longer movement durations. These findings suggest a possible dissociation between feedback 
and feedforward error correction mechanisms, which has also been observed in mirror-reversal experiments [69]. From a 
modeling perspective, this dissociation may imply different gains for feedforward and feedback error correction, or even 
distinct learning mechanisms with separate learning rates governing trial-by-trial feedforward adaptation and online feed-
back corrections. Extending our model to generate the entire movement trajectories would allow us to directly investigate 
these hypotheses and better capture the dynamics of motor learning observed experimentally.

4.  Methods

4.1  Model simulations

We performed simulations to validate the model described in the Results by assessing whether it can adapt to perturba-
tions such as visuomotor rotations and ‘virtual surgeries’ and whether it can reproduce key features of motor adaptation 
observed in experiments with human participants. All simulations and analyses were conducted in MATLABⓇ (MathWorks 
Inc., Natick, MA). In the simulations, we used D = 2 force dimensions, M = 10 muscles, and N = 5 muscle synergies, val-
ues similar in magnitude to the dimension of the muscle activity and number of synergies reported in human experiments 
[8]. The muscle activation-to-force matrix H  was initialized by assigning each of the M muscles a random D-dimensional 
force vector, ensuring that the forces positively spanned the entire force space [70]. The norm of each vector was ran-
domly selected from the interval [0.5, 1.5] (arbitrary units). We defined 8 target forces f ∗, uniformly distributed in a circle 
with radius 0.5 (arbitrary units) centered at the origin of the force space (at rest). The control policy was implemented 
using NΦ = 121 Gaussian basis functions Φ with centers uniformly distributed on a 11-by-11 grid spanning the range 
[-1, +1] in each force dimension. This basis set was sufficient to represent all force targets used in the task. Each element 
of the matrix Z  of the control policy was initialized by sampling from a uniform distribution over the interval [0,0.05]. For 
the initialization of the synergy matrix W , we first generated N  random force vectors positively spanning the entire force 
space [70]. For each of these force vectors, we used quadratic programming (MATLABⓇ function quadprog) to compute 
the minimum-norm, non-negative muscle activation pattern that produced the desired force under the mapping defined by 

H . These muscle activity vectors, each representing a muscle synergy, were concatenated to form the matrix W .
Our model was trained under three different types of perturbation: visuomotor rotations, compatible virtual surgeries, 

and incompatible virtual surgeries (Fig 2A). Visuomotor rotations applied a 45° counter-clockwise rotation to the force f  
executed by the model. Compatible and incompatible virtual surgeries correspond to changes in the pulling directions 
of the muscles, defined according to whether the generation of force is compatible or not with the model’s initial muscle 
synergies. The virtual surgeries were computed following the procedure described in [8], utilizing the environment matrix 

H , its null space (the subspace of the muscle activity space that does not affect the generated force) and the initial muscle 
synergies matrix W . From these, we derived the subspace bases necessary for the rotations in the muscle space: the 
basis Nc of the subspace common to the synergies and the null space of H , the basis Wnc of the synergy vectors not in 
the null space, and the basis Nnc of the null space vectors not generated by synergy combinations. These subspaces 
were then used to calculate the rotation matrices for the surgeries: the compatible rotation matrix Tc rotates a vector w  in 
the span of Wnc onto a second vector w′ in the same subspace, while the incompatible rotation matrix Ti rotates a vector 
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w  in the span of Wnc onto a vector n in the span of Nnc. The angle of the compatible rotation was adjusted so that both 
compatible and incompatible virtual surgeries would have a similar “index of difficulty”, defined as the average change in 
the muscle activity across muscles and force targets required to perform the task after the surgeries [8], calculated as:

	
Idiff =

M∑
i=1

8∑
k=1

∣∣mik –m′
ik

∣∣,
	 (9)

where mik  is the activity of the ith muscle for the kth target before the perturbation and m′
ik  is the same during the pertur-

bation. The vectors mk and m
′

k are computed as the minimum-norm, nonnegative solution to the equations f ∗k = Hmk and 

f ∗k =H
′
m

′

k , respectively (with H
′
 being the perturbed environment matrix).

The effects of the virtual surgeries on baseline muscle synergies in representative simulations are illustrated in Fig 2A. 
It can be noted that compatible surgeries do not require changes to the muscle synergies in the model, but only adjust-
ments in their relative recruitment across different force directions: the forces generated by the synergies (black arrows) 
are altered by the perturbation, yet they still span the entire force space. In contrast, incompatible surgeries require learn-
ing of new patterns of muscle activity, as the perturbed synergy forces are aligned in a single direction and do not span 
the force space.

Each simulated experiment started with the initialization of the model, followed by a baseline training without any per-
turbation for a total of 324 cycles, where each cycle consisted of eight trials—one trial for each of the eight defined targets 
presented in random order. During each trial, the learning rules described in the Results section were applied to update 
the matrices Z , W , and Ĥ  of the model. After the initialization, each simulated experiment was trained in the baseline con-
dition for 36 cycles, followed by 36 cycles of perturbation (matching the number of trials used in the human experiments 
reported in [8]), and finally by 36 cycles of washout (again in the baseline condition). Within a single model initialization, 
the data for each trial were averaged across four repetitions of the simulation, to attenuate the effect of the motor noise 
added to the motor commands at every trial. All reported results (except individual reaching trials) were obtained by aver-
aging, at every cycle, the data across 16 random initializations of the model. Each initialization used its own environment 
matrix H  and muscle synergies W . Because of this, each initialization also had different pairs of compatible and incompat-
ible virtual surgeries. This approach was intended to mimic an experiment with multiple participants, and 16 initializations 
were deemed sufficient to illustrate the model’s behavior (for comparison, the virtual surgeries results reported in [8] were 
obtained from eight participants).

We conducted three sets of simulations under different combinations of model parameters: the learning rates of the 
control policy ηZ , of the muscle synergies ηW , and of the forward model ηĤ, as well as the regularization weights for the 
control policy λZ and for the muscle synergies λW . The three simulations, along with the parameters investigated in each, 
are summarized in Table 1.

Simulation 1 tested the overall model and assessed the effects of updating the control policy and the muscle synergies. 
To this end, we set two possible values for the learning rate of the control policy ηZ  and of the muscle synergies ηW ,  
resulting in three combinations of parameters: {(0.05, 0), (0.05, 0.05), (0, 0.05)}. The regularization weights of the control 
policy, λZ, and of the muscle synergies, λW , were set to 1% of the learning rate of each respective component (i.e., a 
100:1 ratio of the weight for minimizing the task error versus regularizing the component in the cost function), which with 
a learning rate of 0.05 corresponds to a value of 5 · 10–4, with the same order of magnitude as used in other simulation 
studies [22]. Regularization weights 4 times larger were also tested, resulting in motor commands with smaller norms 
and larger task errors, reflecting the trade-off between minimizing the error and minimizing the norm of the model com-
ponents of the model. The learning rate of the forward model ηĤ was fixed at 0.25. This value, along with the combination 
(0.05, 0.05) for the learning rates of the control policy and of the muscle synergies, respectively, was chosen based on 
an initial sensitivity analysis in which five different values for each parameter were tested across eight different model 
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initializations. This combination of parameters qualitatively reproduced the experimental results of [8] in terms of differ-
ences, between compatible and incompatible virtual surgeries, in force direction error and in reconstruction quality of the 
muscle activity using the original muscle synergies. Fig D in S4 Text illustrates the change in reconstruction quality (R2) 
of the muscle activity using the original muscle synergies during this sensitivity analysis, only for the incompatible sur-
gery perturbation, separately for each combination of learning rates, showing that the chosen parameters produced the 
observed decrease in R2. Simulation 1 thus allowed us to examine the relative contribution of updating of each model 
components to overall learning. All parameter combinations were repeated across the 16 different initializations of the 
model.

In Simulation 2, we investigated the effect of the learning of the forward model Ĥ  in the overall learning process. We 
tested two different learning rates ηĤ, in {0, 0.25}, and a third condition in which the forward model was “ideal”, i.e., it was 
equal to the perturbed environment matrix H , and to the unperturbed environment matrix during the baseline and wash-
out. This third condition corresponds to instantaneous learning of the forward model, or a priori knowledge of the envi-
ronment, as assumed in previous studies [22,23]. In this simulation, the learning rates of the control policy ηZ  and of the 
muscle synergies ηW  were both fixed at 0.05, and the regularization weights of each component were set to 1% of their 
respective learning rates, as in Simulation 1.

In Simulation 3, we investigated the effect of the regularization on the learning process. The learning rates of the con-
trol policy ηZ  and of the muscle synergies ηW  were both fixed at 0.05 and the learning rate of the forward model ηĤ was 
fixed at 0.25. Both regularization weights λZ and λW  were set at either 1% of the respective learning rate or 0, allowing us 
to compare learning with and without regularization.

4.2  Performance metrics

Across all simulations, we quantified model performance using several metrics, calculated for each cycle of 8 trials. In 
each trial, the model generated force toward one of eight different force targets, with all eight targets presented once per 
cycle in random order. The first two metrics, force direction error and the force magnitude error, assessed the accuracy of 
the reaching movement. The force direction error was defined as the unsigned angle (in degrees) between two vectors: 
one from the center of the force space to the force target, and the other from the center of the force space to the force 
executed by the model. The force magnitude error was defined as the norm of the difference between the force target 
and the executed force (in arbitrary units). We note that, as our model generates feedforward muscle activity and forces, 
the force direction error corresponds to the angular error of the initial movement (i.e., the feedforward component of the 
movement) in human experimental data (referred to as initial angle error in Fig 2B). In contrast, the force magnitude error 
has no direct analogue in the human data, as a magnitude error cannot be clearly defined for the initial movement.

Two additional metrics were computed to characterize the muscle activity generated by the model. First, the recon-
struction quality of the muscle activity using the original muscle synergies was evaluated. For each cycle, nonnegative 
linear least-squares optimization (MATLABⓇ function lsqnonneg) was used to find the nonnegative synergy recruit-
ment coefficients that, when multiplied by the original muscle synergies of the simulation, minimized the squared norm 
of the difference with the muscle activity measured during that cycle. We then calculated the fraction of total variation of 
the reconstructed muscle activity explained by the synergies (R2) across the trials of each cycle. The second metric was 
the norm of the muscle activity, computed as the average norm of the eight vectors of muscle activity generated in a cycle.

In Simulation 1, for the condition in which both the control policy and the synergies had non-zero learning rates, we also 
analyzed the norm of the muscle activity in different subspaces of the muscle activity space, to analyze how the usage 
of different dimensions changes throughout learning. Specifically, we computed the norm of the projection of the muscle 
activity in the baseline task space (the subspace of the muscle activity space that affects the force generated in the base-
line [unperturbed] task, generated with the span of the transpose of the baseline environment matrix H ), in the null space 
(the subspace which results in a zero change in the force executed in the environment H ), in the Nc space (the common 
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[compatible] subspace between the null space and the baseline muscle synergies), and in the Nnc  space (the subspace 
of the null space not intersecting [not compatible with] the baseline muscle synergies). For each subspace, the muscle 
activity vectors were projected, and their norms were calculated. This metric was also computed in Simulation 2, under the 
condition of an ideal forward model, with results presented in Fig C in S4 Text.

We computed two additional metrics in Simulation 1 to better assess changes in the structure of the muscle synergies 
during the perturbations. The first metric, the area of the convex hull of the synergy forces, represents the overall span 
of the forces associated with the muscle synergies within a given task environment. It was evaluated in both the baseline 
and the incompatible task spaces, including for simulations not subjected to the incompatible surgery. Following the proce-
dure described in [36], the synergy vectors were first normalized to unit norm, then projected into the task environment. 
The area of the convex hull of the synergy forces was calculated and scaled by the area of the convex hull of the forces 
spanned by the individual muscles in that environment. The second metric, the principal angle between the synergies and 
the vectors w , w′, and n, quantifies the alignment of the subspace spanned by the synergies in the muscle activity space 
with the three vectors used to define the virtual surgeries. The principal angles were computed using the numerical proce-
dure described in [71]. Both metrics were evaluated using the muscle synergy matrix saved at every three cycles, which 
corresponds to one block (both in our simulations and in experiments with human participants [8,10,36]).

In Simulation 1, under the parameter combination of a non-zero learning rate for both control policy and synergies, we 
also calculated the force prediction error of the forward model. This was defined as the norm of the difference between 
the force executed by the model and the force predicted by the forward model (in arbitrary units), evaluated for the motor 
command generated when reaching to each force target. The results of this analysis are presented in Fig A in S4 Text.

4.3  Statistical analysis

We analyzed the simulated data by fitting generalized linear mixed-effects models to the data at the last cycle (or block, 
for data saved at every three cycles) of the perturbation phase. The dependent variables were: force direction error, force 
magnitude error, fraction of total variation of the reconstructed muscle activity explained by the original synergies (R2), 
norm of muscle activity (both in the entire muscle activity space and in each subspace). Random effects included the ID 
of each model initialization. In Simulations 1 and 2, independent variables were the perturbation type (rotation, compatible 
surgery, or incompatible surgery), the model parameter combination, and their interaction. For Simulation 1, additional 
models were fitted using as dependent variables: the norm of the muscle activity in different subspaces, the area of the 
convex hull of the synergy forces in the baseline and incompatible task spaces, and the principal angles between the 
synergies and three vectors in the muscle activity space. These were evaluated only for the model parameter combination 
where both the control policy and the muscle synergies were updated. In Simulation 3, we verified that only the model 
for the norm of muscle activity showed a significant effect of the interaction term; for all the other metrics, models were 
fitted without the interaction term. Post-hoc analyses were performed using F-tests on the fitted models using different 
contrasts, and Bonferroni-corrected p-values were computed. In Simulation 1, contrasts were defined across all perturba-
tions and within each model parameter combination (for models of the norm of the muscle activity in different subspaces, 
contrasts were defined across all perturbations). In Simulation 2, and for the motor command norm in Simulation 3 (which 
included an interaction between perturbation type and model parameter combination), contrasts were defined across the 
different parameter combinations within each perturbation types.

4.4  Additional simulations

In the three simulations that we present in the manuscript, we demonstrate how the different components of our computa-
tional model contribute to its overall learning process. However, the model exhibits additional emergent properties that are 
not fully captured by these three simulations. Therefore, we conducted three additional simulations where we investigate 
features of the model not covered in the main text. A detailed description of these simulations and their results is provided 
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in S2 Text. In the simulation in Section A of S2 Text, we test the adaptation to incompatible surgeries when the model has 
a large number of fixed synergies, using either the “ground truth” synergies or an estimate of the model’s synergies to 
calculate the surgery. The simulation in Section B of S2 Text examines training under incompatible surgeries followed by 
further training under compatible surgeries, and vice versa, to assess persistent changes in the model’s behavior after 
adaptation. The simulation in Section C of S2 Text simulates the model without signal-dependent motor noise, to evaluate 
how motor noise affects the reorganization of the muscle activity patterns and the decrease of the force error.
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