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Abstract: Robots have to adjust their motor behavior to changing environments and variable task 13 
requirements in order to successfully operate in the real world and physically interact with humans. 14 
Thus, robotics strives to enable a broad spectrum of adjustable motor behavior, aiming to mimic 15 
the human ability to function in unstructured scenarios. In humans, motor behavior arises from the 16 
integrative action of the central nervous system and body biomechanics; motion must be understood 17 
from a neuromechanics perspective. Nervous regions such as the cerebellum facilitate learning, 18 
adaptation and coordination of our motor responses, ultimately driven by muscle activation. 19 
Muscles, in turn, self-stabilize motion through mechanical viscoelasticity. Besides, the agonist-20 
antagonist arrangement of muscles surrounding joints enables cocontraction, which can be 21 
regulated to enhance motion accuracy and adapt joint stiffness, thereby providing impedance 22 
modulation and broadening the motor repertoire. Here, we propose a control solution that harnesses 23 
neuromechanics to enable adjustable robot motor behavior. Our solution integrates a muscle model 24 
replicating mechanical viscoelasticity and cocontraction, together with a cerebellar network 25 
providing motor adaptation. The resulting cerebello-muscular controller drives the robot through 26 
torque commands in a feedback control loop. Changes in cocontraction modify the muscle 27 
dynamics; and the cerebellum provides motor adaptation without relying on prior analytical 28 
solutions, driving the robot in different motor tasks, including payload perturbations and operation 29 
across unknown terrains. Experimental results show that cocontraction modulates robot stiffness, 30 
performance accuracy and robustness against external perturbations. Through cocontraction 31 
modulation, our cerebello-muscular torque controller enables a broad spectrum of robot motor 32 
behavior.  33 
 34 
One-Sentence Summary: Muscle cocontraction and cerebellar adaptation adjust robot accuracy 35 
and compliance, enabling a wide motor behavior spectrum. 36 
 37 
Main Text:  38 
 39 
INTRODUCTION 40 

Robotics development is pursuing autonomous intelligent robots able to dynamically adapt 41 
their motor behavior to the environment and task requirements (1). Traditional industrial 42 
robots are designed for specific tasks and controlled, structured environments, prioritizing 43 
performance accuracy and operation speed. Nevertheless, robotics applications are 44 
expanding beyond manufacturing plants into the real world, defining new applications that 45 
involve collaboration through physical human-robot interactions (HRI). The evolving 46 
constraints of physical HRI require these collaborative robots to change their priorities over 47 
time, thus demanding adjustable motor behavior. For example, assistive robots must 48 
perform motor tasks accurately and discern objects by their fragility for delicate 49 
manipulation, but also allow the human to freely drive their motion if required; 50 
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rehabilitation robots must adapt to the evolution of the patient abilities (2). Even a seemingly 51 
simple task as an object handover involves different phases that require both the giver and 52 
receiver to dynamically adapt their behavior (3); when receiving a tool from a human, the 53 
robot motion should be soft when approaching the tool to not destabilize nor compromise 54 
the human safety, whereas the subsequent task execution using the tool demands more 55 
robustness from the robot. Thus, the range of tasks and environments encountered by 56 
collaborative robots requires them to adaptively transition between robust and softer, 57 
compliant motor behavior depending on the circumstances.  58 

These motor requirements arise from the deployment of robots in the unstructured real 59 
world, and can be addressed by developing robots that mimic the living organisms that 60 
inhabit it (4). In nature, adaptive motor behavior is facilitated by the central nervous system 61 
(CNS). Robotics has thus looked to neuroscience to develop brain-inspired technologies that 62 
endow robots with some sort of biomimetic behavior (5): generalization to unseen scenarios 63 
(6), precise navigation (7), multitasking (8), adaptation to changes in the dynamics (9), or 64 
robustness against nondeterministic time delays (10). However, motor behavior is not 65 
shaped exclusively by what occurs inside the brain; it is also substantially influenced by 66 
body biomechanics (11, 12). This is exemplified by the passive-dynamics walker robots, in 67 
which mechanical properties enable stable locomotion with minimal actuation and rather 68 
primitive control (13). Consequently, robotics also looks to biomechanics to incorporate and 69 
harness some of its inherent features: agile locomotion across different terrains (14), 70 
variable stiffness actuators (15), adhesive behavior to diverse surfaces (16), or the lifelike 71 
capabilities to change shape, modulate stiffness, self-heal, or grow, qualities that soft 72 
robotics aims to replicate (17). Therefore, combining brain-inspired and biomechanics 73 
solutions shall foster robots with ever more biomimetic behavior.  74 

The versatility of human motor behavior very well reflects this interaction between neural 75 
control and body morphology. For instance, our distinctive hand dexterity, crucial for 76 
precise and adaptive manipulation, emerges from the synergy of the CNS and biomechanics 77 
(18). Actually, our physical interactions with the world are mainly mediated through the 78 
upper limbs, whose functionality is directly linked to their morphology (19). The human 79 
upper limb is actuated by no less than twenty muscles that control seven degrees of freedom 80 
(DOF) (three DOF in the shoulder, two in the elbow, and two in the wrist, excluding the 81 
hand DOFs) (20). This muscle redundancy and over-actuation add to the complexity of the 82 
musculoskeletal dynamics, already sophisticated due to the nonlinear properties of muscles, 83 
tendons, and other soft tissues (21). Such dynamic intricacy requires fine control 84 
mechanisms in the CNS to govern motion, but at the same time muscle actuation offers 85 
inherent benefits. The nonlinear muscle viscoelasticity induces self-stability (22, 23), 86 
provides an intrinsic zero-delay response to perturbations (24), and simplifies neuronal 87 
information processing by off-loading computation to the morphological structure (25-27). 88 
Furthermore, muscle passive viscoelasticity can be actively controlled to modify behavior 89 
(12). Apart from these intrinsic mechanical properties, the arrangement of agonist-90 
antagonist muscle groups to actuate joints enables cocontraction: the simultaneous 91 
activation of antagonistic muscles surrounding a joint. Cocontraction can be actively 92 
modulated to increase performance accuracy, regulate joint stiffness and, thereby, modify 93 
the dynamic response to perturbations, thus broadening the motor repertoire (28-30).  94 

These muscle mechanical properties and their agonist-antagonist distribution have inspired 95 
new robotic actuators (15, 31-34); the challenges of performing in unstructured 96 
environments can be approached from a hardware perspective that mimics functional 97 

Science Robotics                                               Manuscript Template                                                                           Page 2 of 54 
 



 

biological tissues (35). Nonetheless, hardware-based solutions face manufacturing 98 
challenges and are often limited to specific platforms, which can constrain their wide-scale 99 
adoption (1, 35, 36), and introducing nonlinear dynamics complicates accurate and reliable 100 
control (37). 101 

Besides hardware implementations, biological tissue can also inspire software-based control 102 
approaches. Indeed, muscle redundancies, viscoelasticity, and cocontraction inspired 103 
impedance control (38-40), which was developed to regulate the dynamic interactions 104 
between a manipulator and its environment. Impedance control posits that when two 105 
physical systems interact one must physically complement the other: if one system behaves 106 
as an impedance (accepts motion inputs and yields force outputs) the other must be an 107 
admittance (accepts force inputs and yields a motion response). In its original conception, 108 
this control paradigm considers the environment as an admittance since it can always be 109 
pushed upon but does not always move. Hence, the manipulator is considered an impedance 110 
for complementarity, reflecting the causality from detected motion to applied force (39, 40). 111 
Impedance control can be implemented to maintain a specific impedance across interactions 112 
or to regulate and adjust the impedance of the robot depending on the encountered 113 
circumstances through variable impedance control (41, 42). 114 

Impedance control implementations depend on well-designed control laws addressing the 115 
robot dynamics, a complex issue without a straightforward solution for nonlinear robots, 116 
and the desired impedance model, which depends on the environment and task requirements 117 
(41). In unstructured scenarios, the environment properties are unknown; thus, reliable 118 
measurements of the contact force between the robot and the environment are usually 119 
required to model the desired impedance (43). Consequently, impedance control often relies 120 
on extensive analytical development, including robot dynamics, desired impedance, 121 
environment information and/or specialized hardware for sensing capabilities. Both control-122 
based and learning-based approaches have been developed to achieve variable impedance 123 
control, but the limitations imposed by their technical requirements reduce their 124 
applicability and spread as broad robotic solutions (42). 125 

The ultimate goal of impedance control lies on adjusting the dynamic behavior of the robot 126 
(44). Anthropomorphic solutions can facilitate this achievement. To reduce dependency on 127 
reliable sensory feedback, humans adjust our interactions with the environment by 128 
regulating limb stiffness (45). Rather than directly controlling the force exerted on physical 129 
objects, modulating limb stiffness through muscle cocontraction allows for active regulation 130 
of our interactions, without prior knowledge about the environment and without accurate 131 
modeling information.  132 

Inspired from these biological features, we model muscle mechanical properties and include 133 
them in a robot torque controller. We replicate muscle viscoelasticity and agonist-antagonist 134 
actuation drawing from Ekeberg’s computational muscle model (46); a model previously 135 
applied to study animal locomotion (47), and robust undulatory swimming in robots (48). 136 
We expand the muscle model by incorporating tunable cocontraction and a spinal cord (SC) 137 
reflex mechanism, and apply it to six DOFs of the Baxter robot arm (49) performing 138 
different motor tasks: continuous trajectories at different speeds, external perturbations, and 139 
operation across different terrains. By adjusting muscle cocontraction, which also modulates 140 
the SC-based reflex, we can regulate the robot stiffness, the performance accuracy, and the 141 
response to interactions. Thus, we achieve muscle-like actuation using electric motors 142 
without needing antagonistic actuators. We also integrate a cerebellar spiking neural 143 
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network (SNN) to control the muscle dynamics and drive the robot toward its motor goal. 144 
The cerebellum, key for biological motor control and learning (50-54), has been previously 145 
validated for robot control (9, 10); however, these previous implementations lacked motor 146 
behavior regulation. In the current implementation, the cerebellar SNN generates high level 147 
muscle activation signals, in contrast to previous implementations of muscle dynamics in 148 
robots, which typically relied on oscillatory activation signals (48, 55). Subsequently, the 149 
muscle dynamics generates the joint torque signals that drive the robot motion. The 150 
cerebellar SNN is equipped with synaptic plasticity, allowing for motor adaptation to 151 
control the unknown plant dynamics without prior analytical knowledge; model-free 152 
control, as both the muscle and robot dynamics are initially unknown to the cerebellum.  153 

In this Article, we propose a neuromechanics approach for adjustable robot motor behavior 154 
(Fig. 1). By harnessing muscle dynamics and cerebellar adaptability, our approach achieves 155 
adjustable motor behavior through the regulation of the robot stiffness, without prior 156 
analytical modeling (model-free), without environment information and hence applicable to 157 
unknown environments, and without contact force sensing or specific hardware as it relies 158 
just on position sensory feedback. Integrating brain-inspired and biomechanics solutions, 159 
our cerebello-muscular torque controller enables the adjustment of the robot motor 160 
behavior, striking a dynamic trade-off between performance accuracy and compliance: high 161 
accuracy and robustness against perturbations, vs. adopting lower accuracy and softer, 162 
compliant behavior in response to interactions. 163 

RESULTS 164 
Integration of cerebellum, muscle dynamics, and robot 165 

We implemented a cerebellar SNN and a software-based muscle model, both combined to 166 
build a cerebello-muscular torque controller operating within a feedback control loop with 167 
the Baxter robot as the front-end body (Fig. 1B-C). The cerebellar network adapted the 168 
motor commands needed to perform different tasks involving six DOFs, where each robot 169 
DOF was governed by the dynamics of the implemented muscle model, in addition to Baxter 170 
built-in series elastic actuators (49). The cerebellar network, built upon previous work (9, 171 
10, 56), used the following sensory inputs: joint coordinates describing the desired trajectory 172 
for the motor task (position θd, and velocity θ̍d); actual joint coordinates of the robot 173 
(position θa, and velocity θ̍a); instructive signal (ɛ) computing the mismatch between the 174 
desired and actual joint states. Based on this input sensory information, the cerebellar 175 
network generated the agonist and antagonist muscle activation commands (AF for flexion, 176 
and AE for extension, per joint), which were then sent to the muscle model. Our muscle 177 
model, derived from (46), simulated a pair of antagonistic muscles and was developed to 178 
include adjustable cocontraction (c) and a reflex component based on SC circuitry. Hence, 179 
each robot joint had its corresponding muscle model which simulated an agonist-antagonist 180 
muscle pair and included: active control of agonist-antagonist dynamics (flexion-extension, 181 
commanded by cerebellar signals AF and AE), cocontraction level, an SC-based reflex 182 
response (RSC), and passive viscoelastic properties. The combination of the different 183 
muscular components produced a torque signal per joint (τ) which was then sent to the robot, 184 
thus closing the feedback loop. The desired joint coordinates and the adjustable 185 
cocontraction level were fed into the loop by a module representing motor cortex 186 
functionality (57-60). Please, refer to Materials and Methods for a comprehensive 187 
description of the muscle model, the cerebellar SNN, and the robot.  188 
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To adjust the robot motor behavior, we modified the muscle dynamics by varying the 189 
cocontraction value (c), impacting both the active and passive muscle properties (see 190 
Materials and Methods). To explore a rich spectrum of robot behavior, we conducted tests 191 
within a wide cocontraction range: c = [x0, x1, x3, x5, x7, x9, x10], where x0 corresponds to 192 
c = 0.0, x1 is c = 0.1, x3 is c = 0.3, and so on. The following sections detail our cerebello-193 
muscular torque controller performing with different cocontraction levels and its effect on 194 
key tenets of HRI: performance accuracy, torque response, and reaction against external 195 
perturbations (soft vs. robust behavior). An overview of our neuromechanics approach is 196 
shown in Movie 1. 197 

Enhancement of performance accuracy through cocontraction 198 

First, we assessed the influence of cocontraction on performance accuracy. Two motor tasks 199 
constituted our motor control benchmark: a circular trajectory executed in the vertical plane; 200 
a figure eight trajectory executed in the horizontal plane. Each task was performed in 2.5 s; 201 
please refer to Supplementary Materials for the desired joint coordinates specific to each 202 
motor task (fig. S1). For each cocontraction value tested, the cerebello-muscular controller 203 
underwent 1000 consecutive trials of the trajectory. The trial-and-error cerebellar learning 204 
process started without prior knowledge of the plant dynamics and, as cerebellar adaptation 205 
progressed, it allowed operation of the given muscle dynamics to command the robot in the 206 
execution of the motor tasks, leading to a gradual reduction of the performance error (Fig. 207 
2A and B). As the motor adaptation process concluded, our cerebello-muscular torque 208 
controller accurately tracked the desired joint positions (Fig. 2C and D).  209 

Increased cocontraction levels correlated with a more consistent execution of the motor task 210 
as trajectory variability decreased (Fig. 2E and F), demonstrating a significant enhancement 211 
in performance accuracy measured as the position mean absolute error (MAE) (Fig. 2G and 212 
H). For all cocontraction values, the performance improved the reference provided by the 213 
factory-default position controller. Nevertheless, it was observed that increasing 214 
cocontraction does not yield an endless enhancement of performance accuracy; the highest 215 
cocontraction values (x10 for the circular trajectory, x9 and x10 for the figure eight 216 
trajectory) did not significantly reduce the error beyond what was achieved by preceding 217 
cocontraction values. 218 

Enhancement of performance accuracy through cocontraction is limited by motion 219 
speed 220 

Previous studies have reported that, biologically, cocontraction stabilizes the upper limb and 221 
enhances motion accuracy (61, 62); however, its benefits diminish during high-speed 222 
ballistic movements, which become spastic in the presence of cocontraction (63). To test 223 
whether these findings still apply to our robotic setup, we evaluated the influence of 224 
cocontraction on performance accuracy when increasing the motion speed. We extended the 225 
original motor benchmark by testing the following trajectory durations: vertical circle 226 
performed in 2.5, 2.0, 1.5, 1.0, and 0.8 s; horizontal figure eight trajectory performed in 2.5 227 
and 2.0 s. Note that the figure eight trajectory performed in 2.0 s forced the joint speed close 228 
to the hardware limitations specified by the robot manufacturer, thus preventing further 229 
increments in speed of the figure eight trajectory for safety reasons. Refer to Supplementary 230 
Materials for a description of the joint coordinates of each motor task performed at different 231 
speeds (fig. S1). 232 
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For the slower executions of the circular trajectory (2.5, 2.0, and 1.5 s), increasing 233 
cocontraction improved the performance accuracy, except for the higher cocontraction 234 
value (x10) in the 2.5 s and 1.5 s trajectories, and cocontraction value x9 in the 2.0 s 235 
trajectory, which did not significantly modify the tracking error (Fig. 3A). Conversely, for 236 
faster trajectories (1.0 and 0.8 s), the highest cocontraction value (x10) did not enhance but 237 
significantly worsened the trajectory execution. This deterioration was already noticeable 238 
with cocontraction value x7 for the fastest trajectory (Fig. 3A). Regarding the figure eight 239 
trajectory, previous observations showed that for the slowest trajectory (2.5 s) cocontraction 240 
values x9 and x10 did not significantly affect the trajectory tracking. For the fastest 241 
trajectory (2.0 s), we now observed that cocontraction x5 significantly increased the tracking 242 
error compared to the immediately lower cocontraction value, and higher values did not 243 
further modify the performance accuracy (Fig. 3B). 244 

Muscle torque modifications induced by cocontraction  245 

The joint torque commanded to the robot was given by the output of the muscle dynamics. 246 
Varying the cocontraction value modified the muscle dynamics (see Materials and 247 
Methods), thereby affecting the output muscle torque (Fig. 4A and fig. S2 for the circular 248 
trajectory, and fig. S3 for the figure eight trajectory). To assess the torque changes induced 249 
by cocontraction, we computed the joint torque time-integral (TTI) as a measurement of the 250 
delivered energy (64), a metric also used in neuromuscular studies to account for the ability 251 
to maintain force over time (65-67). This involved calculating the integral of the joint torque 252 
over the motor task duration (2.5 s for both the circular and figure eight trajectories; see 253 
Materials and Methods). Although statistically significant variations were observed for 254 
certain joints (Fig. 4B), the overall joint TTI change was relatively small; the maximum TTI 255 
increment among all cocontraction values was 0.24 Nm·s for joint j1 in the circular 256 
trajectory and 1.18 Nm·s for joint j2 in the figure eight trajectory (see Fig. 1B and fig. s12 257 
for joint labels). As reference for joint torque magnitudes, the robot manufacturer specifies 258 
a maximum torque of 50 Nm for joints j1, j2, j3 and j4, and 15 Nm for joints j5 and j6. 259 

To provide a deeper insight into the torque response, we broke down the output muscle 260 
torque into its different muscle dynamics components, and measured the corresponding 261 
time-integral. According to biological plausibility, the final muscle torque resulted from the 262 
interplay of both active and passive components of the muscle dynamics. The cerebellum 263 
actively controlled the flexion-extension direction of movement (Fig. 4C), which 264 
experienced a maximum time-integral increment among all cocontraction values of 2.27 265 
Nm·s (joint j1) for the circular trajectory, and 1.90 Nm·s (joint j4) for the figure eight 266 
trajectory (Fig. 4D). The SC-based reflex component corrected deviations from the desired 267 
trajectory, exhibiting an increase with cocontraction (Fig. 4E). The maximum time-integral 268 
increment among all cocontraction values was 2.66 Nm·s (joint j2) for the circular 269 
trajectory, and 3.59 Nm·s (joint j4) for the figure eight trajectory (Fig. 4F). On the passive 270 
side of the muscle dynamics, we considered two components accounting for the muscle 271 
mechanical elasticity and viscosity, respectively. The elastic component exhibited an 272 
increase with cocontraction (Fig. 4G), showing a peak increment of 3.68 Nm·s (joint j1) for 273 
the circular trajectory, and 3.71 Nm·s (joint j1) for the figure eight trajectory (Fig. 4H). 274 
Conversely, the viscous component exhibited relatively smaller variations with 275 
cocontraction changes (Fig. 4I), showing a peak increment among all cocontraction values 276 
of 0.04 Nm·s (joint j6) for the circular trajectory, and 0.21 Nm·s (joint j6) for the figure 277 
eight trajectory (Fig. 4J). Importantly, the changes induced by cocontraction to the different 278 
components of the muscle dynamics were compensatory: when combining all components 279 
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to generate the output muscle torque, the time-integral changes were mitigated; all muscular 280 
components, except the viscous one, exhibited higher time-integral changes than the 281 
resulting output muscle torque. 282 

Enhancing robot physical agency through cocontraction: response to external 283 
perturbations 284 

After analyzing the influence of cocontraction on performance accuracy, we investigated its 285 
influence on the robot behavior when reacting to external perturbations. Once motor 286 
adaptation had been settled, we attached a payload to the end-effector during the execution 287 
of the motor tasks and measured the deviation in trajectory tracking for each cocontraction 288 
value. We used a 0.5 kg payload for the circular trajectory (Fig. 5), and a 1 kg payload for 289 
the figure eight trajectory (fig. S4). To obtain a precise measurement of the payload-induced 290 
deviation and isolate the role of cocontraction, we initially disabled cerebellar synaptic 291 
plasticity, thus preventing cerebellar adaptation to dynamic changes and inhibiting 292 
convergent behavior (9). Hence, the payload effect remained over time and the perturbation 293 
response could only be attributed to the cocontraction level, providing a comprehensive 294 
assessment of the performance variations (before and after payload attachment) for each 295 
cocontraction value (Fig. 5A and fig. S4 A). We observed that as cocontraction increased, 296 
the robot motor response exhibited greater robustness to perturbations; higher cocontraction 297 
values resulted in smaller deviations when attaching the payload. In accordance with 298 
biological motor behavior, a direct relation between cocontraction and limb stiffness was 299 
found. We measured the limb stiffness as the ratio between the applied force (the mass of 300 
the attached payload times the gravitational acceleration) and the corresponding 301 
deformation (the vertical displacement of the end-effector produced by the attached 302 
payload). The differences in the robot arm configuration when performing each trajectory 303 
(especially at the position of joint j6) lead to the differences in the limb stiffness for each 304 
trajectory. Nonetheless, a direct relation between cocontraction and limb stiffness was found 305 
in both cases (see table s8 for the limb stiffness results). 306 

To better contextualize the cerebellar control of the muscle-robot dynamics, and the 307 
behavioral spectrum enabled by our cerebello-muscular controller across the cocontraction 308 
range (that is, the degree of motor variability achieved), we tested the response to the 309 
payload of a proportional-derivative (PD) controller governing the muscle dynamics under 310 
each cocontraction value (Fig. 5A and fig. S4 A). The differences between low and high 311 
cocontraction values were less pronounced with PD control than with cerebellar control, 312 
thereby indicating a narrower range of enabled robot behavior. For the circular trajectory, 313 
the cerebellar control of the muscle dynamics allowed a 15.6 times larger range of payload 314 
reactions than the PD control: from cocontraction x0 to x10, the cerebellar control showed 315 
a deviation range from 0.099 to 0.021 rad, and the PD control ranged from 0.014 to 0.009 316 
rad. Similarly, for the figure eight trajectory, the cerebello-muscular controller showed a 317 
payload reaction range 29 times larger than the PD control: from cocontraction x0 to x10, 318 
the cerebellar control case allowed a deviation range from 0.069 to 0.011 rad, and the PD 319 
control ranged from 0.006 to 0.004 rad (fig. S4 B and fig. S5 B).  320 

To further deepen the analysis of the behavioral spectrum allowed by our cerebello-321 
muscular controller, we defined a motor behavior metric based on the trajectory deviation 322 
induced by the payload. In an HRI environment, physical interactions are determined by the 323 
reactions of both agents; the human and the robot. When the physical intentions of the agents 324 
are in conflict, the stronger intention will prevail. The more robust agent will dominate the 325 

Science Robotics                                               Manuscript Template                                                                           Page 7 of 54 
 



 

interaction, thus indicating higher “physical agency”. Conversely the softer agent will allow 326 
a greater deviation from its path, indicating lower physical agency. To quantify this concept, 327 
we defined a robot physical agency (RPA) metric based on the trajectory deviation resulting 328 
from the applied perturbations. The maximum deviation in position MAE observed for each 329 
trajectory (0.099 rad for the circular trajectory; 0.069 rad for the figure eight trajectory, both 330 
allowed by the cerebello-muscular controller with cocontraction x0) constituted our RPA 331 
value of 0.0; the softest reaction to the perturbation. Conversely a hypothetical deviation of 332 
0.0 rad represented our maximum RPA value of 1.0; the most robust reaction to the 333 
perturbation. The MAE deviation associated with each cocontraction value resulted in an 334 
RPA value normalized within this range (see Materials and Methods). Results revealed that 335 
the cerebello-muscular controller enabled the robot to exhibit low and high RPA behaviors 336 
(both soft and robust reactions), whereas the PD controlling the muscle dynamics only 337 
enabled the robot to exhibit high RPA behaviors (Fig. 5B and fig. S4 C). Also note that the 338 
already narrow behavior range provided by the PD would be further restricted if the PD 339 
were to be tuned with higher gains to improve its accuracy. We observed an inverse 340 
relationship between the PD gains and the payload reaction range; higher PD gains resulted 341 
in a narrowed spectrum of enabled motor behavior (fig. S5). We also tested direct PD control 342 
without muscle dynamics, which also demonstrated an inverse relationship between PD 343 
gains and payload induced deviation. Importantly, even with low PD gains, which resulted 344 
in a significant reduction of accuracy, a soft and compliant behavior was not achieved. 345 
Therefore, similar to PD-muscular control, direct PD control did not provide the motor 346 
behavior versatility enabled by our cerebello-muscular controller (fig. S5). Please refer to 347 
movie s1 for visualizing the different robot motor behaviors allowed by the cocontraction 348 
range. 349 

We then activated cerebellar synaptic plasticity to enable the cerebellum to adapt to the 350 
attached payload. Again, higher cocontraction values consistently produced a more robust 351 
response, resulting in smaller deviations from the target trajectory. After the initial response 352 
to the external payload perturbation, cerebellar adaptation progressed effectively, showing 353 
a convergent behavior and allowing successful performance of the motor task despite the 354 
presence of the payload for all concontraction values (Fig. 5C and fig. S4 D).  355 

Finally, we verified a known biological motor behavior: reacting with high cocontraction as 356 
the initial response to new dynamics, followed by a gradual decrease in cocontraction as 357 
learning and adaptation evolve (68-70). In our experimental setup, the robot initially 358 
performed the motor task with high cocontraction values when the payload was attached. 359 
As the cerebellum adapted to the new dynamics, we were able to gradually decrease 360 
cocontraction (Fig. 5D and fig. S4 E). 361 

Motor adaptation to low cocontraction enables a seamless transition to higher 362 
cocontraction levels 363 

Biological motor learning begins with high muscle cocontraction to minimize initial errors, 364 
and it is followed by a gradual decrease in cocontraction levels as learning progresses (68). 365 
In the early stages of learning, motion is confined to high cocontraction levels, as low-366 
cocontraction motor control skills have not been yet acquired; as learning advances, 367 
cocontraction can be reduced, and hence the metabolic cost of motion diminishes. This 368 
implies that by the time low cocontraction motion becomes part of the motor repertoire, 369 
high cocontraction has been previously mastered, and a seamless transition between 370 
cocontraction levels is facilitated. We validated this biological behavior in our robotic setup 371 
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by applying the learned cerebellar solution developed for a specific cocontraction value, to 372 
control the muscle dynamics corresponding to other cocontraction values, for both the 373 
circular (Fig. 6) and figure eight (fig. S6) trajectories.  374 

We first applied the cerebellar solution developed for controlling the muscle dynamics at 375 
the lowest cocontraction value (x0), to control the muscle dynamics for the higher 376 
cocontraction values. Cerebellar learning was disabled and the performance started with 377 
cocontraction value x0, and after 50 trials cocontraction was modified, thus illustrating the 378 
continuity of the cerebellar solution. Results showed that mastering the control of the muscle 379 
dynamics for cocontraction x0 enabled successful control of all the higher cocontraction 380 
values (Fig. 6A and fig. S6 A). Subsequently, we applied the cerebellar solution developed 381 
for controlling the muscle dynamics at an intermediate cocontraction value (x5), to control 382 
the muscle dynamics for both lower and higher cocontraction values. After 50 trials 383 
performed with cocontraction x5, the cocontraction value was modified. Results showed 384 
that the cerebellar solution provided precise motor control for higher cocontraction values, 385 
but performance declined for lower cocontraction values. Since performance at 386 
cocontraction x1 substantially deteriorated, providing a compelling result, the cerebellar 387 
solution acquired for cocontraction x5 was not further applied to control cocontraction x0, 388 
hence prioritizing the integrity of the robot (Fig. 6B and fig. S6 B). Finally, applying the 389 
cerebellar solution developed for controlling the muscle dynamics at the highest 390 
cocontraction value (x10) to all the lower cocontraction values revealed precise motor 391 
control for cocontraction values x9 and x7 (again, the first 50 trials were performed with 392 
cocontraction x10, and then cocontraction was modified). However, for cocontraction x5 393 
and x3, the tracking error substantially increased. Again, to prioritize the integrity of the 394 
robot, the cerebellar solution acquired for cocontraction level x10 was not further tested to 395 
control cocontraction levels x1 and x0 for the circular trajectory, and x0 for the figure eight 396 
trajectory (Fig. 6C and fig. S6 C).  397 

To understand why cerebellar solutions learned at low cocontraction are effective with 398 
higher cocontraction levels, but the opposite does not hold, we measured the differences 399 
between the learning of these low and high cocontraction cerebellar solutions. After 400 
cerebellar motor adaptation to each cocontraction value, we evaluated the complexity of the 401 
neural solution at the granule cells – Purkinje cells (GC–PC) layer; the only cerebellar layer 402 
endowed with synaptic plasticity. This assessment involved computing the entropy of the 403 
synaptic weight distribution at the GC–PC layer, providing a value that represents the degree 404 
of complexity of the acquired cerebellar solution (see Materials and Methods). The synaptic 405 
entropy measurements exhibited a decreasing pattern as cocontraction increased (Fig. 6D 406 
and fig. S6 D), and also showed a high correlation with the position MAE tracking provided 407 
by the corresponding cocontraction value. When considering only the synaptic entropy 408 
measurements corresponding to cocontraction values that significantly reduced the tracking 409 
error (statistical significance shown in Fig. 2G and H), the entropy measurements followed 410 
a linear regression with negative slope (Fig. 6E and fig. S6 E). This implies that the higher 411 
the cocontraction, the less complex the required cerebellar solution, suggesting that 412 
cocontraction simplified cerebellar motor learning.  413 

Active modulation of cocontraction across different terrains 414 

Results presented so far used externally provided cocontraction, homogeneous to all joints. 415 
However, to enable a continuous spectrum ranging from soft to robust motor behavior, 416 
active modulation of muscle cocontraction is required. Hence, we developed a strategy to 417 
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dynamically adjust cocontraction depending on the environment and task requirements, 418 
based on a weighted trade-off between compliance (soft behavior) and accuracy (robust 419 
behavior). 420 

To actively modulate cocontraction, a seamless transition between cocontraction levels 421 
must be guaranteed. As observed in the previous section, cerebellar adaptation to low 422 
cocontraction enables a seamless transition to higher cocontraction levels; this finding 423 
provides the foundation for our cocontraction adjustment strategy. Initially, cerebellar 424 
adaptation was set to operate with cocontraction x0; thus mimicking the biologically natural 425 
motion with low cocontraction in free-space (68, 69), and enabling the motor repertoire to 426 
effectively range from low to high cocontraction. Then, for a given motor task, priority 427 
toward compliant or robust behavior was specified. If compliance was prioritized, 428 
cocontraction x0 was maintained regardless of interactions or perturbations. Conversely, if 429 
robustness was prioritized, the cocontraction level increased in response to deviations from 430 
the desired trajectory; the stronger the perturbation, the greater the increase in cocontraction. 431 
The priority between compliance and robustness was weighted as WC-R ϵ [0.0, 1.0], which 432 
could range within the full spectrum: from WC-R = 0.0 to establish full compliance priority, 433 
to WC-R = 1.0 to establish full robustness priority. The weighted trade-off and the 434 
cocontraction level were joint-specific, thus allowing for the specific adjustment of the 435 
softness/robustness of each joint (see Materials and Methods). 436 

To test active modulation of cocontraction, we expanded the motor benchmark by making 437 
the robot perform in different terrains. We designed a T-shaped trajectory (see fig. S1 for 438 
the trajectory description) to which the cerebellum adapted by operating in free-space with 439 
cocontraction x0. Then, while performing the trajectory, we submerged the robot end-440 
effector in fluids of different viscosity (η), consisting of aqueous solutions of xanthan gum 441 
(XG) at different concentrations. Specifically, we used 25 L of water and XG in 442 
concentrations of 1%, 2%, 3%, 4%, 5%, and 6% (see Supplementary Materials for the 443 
viscosity values of the different XG concentrations). The properties of XG allowed us to 444 
modify the viscosity of the fluid (71); the higher the viscosity, the greater the constraint for 445 
the end-effector motion while submerged in the fluid. For each terrain, we conducted tests 446 
with the robot in compliance priority mode (WC-R = 0.0) and robustness priority mode (WC-447 
R = 1.0) (Fig. 7A-D, and fig. S7). When compliance was prioritized, the cocontraction level 448 
was maintained at x0 as the end-effector was submerged in the fluid (Fig. 7C), resulting in 449 
the robot avoiding strong reactions to the perturbations, limiting the end-effector motion 450 
and increasing the overall trajectory deviation (Fig. 7D). Conversely, when robustness was 451 
prioritized, the cocontraction level increased as the end-effector was submerged in the fluid, 452 
resulting in higher cocontraction levels corresponding to increased fluid viscosity (Fig. 7C). 453 
The robustness enabled by the increased cocontracion allowed the end-effector to cover a 454 
wider range of the trajectory despite the fluid viscosity, resulting in a reduced overall 455 
trajectory deviation (Fig. 7D). For visualization of cocontraction active modulation across 456 
different terrains, please refer to movie s2. To focus on the contribution of cocontraction to 457 
adapt the motor behavior to different terrains, cerebellar adaptation was disabled in these 458 
experiments. With cerebellar adaptation enabled, the cerebellum would gradually absorb 459 
the cocontraction contribution, resulting in a progressive reduction of the cocontraction 460 
level and error convergence to lower values (fig. S8).  461 

Finally, we tested the differentiation of compliant and robust behavior depending on the 462 
direction of motion. This was allowed by joint-specific cocontraction; perturbations in one 463 
direction were allowed by maintaining low cocontraction in specific joints, whereas 464 
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perturbations in another direction were rejected by triggering a cocontraction increase in 465 
other joints. We differentiated between frontal and lateral motion of the end-effector. The 466 
T-shaped trajectory and the robot arm configuration determined that frontal motion resulted 467 
from the action of joints j2, j4, and j6; and lateral motion resulted from the action of joint 468 
j1. For each terrain, we tested two behavior configurations (Fig. 7E-G, and fig. S9): frontal 469 
robustness and lateral compliance (WC-R = 1.0 for robust behavior at joints j2, j4, j6, and WC-470 
R = 0.0 for compliant behavior at joint j1); frontal compliance and lateral robustness (WC-R 471 
= 0.0 for compliant behavior at joints j2, j4, j6, and WC-R = 1.0 for robust behavior at joint 472 
j1). In both cases, joints j3 and j5 were set to robust behavior. In the first configuration, the 473 
robustness of joints j2, j4, and j6 allowed the end-effector to cover a larger distance in the 474 
frontal direction, and lateral motion was more constrained. In the second configuration, the 475 
robustness of joint j1 allowed the end-effector to cover a larger distance in the lateral 476 
direction, and frontal motion was more constrained (Fig. 7G).  477 

DISCUSSION  478 
Robots operating in unstructured scenarios face time-changing physical interactions with 479 
the environment, other robots, and/or humans (physical HRI). Fine interactions with the 480 
physical world require adjustable robot motor behavior to ensure stability; a trade-off 481 
between performance and safety requirements must be reached (72). For instance, contact 482 
with an unknown surface requires the robot to adjust its stiffness to maintain stability. 483 
Similarly, interactions with another agent, such as during a handover, require the robot to 484 
adapt to the other’s actions and consequences. During physical HRI, low robot stiffness 485 
facilitates the human to freely drive the robot; high stiffness is beneficial when the robot is 486 
demanded to perform with high accuracy in free-space or a soft, controlled environment. 487 
Such adaptive motor behavior has been mastered in nature through the combination of the 488 
CNS and body biomechanics (12), providing the right balance between precision and 489 
flexibility for fine interactions. Biological motor behavior must be understood from a 490 
neuromechanics integrative view that can lead to advanced control solutions for robotics. 491 
Within this integrative scope, we mimicked this evolutionary solution by combining a 492 
cerebellar SNN with synaptic plasticity, and a muscle model that includes an SC-reflex 493 
mechanism, cocontraction and mechanical viscoelasticity. This integration built our 494 
cerebello-muscular torque controller, enabling adjustable robot behavior to meet task 495 
requirements: regulation of performance accuracy and robustness/softness to external 496 
perturbations. The muscle model tunable cocontraction allowed to modify the muscle 497 
dynamics and, consequently, change the robot stiffness and adjust its motor behavior. The 498 
cerebellar SNN provided the required motor adaptation to command the muscles and drive 499 
the robot toward its motor goal despite dynamic changes. We validated the cerebello-500 
muscular torque controller through a motor control benchmark comprising various 501 
trajectories at different speeds, external perturbations, and operation across unknown 502 
terrains. 503 

The CNS can facilitate movement accuracy by increasing muscle cocontraction, as 504 
demonstrated by previous studies wherein cocontraction reduced trajectory variability and 505 
tracking error in human arm goal-directed movements (28-30). In our robotic setup, the 506 
increase in cocontraction reduced the trajectory variability and tracking error, thus 507 
validating the application of muscle cocontraction to enhance robot performance accuracy. 508 
However, there is a limit to this improvement of performance accuracy: there exists a finite 509 
range beyond which increasing cocontraction does not improve the performance accuracy. 510 
The effective cocontraction range depends on the nature of the movement (trajectory and 511 
speed of motion); cocontraction requires proper modulation rather than reckless increase.  512 
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Another feature of biological cocontraction is that it strengthens joint stiffness (29, 30). It 513 
is a means to modulate the mechanical impedance of the body and adjust motor behavior to 514 
the environment (38), facilitating dynamic stability (73) and calibrating the kinematic 515 
deviations induced by external perturbations as higher cocontraction allows smaller 516 
deviations under external forces (61). In robotics, this adjustable behavior is addressed by 517 
variable impedance control. Research efforts have been devoted to vary the robot impedance 518 
during task execution and enable operation across unknown environments. However, the 519 
proposed solutions usually face the following limitations (42): traditional variable 520 
impedance control relies on accurate dynamic models, which are often nontrivial; unknown 521 
environment properties can be compensated for using complex sensing capabilities, but at 522 
the cost of reducing the generalization of these solutions to diverse robots; learning-based 523 
strategies can circumvent the need for analytical modeling but usually depend on specific 524 
cost functions and policies for each desired motor behavior.  525 

Apart from variable impedance control, other approaches address a continuous spectrum of 526 
motor behavior. That is the case of unified admittance-impedance control, in which the 527 
causality of the controller varies depending on the circumstances: impedance causality 528 
(motion inputs and force outputs) is generally better suited for interactions with stiff 529 
environments, and admittance causality (force inputs and motion outputs) is better suited 530 
for interactions with soft environments (40, 74, 75). Analytical constraints have usually 531 
limited the proposed solutions, and future work is expected to expand these approaches to 532 
nonlinear, coupled, multi-DOF robots (74-76). Here, we adopt impedance causality from a 533 
neuromechanics perspective, and experimentally validate our cerebello-muscular torque 534 
controller using a six DOF robot with nonlinear joints.  535 

The original impedance control method already proposed biological muscle redundancies 536 
as a solution to modulate mechanical impedance without requiring feedback (40). Indeed, 537 
to modulate physical interactions, humans regulate limb stiffness to reduce the dependency 538 
on reliable feedback (45). Following that approach, we used muscle cocontraction to 539 
regulate the robot stiffness and enable a continuous spectrum of adjustable robot motor 540 
behavior: low and high cocontraction allowed for soft and robust behavior against external 541 
perturbations, respectively. Besides, by including the cerebellar SNN, we can also address 542 
the non-ideal effects of nonlinear dynamics and communication delays, a challenge for the 543 
unified admittance-impedance control (77), which cerebellar SNN robot control inherently 544 
copes with (9, 10). Our neuromechanics approach presents a model-free solution, in which 545 
impedance is adjusted through muscle activity and integrated as part of the whole system 546 
dynamics; cerebellar adaptation acquires the robot and muscle dynamics as a whole. Our 547 
control approach does not require separate control laws for robot dynamics and desired 548 
impedance, unlike other solutions that implement individual control laws for each (78). 549 

Importantly, our cerebello-muscular torque controller improved the performance accuracy 550 
and modulated the motor behavior through subtle changes in the output commands, and it 551 
demonstrated a suitable complementarity between the cerebellar slower motor control and 552 
the muscular faster motor behavior. Thus, our controller draws another parallel with 553 
biological motor control, in which the mechanical properties of muscles and cocontraction 554 
allow to induce substantial changes in behavior by small shifts in the motor commands 555 
arising from neural circuitry (12). 556 

Studying the synaptic weight distributions of the cerebellar learned solutions elucidated the 557 
cocontraction effects on cerebellar learning. Results showed that the higher the 558 
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cocontraction, the lower the entropy of the cerebellar GC–PC synaptic weight distribution; 559 
high cocontraction levels lead to simpler learning computational requirements. This finding 560 
is aligned with biological evidence that demonstrates that cocontraction facilitates 561 
acquisition of internal models, and that it is observed in early stages of learning and then 562 
gradually reduced as learning progresses and stabilizes (68, 70). In a previous study we 563 
showed that the SC facilitates cerebellar motor learning (56), echoed in the present work 564 
where the cocontraction increase implied higher SC contribution through stretch-reflex. 565 
Notably, the cerebellar solution acquired for a given cocontraction level could be effectively 566 
applied to control the robot under higher cocontraction levels. Thus, motor adaptation to 567 
low cocontraction allowed our cerebello-muscular torque controller to seamlessly transition 568 
to higher cocontraction levels. This transition enables a continuous spectrum of robot motor 569 
behavior, with soft and robust motor behaviors at opposing ends of the spectrum. 570 
Importantly, this finding also implies a reduction in the operation time required for training: 571 
motor learning can be conducted only at low cocontraction, which will also allow 572 
performance at high cocontraction without requiring specific training. This is a desirable 573 
feature for learning-based methods, which can compensate for inaccurate modeling but 574 
usually at the cost of extensive training and data inefficiency (42), and typically relying on 575 
specific cost functions to achieve different motor behaviors (79). 576 

Furthermore, the seamless transition between cocontraction levels enabled the active 577 
modulation of cocontraction based on the terrain and task requirements. Following natural 578 
biological motor behavior (low cocontraction motion in free-space, and cocontraction 579 
increase to counteract perturbations), our neuromechanics approach modulates 580 
cocontraction to adapt the robot behavior to unknown terrains; the greater the motion 581 
constraint imposed by the terrain, the higher the cocontraction increase and subsequent 582 
robot stiffness. Besides, our cocontraction adjustment strategy strictly adhered to the 583 
definition of impedance itself (acceptance of motion inputs and response as force outputs), 584 
and relied solely on position feedback. This contrasts with variable impedance solutions that 585 
rely on contact force sensing capabilities or prior knowledge of the environment 586 
characteristics (78, 80). Other variable impedance solutions mimic human stiffness 587 
regulation through more complex and specific hardware such as leader-follower motion 588 
tracking systems or electromyography (EMG) sensors (81, 82). Our solution directly equips 589 
the robot with muscle dynamics to mimic the human behavior, thus rendering robot control 590 
independent of external operation or devices. The implemented strategy allowed for a 591 
continuous spectrum of robot motor behavior with low technical requirements, simplifying 592 
its implementation and application to other robots. 593 

Lastly, cocontraction modulation was joint-specific, enabling more versatile motor 594 
behaviors. We differentiated motor behaviors depending on the direction of motion, 595 
allowing the robot to reject or accept perturbations depending on their direction. Such 596 
targeted, specific behavior is one of the goals of impedance control (41). An ideal 597 
impedance controller shall provide the accuracy and robustness of well-designed 598 
controllers, along with the flexibility and generalization capabilities of learning-based 599 
controllers (42). Our neuromechanics approach combines cerebellar adaptability and muscle 600 
dynamics to provide a model-free solution for adjustable accuracy, generalization across a 601 
continuous spectrum from soft to robust motor behavior, and operation in unknown 602 
environments.  603 

Muscle actuation poses some challenges for motor control (nonlinearities, higher 604 
dimensionality of the control signals) but also presents many benefits (self-stability, 605 
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computational load reduction, stiffness modulation through cocontraction) (22-24, 26, 27), 606 
and it has inspired hardware-based solutions for robot control (32-34). Here, we have 607 
enlarged the family of muscle-inspired solutions by integrating a software-based muscle 608 
model and a cerebellar SNN, which tackles the challenges and harnesses the benefits of 609 
muscle-like actuation. Importantly, the software nature and low technical requirements of 610 
our approach facilitate its integration in other robotic platforms, in contrast to other solutions 611 
that rely on specific equipment. Here, the robot was driven through torque commands, 612 
however, deployment of our solution might as well be feasible using other approaches such 613 
as torque estimation from current sensing. Further improvement of the model could be also 614 
achieved by incorporating more intricate SC circuits demonstrated to facilitate cerebellar 615 
learning (56), beyond the SC-based reflex present in the current model. 616 

Our benchmark demonstrated the core features of our neuromechanics approach, with 617 
potential applications in physical HRI scenarios. For example, rehabilitation assistance 618 
robots should provide motor guidance and movement resistance tailored to the patient’s 619 
recovery needs (83). During initial recovery stages, the robot could prioritize accuracy to 620 
assume higher motor responsibilities and guide the patient’s movement, and then shift to 621 
compliance priority to promote the patient to lead the motion as recovery progresses. For 622 
movement resistance, the robot stiffness could be adjusted depending on the therapy 623 
demands. Additionally, feedback from the neuromechanics controller could inform the 624 
therapist about the patient’s progress. Another example is household robots which must 625 
prioritize human safety when interactions occur (84) but, at the same time, be able to 626 
perform tasks that require accuracy and/or varying stiffness, for instance, different stiffness 627 
for cleaning or polishing different surfaces. Beyond HRI, neuromechanics approaches could 628 
also facilitate locomotion across unstructured terrains; adjustable stiffness is key for 629 
successful animal locomotion across various terrains (85). The easy implementation of our 630 
approach could allow robots to directly benefit from this biological feature and enable stable 631 
locomotion in varying environments (86, 87). 632 

Our work embraces previous studies that have elucidated CNS operation and 633 
musculoskeletal biomechanics. Continued progress in neuromechanics research will keep 634 
pushing forward the development of more advanced robots.  635 

MATERIALS AND METHODS 636 
Objective and study design 637 

We explored the applicability to robotics of a fundamental feature of biological motor 638 
control: variable muscle cocontraction to adjust motor behavior in terms of performance 639 
accuracy and compliance. To that end, we merged a cerebellar SNN model equipped with 640 
synaptic plasticity, a muscle model incorporating both active and passive muscular 641 
properties, and a torque-controlled six DOF robot (Baxter). The combination of these three 642 
components constituted our cerebello-muscular robot control loop. The integration used the 643 
Robot Operating System (ROS), which facilitated modularity (88). The following sections 644 
provide further details into the specifics of these elements. 645 

The muscle model 646 

The muscle model derived from Ekeberg’s original muscle implementation, which modeled 647 
the mechanical forces induced by the muscles of swimming fish (46), and later adapted to 648 
robot control for undulatory swimming research (48). These previous implementations 649 
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modeled an antagonistic muscle pair (the model comprised a flexor and an extensor muscle), 650 
and accounted for the viscoelastic properties of muscles, approximated as linear spring-651 
dampers. We extended Ekeberg’s model to introduce an adjustable cocontraction term and 652 
an SC-based reflex component. In our muscle model, the resulting output torque (τ) was 653 
given by: 654 

 '
, , , , , , , ,( )j j F j E j SC j j F j E j j j r j a j j a jA A R A cτ = α − + +β (Α + + 2 + γ )(θ − θ ) + δ θ  (1) 655 
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where j ∈ [1, 6] stands for the joint index; αj corresponds to the muscle activation gain of 657 
each joint; AF and AE are the cerebellar muscle activation commands for flexion and 658 
extension, respectively; RSC is the SC-based reflex component; βj is the muscle stiffness 659 
gain; c stands for the cocontraction level; γj is the muscle tonic stiffness; θr,j is the joint 660 
resting position; θa is the joint actual position; δj stands for the damping coefficient; θ̍a is the 661 
joint velocity. Please refer to Supplementary Materials (table s1) for the values of each 662 
muscle parameter. The SC-based reflex component was determined by the cocontraction 663 
level (c) and the mismatch between the desired and actual joint positions (θd and θa). It 664 
saturated when the mismatch exceeded the maximum allowed deviation (Δθmax=0.35 rad 665 
for all joints). The adjustable cocontraction level established a baseline muscle activation in 666 
both flexion and extension direction of movement; AF and AE became (AF + c) and (AE + c). 667 
Varying the c values across a wide range adjusted the muscle dynamics, resulting in 668 
different motor behaviors. 669 

The output muscle torque (τ) resulted from the combination of the different muscle 670 
components (Fig. 4): active component; SC-based reflex component; elastic component; 671 
viscous component. The cerebellum directly controlled the muscle active component by 672 
adapting the descending activation commands to drive the movement in either the flexion 673 
or extension direction. From Eq. 1, the muscle active component was characterized by:  674 

 , ,( )j F j E jA Aα −  (3) 675 

The reflex component (RSC), defined by Eq. 2, operated as a spinal stretch reflex based on 676 
the equilibrium point (EP) hypothesis (89, 90). The stretch reflex responds to changes in 677 
muscle length detected by muscle spindles. In our model, the reflex responded to changes 678 
in joint position, which can be derived from muscle length (91, 92). Our EP shifted around 679 
the desired position (62), thus enabling goal-directed movements and reproducing SC 680 
functionality (91, 93). In the EP hypothesis, the CNS specifies the threshold of the spinal 681 
stretch reflex (61), found to be modulated by descending signals during voluntary 682 
movements (94-96). In our model, the reflex was modulated by the cocontraction level, 683 
which has been modeled together with the EP hypothesis to compensate for loads during 684 
arm movements (62).   685 

The muscle elastic component drove each joint toward its resting position. The arm resting 686 
position was defined as the joint configuration at which, once settled, zero torque did not 687 
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induce any robot motion (see fig. s12 for an illustration of the robot resting position). From 688 
Eq. 1, the elastic component was characterized by:  689 

 , , , ,j F j E j j j r j a jA cβ (Α + + 2 + γ )(θ − θ )  (4) 690 

Finally, the viscous component, was determined by the joint velocity and the muscle 691 
damping coefficient. From Eq. 1, it was characterized by:  692 

 '
,j a jδ θ  (5) 693 

Further analysis of the muscle components is illustrated in fig. S10, highlighting the 694 
contribution of each muscle component through ablation experiments. Ablation of the SC-695 
reflex component deteriorates performance accuracy and facilitates output torque 696 
convergence, as the controller lacks the reflex fast corrective term, which helps improve 697 
accuracy but can cause early-stage oscillations. Ablation of the elastic component slightly 698 
improves performance accuracy, as the controller no longer needs to compensate for the 699 
elasticity pulling the arm to its resting position. Ablation of the viscous component leads to 700 
oscillations and deteriorates performance accuracy due to the lack of damping response.  701 

Active modulation of cocontraction 702 

Active modulation of the cocontraction level was joint-specific, it depended on deviations 703 
from the desired joint trajectory, and it was based on a weighted trade-off between 704 
compliance and accuracy. Cocontraction was dynamically adjusted as follows: 705 
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where j ∈ [1, 6] stands for the joint index; cj stands for the joint cocontraction; WC-R,j ∈ [0.0, 707 
1.0] stands for the joint compliance-robustness weighted priority, with WC-R,j = 0 defining 708 
the compliance priority mode, and WC-R,j = 1 defining the robustness priority mode; θd,j and 709 
θa,j are the desired and actual joint position, respectively. The resulting cocontraction value 710 
was constrained to the range [0.0, 10.0], and then normalized within the range [0.0, 1.0] 711 
before entering the muscle model equation (cocontraction ranging from x0 to x10). 712 

The cerebellar model 713 

The cerebellar SNN, built upon previous work (9, 10, 56), is derived from the Marr-Albus-714 
Ito cerebellar theory (50-52), which established the foundation for supervised motor 715 
learning in the cerebellum (53). The cerebellar network comprised 16374 neurons 716 
distributed across five neural layers, that were divided into six microcomplexes each (97). 717 
These microcomplexes processed the sensorimotor data related to each of the six DOFs of 718 
the robot. The intricate cerebellar network orchestrated, via neural adaptation, the 719 
translation of sensorimotor information into coordinated muscle activation commands for 720 
the robot movement. 721 

The implemented cerebellar neural layers were the following: mossy fibers (MFs), granule 722 
cells (GCs), Purkinje cells (PCs), climbing fibers (CFs), and deep cerebellar nuclei (DCN) 723 
(refer to Supplementary Materials for the cerebellar neural network topology). The MFs 724 
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(168 neurons) encoded the robot sensory information (desired and actual state of the joints) 725 
as afferent projections to the cerebellum, which formed excitatory synapses with the GCs. 726 
The GCs (14406 neurons) univocally recoded the received sensory input (98), which was 727 
then transmitted through excitatory connections to the PCs (600 neurons). The PC layer also 728 
received excitatory inputs from the CFs (600 neurons), which conveyed an instructive signal 729 
per joint that represented the mismatch between the desired and actual joint state. The PC 730 
layer, in turn, projected inhibitory connections to the DCN layer (600 neurons), which also 731 
received excitatory synapses from MFs and CFs. Finally, the DCN activity provided the 732 
cerebellar efferent projections, delivering the agonist-antagonist activation commands (AF 733 
and AE) to the muscle model for flexion-extension control. To differentiate between flexion 734 
and extension control, the DCN layer maintained separate agonist-antagonist 735 
subpopulations, thus allowing each microcomplex to generate the two output signals for the 736 
corresponding joint: the agonist DCN subpopulation generated the flexion activation 737 
command (AF); the antagonist subpopulation generated the extension activation command 738 
(AE).  739 

Cerebellar adaptation was facilitated via a spike-timing-dependent plasticity (STDP) 740 
mechanism, which correlated input sensory information with the instructive signal, and 741 
adjusted accordingly the synaptic weights in the GC–PC connections. This STDP 742 
mechanism was ruled by the balance between two opposed processes: long-term 743 
potentiation (LTP) and long-term depression (LTD). LTP induced a fixed synaptic weight 744 
increment for every spike that reached a PC through a GC, as follows:  745 

 LTP ( ) ( )
j iGC PC GCw t t dt−∆ = α ⋅δ ⋅  (7)746 

where ΔwGCj-PCi denotes the synaptic weight change between the jth GC and ith PC; α = 0.002 747 
nS is the synaptic weight increment; and δGC is the Dirac delta function of a GC spike. The 748 
LTD process, which depressed the GC–PC synaptic weights, correlated the GC and CF 749 
activity as follows:  750 
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 (9) 752 

where β = -0.0008 nS denotes the synaptic weight decrement; tCF is the arrival time of a CF 753 
spike; k(x) defines an integrative kernel where dk = 120 ms established the kernel width; 754 
and τLTD = 150 ms is the kernel eligibility trace peak, which establishes that the synaptic 755 
weight decrement is maximum for the GC spikes received τLTD ms before the arrival of a 756 
CF spike (for x = τLTD; k(x) = 1). This interplay between LTP and LTD temporally correlated 757 
the instructive signal (CF activity) with the previous sensory state (GC activity). 758 

The regulation of the GC–PC synaptic distribution, in turn, modulated the cerebellar efferent 759 
projections; the inhibitory action of PCs on DCN neurons shaped the cerebellar output 760 
commands. The cerebellar output commands arose from DCN activity: each DCN 761 
microcomplex generated the joint agonist-antagonist pair of output activation commands 762 
(AF and AE). These commands were computed from the DCN activity as follows:  763 
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where j ∈ [1, 6] stands for the joint index; i is the DCN neuron index within the 767 
microcomplex, which was halved in agonist (i ∈ [1, 50]) and antagonist subpopulations (i 768 
∈ [51, 100]); Tstep is the 2 ms duration of a time step; δDCN is the Dirac delta function of a 769 
DCN spike; DCNAG and DCNANT are the agonist and antagonist output of the microcomplex; 770 
αj = [0.75, 1.0, 0.375, 0.5, 0.05, 0.05] defines an output gain to weigh each joint relative 771 
position and mass; and Mj = [15.0, 25.0, 9.0, 12.5, 1.8, 1.0] is a normalization factor used to 772 
normalize DCNAG and DCNANT within the range [0, 1] (DCNAG and DCNANT saturated to 773 
1.0). The DCN agonist and antagonist output were then filtered (mean filter of size 21), 774 
providing AF and AE per joint to command the muscle model.  775 

Please refer to Supplementary Materials for a comprehensive understanding of the 776 
implemented leaky integrate-and-fire (LIF) neuron model (99), the translation process from 777 
the robot analog domain to spiking neural activity, and the computation of the cerebellar 778 
instructive signal. Further details can also be found in (9, 10, 56), from which this model 779 
was built upon. 780 

The robot 781 

We used the Baxter robot (49) as the front-end body of our cerebello-muscular control loop. 782 
Baxter is a collaborative robot equipped with two arms, series elastic actuators, and allows 783 
for torque control (100). Our benchmark involved six DOF of Baxter’s right arm (fig. S12). 784 
Baxter is known for its accuracy limitations, which are further highlighted when working at 785 
high speed (101, 102). We used the factory-default position controller as a baseline to define 786 
appropriate performance for the robot in use. The factory-default position controller is the 787 
position control method provided by the manufacturer. In position control mode, a position 788 
command (desired position coordinate for each joint) is directly sent to the robot, which 789 
internally handles the application of the desired position through the factory-default position 790 
controller. Parametrization of this internal controller is not provided by the manufacturer. 791 
For a computational complexity analysis, please refer to Supplementary Materials.  792 

The motor control benchmark 793 

The motor control benchmark aimed to capture the complex dynamics of the six DOF robot 794 
arm, including nonlinearities and joint interaction forces. We designed a set of sinusoidal-795 
like and bell-shaped joint trajectories (position and velocity coordinates) performed at 796 
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different speeds (103, 104). This set of trajectories provided three different desired paths for 797 
the end-effector to follow: a circular trajectory performed in the vertical plane; a figure eight 798 
trajectory performed in the horizontal plane; a T-shaped trajectory performed in the 799 
horizontal plane. Please refer to the Supplementary Materials for detailed descriptions of 800 
the joint coordinates corresponding to each motor task. To evaluate the response to external 801 
perturbations, we attached a 0.5 and 1.0 kg payload to the end-effector during the circular 802 
and figure eight trajectory, respectively. To test cocontraction across different terrains and 803 
to assess the active modulation of cocontraction, we submerged the end-effector in fluids of 804 
different viscosity while performing the T-shaped trajectory. The terrains consisted of an 805 
aqueous solution of XG at different concentrations. The rheological properties of XG 806 
allowed us to cover a wide viscosity range (71). 807 

The fluid viscosity was measured using a Haake MARS III controlled-stress rheometer 808 
(Thermo Fisher Scientific, Waltham, MA, USA) equipped with a concentric cylinder 809 
geometry. For each terrain, three repetitions of the viscosity measurement were taken to 810 
ensure the accuracy and reliability of the results (fig. S11 and table s9).  811 

Performance accuracy metric 812 

The performance accuracy was determined by the difference between the desired and actual 813 
trajectory. At each time step we measured the difference between desired and actual joint 814 
position (θd and θa), and computed the average difference through the duration of the motor 815 
task. The accuracy of a motor task trial, measured as the position MAE, was given by the 816 
joint average error, as follows:  817 

 , ,
0

MAE | ( ) ( ) |
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step
j d j a j

t s
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t t

T =

= θ −θ∑  (13) 818 
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j
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= ∑  (14) 819 

where Tstep is the 2 ms time step; T denotes the motor task duration; j ∈ [1, 6] is the joint 820 
index; and N = 6 is the total number of joints. Our final metric was defined by the mean and 821 
standard deviation (SD) of the position MAE observed over the final 100 trials of the motor 822 
adaptation process. 823 

Torque time-integral metric 824 

To quantify the amount of joint torque used during the execution of the motor tasks, we 825 
calculated the joint torque time-integral (TTI) (64-67) throughout the motor task duration. 826 
The TTI for each trial of the motor task was calculated as follows:  827 

 
0

( )
T

j
t s

t dt
=

ΤΤΙ = τ ⋅∫  (15) 828 

where τj defines the joint torque commanded to the robot at each time step. The final TTI 829 
metric was determined by the mean and SD over the final 100 trials of the motor adaptation 830 
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process. This method was also used to compute the time-integral measurements for the 831 
different muscle components.  832 

Robot physical agency metric 833 

The assessment of robot physical agency was based on the different behaviors resulting 834 
from the varying level of cocontraction. These differences were observed through the robot 835 
response when attaching a payload to the end-effector (0.5 kg for the circular trajectory, 1 836 
kg for the figure eight trajectory). We measured the difference in robot performance before 837 
and after attaching the payload for each cocontraction value. This difference was defined as 838 
the payload-induced deviation, ΔMAE, calculated as follows:  839 

 MAE MAEpost payload pre payloadΜΑΕ − −∆ = −  (16) 840 

where MAEpost-payload and MAEpre-payload  were given by the mean position MAE obtained 841 
from 100 trials performed with and without the payload, respectively. Based on the 842 
deviations induced by the payload in each motor task scenario, we defined our robot 843 
physical agency metric. A hypothetical deviation of 0.0 rad (ΔMAEmin) would indicate the 844 
most robust robot response to the perturbation, thus correlating to the highest robot physical 845 
agency (RPA = 1.0). Conversely, the greatest deviation (ΔMAEmax) found experimentally 846 
within the cocontraction range indicated the softest robot reaction to the perturbation, thus 847 
correlating to the lowest robot physical agency (RPA = 0.0). We obtained a normalized RPA 848 
value from the deviation allowed by each cocontraction value, ΔMAE, as follows: 849 

 
max

RPA 1.0 ΜΑΕ

ΜΑΕ

∆
= −

∆
 (17) 850 

PD control of the muscle dynamics 851 

To contextualize the complementarity of the cerebellum and muscle dynamics, and the 852 
spectrum of motor behavior enabled by our cerebello-muscular controller, we also tested 853 
the muscle dynamics commanded by a PD controller. The implemented muscle dynamics 854 
differentiate between flexion and extension activation commands (AF and AE), which could 855 
be provided by the cerebellum thanks to the division of the DCN layer into agonist and 856 
antagonist zones. Since a PD controller lacks this division, the muscle model under PD 857 
control had to be modified as follows:  858 

 '
, , , , ,( )j j output j SC j j j r j a j j a jPD R cτ = α + −β (2 + γ )(θ − θ ) + δ θ  (18) 859 

 ' '
, , , , , , ,( ) ( )output j p j d j a j d j d j a jPD k k= θ −θ + θ −θ  (19) 860 

where kp,j and kd,j are the proportional and derivative gain of each joint, respectively; and 861 
the rest of the muscle components remain the same as for the cerebello-muscular controller. 862 
Please see table s5 for the PD gains for each trajectory. When testing the reaction to the 0.5 863 
kg payload while performing the circular trajectory, we also tested a PD with higher gains 864 
governing the muscle dynamics (fig. S5). Please see table s6 for the higher PD gains for the 865 
circular trajectory. To further contextualize our solution, we also tested direct PD control 866 
without muscle dynamics (fig. S5) using three different PD controllers (v1, v2, v3) 867 
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performing the circular trajectory. Please see table s7 for the PD gains of the three different 868 
direct PD controllers.  869 

Evaluation of the cerebellar learned solutions 870 

To evaluate the cerebellar learned solutions, we measured the complexity of the GC–PC 871 
synaptic weight distribution acquired after motor adaptation for each cocontraction value. 872 
The 14406 GC neurons innervated the 600 PC neurons in an all-to-one fashion; each PC 873 
received an excitatory synapse from every GC. Therefore, the synaptic weight distribution 874 
of the GC–PC layer was represented by a matrix (WGC-PC) of size I x J, with I=14406 and 875 
J=600 for the total number of GC and PC neurons, respectively. Each cell in the matrix 876 
stored the synaptic weight (w) between GCi and PCj, as follows:  877 
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 (20) 878 

Once obtained the synaptic weight distribution matrix for each cocontraction value, we 879 
applied Shannon’s entropy using a Python library (105). The entropy value provided a 880 
quantifiable metric of the complexity found in each GC–PC synaptic weight distribution 881 
(56). Higher entropy values indicated greater complexity within the obtained cerebellar 882 
solution.  883 

Statistical analysis 884 

Statistical significance presented in Figs. 2G, H; 3; 4B, D, F, H, J; and 7C, D was obtained 885 
by comparing the samples of consecutive cocontraction values using Welch’s t-test (106) 886 
implementation from SciPy open-source software (function scipy.stats.ttest_ind) (107). The 887 
figures display the p-values (*) below the threshold indicated in the figure legend, except 888 
for Fig. 7C, D, in which the p-values greater than the threshold are displayed for visual 889 
simplicity of the figure. The boxplots in Fig. 7C cover from the first to the third quartile, 890 
with a line drawn at the median (cocontraction from all joints was considered); whiskers 891 
extend from the box limits to the farthest data point within 1.5 times the interquartile range 892 
(IQR). 893 

Supplementary Materials 894 

Supplementary Methods 895 
Supplementary Results  896 
Figs. S1 to S12 897 
Tables S1 to S9  898 
Movies S1 and S2 899 
 900 
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Figures:  1165 

Fig. 1. Neuromechanics robot control for adjustable motor behavior. (A) Different 1166 
control approaches. (i) Encoder-based position control: uses position data from 1167 
encoders and requires kinematic models; suitable for position tracking but limited 1168 
for dynamic interactions. (ii) Torque transducer-based impedance control: uses 1169 
torque transducers or contact force sensors to measure and control interaction 1170 
force/torque assisted by dynamic models; effective for adaptive behavior but 1171 
requires complex modeling and control. (iii) Neuromechanics encoder-based torque 1172 
control: uses muscular and cerebellar mechanisms to control torque using position 1173 
feedback; adjustable compliance and accuracy without kinematic or dynamic 1174 
models (model-free), effective in unknown terrains. (B) Cerebello-muscular control 1175 
loop. Motor task defined as desired joint coordinates (position θd, and velocity θ̍d) 1176 
to be tracked. A module representing the motor cortex provides the desired 1177 
coordinates and the cocontraction level (c). The cerebellar SNN receives through 1178 
MFs the sensory input comprising desired and actual (θa, θ̍a) joint coordinates, and 1179 
the instructive signal (ɛ) through the CFs. Activity from DCN layer delivers flexion-1180 
extension activation commands (AF and AE) to the muscle model, which also 1181 
receives θd, c, θa and θ̍a as sensory input and generates joint torque commands (τ) to 1182 
drive the robot. Control loop operating at 500 Hz. (C) Schematic of the muscle 1183 
model. Active and passive components are integrated: the cerebellar AF and AE 1184 
commands, and a spinal cord (SC) reflex, actively drive the robot behavior; passive 1185 
mechanical viscoelasticity adds to the output torque. Muscle viscoelasticity 1186 
schematic inspired from (46). 1187 

Fig. 2. Cocontraction effect on performance accuracy. (A) Position MAE evolution 1188 
during cerebellar motor adaptation for the circular and (B) figure eight trajectories 1189 
with the lowest and highest cocontraction values. (C) Tracking of desired joint 1190 
position coordinates for the circular and (D) figure eight trajectories with the lowest 1191 
and highest cocontraction values. Lines show the mean and shading shows the SD 1192 
per time step of the last 100 trials of the motor adaptation (n = 100). (E) Cartesian 1193 
space representation of the robot end-effector trajectory with the lowest and highest 1194 
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cocontraction values for the circular and (F) figure eight trajectories. The density 1195 
function over the last 100 trials of the motor adaptation process is shown. (G) 1196 
Position MAE per trial, data shows the mean and error bars show the SD of the final 1197 
100 trials (n = 100) performed by the cerebello-muscular controller under each 1198 
cocontraction value for the circular and (H) figure eight trajectories. Consecutive 1199 
cocontraction values were compared using Welch’s t-test. The performance of the 1200 
factory-default position control is included for reference. Dashed lines in (G) and 1201 
(H) added to cerebello-muscular data as guides to the eye. 1202 

Fig. 3. Cocontraction effect on performance accuracy at different motion speed. (A) 1203 
Position MAE per trial for the cerebello-muscular controller under each 1204 
cocontraction value performing the circular trajectory at different speeds: trajectory 1205 
duration of 2.5, 2.0, 1.5, 1.0; and 0.8 s, and (B) figure eight trajectory at different 1206 
speeds: trajectory duration of 2.5 and 2.0 s. Data shows the mean and error bars 1207 
show the SD over the final 100 trials (n = 100) of the motor adaptation process. 1208 
Consecutive cocontraction values were compared using Welch’s t-test. Dashed lines 1209 
added to cerebello-muscular data as guides to the eye. 1210 

Fig. 4. Muscle torque components. (A) Muscle torque profiles of the cerebello-muscular 1211 
controller performing the circular trajectory with the lowest and highest 1212 
cocontraction values. (B) Torque time-integral (TTI) per joint, across different 1213 
cocontraction values, performing the circular and figure eight trajectories. The 1214 
following muscle torque components are shown, together with their time-integral 1215 
measurements: (C) active component at the lowest and highest cocontraction values 1216 
for the circular trajectory; (D) time-integral of the active component for each 1217 
cocontraction value, for the circular and figure eight trajectories; (E) reflex 1218 
component at the lowest and highest cocontraction values for the circular trajectory; 1219 
(F) time-integral of the reflex component for each cocontraction value, for the 1220 
circular and figure eight trajectories; (G) passive elastic component at the lowest 1221 
and highest cocontraction values for the circular trajectory; (H) time-integral of the 1222 
passive elastic component for each cocontraction value, for the circular and figure 1223 
eight trajectories; (I) passive viscous component at the lowest and highest 1224 
cocontraction values for the circular trajectory; (J) time-integral of the passive 1225 
viscous component for each cocontraction value, for the circular and figure eight 1226 
trajectories. Data in (A), (C), (E), (G) and (I) shows the mean and shading shows the 1227 
SD per time step along the trajectory duration, using the last 100 trials of the motor 1228 
adaptation process (n = 100). Data in (B), (D), (F), (H) and (J) shows the mean and 1229 
error bars show the SD per trial using the last 100 trials of the motor adaptation 1230 
process (n = 100). Consecutive cocontraction values were compared using Welch’s 1231 
t-test. 1232 

Fig. 5. Cocontraction and response against external perturbations. (A) Position MAE 1233 
before and after attachment of a 0.5 kg payload for the cerebello-muscular controller 1234 
and PD-muscular controller at varying cocontraction values performing the 2.5 s 1235 
circular trajectory. (B) Spectrum of robot behavior allowed by the cerebello-1236 
muscular and PD-muscular controllers, quantified as the robot physical agency 1237 
(RPA). Dashed lines included as guides to the eye. (C) Position MAE evolution 1238 
during the motor adaptation process of the cerebello-muscular controller after 1239 
attaching the 0.5 kg payload while performing the circular trajectory. (D) Gradual 1240 
reduction of the cocontraction level following the attachment of the 0.5 kg payload 1241 
while performing the circular trajectory. 1242 

Fig. 6. Application of the cerebellar solution learned for a specific cocontraction value 1243 
to other cocontraction values while performing the circular trajectory. (A) 1244 
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Application of the cerebellar solution learned for cocontraction x0 to higher 1245 
cocontraction values. From trial 0 to 50 the cerebello-muscular controller performed 1246 
with c = x0, then the cocontraction value was modified. (B) Application of the 1247 
cerebellar solution learned for cocontraction x5 to both lower and higher 1248 
cocontraction values (excluding c = x0 for safety reasons). From trial 0 to 50 the 1249 
cerebello-muscular controller performed with c = x5, then the cocontraction value 1250 
was modified. (C) Application of the cerebellar solution learned for cocontraction 1251 
x10 to lower cocontraction values (excluding c = x1 and c = x0 for safety reasons). 1252 
From trial 0 to 50 the cerebello-muscular controller performed with c = x10, then 1253 
the cocontraction value was modified. In (A), (B), and (C), cerebellar learning was 1254 
disabled. (D) Entropy of the cerebellar GC–PC synaptic weights distribution (shown 1255 
in black) after motor adaptation for each cocontraction value, correlated with the 1256 
corresponding position MAE (shown in blue). MAE data (taken from Fig. 2G) 1257 
shows the mean and error bars show the SD of the last 100 trials of the motor 1258 
adaptation process (n = 100). (E) Linear regression of synaptic entropy 1259 
measurements for those cocontraction values that showed a significant improvement 1260 
in position MAE (statistical significance of position MAE taken from Fig. 2G). 1261 
Dashed lines in (D) and (E) included as guides to the eye. 1262 

Fig. 7. Active modulation of cocontraction across unknown terrains. (A) Compliance 1263 
priority and robustness priority modes performing in 2% concentration of xanthan 1264 
gum (XG), and (B) 6% concentration of XG. (i) Position MAE as the robot end-1265 
effector is submerged in the viscous fluid. (ii) Cartesian path described by the 1266 
submerged end-effector (density of 50 trials shown). The T-shaped trajectory 1267 
follows the point sequence A, B, C, B, D, B, A. (iii) Mean cocontraction per trial as 1268 
the end-effector is submerged in the viscous fluid. (iv) Joint cocontraction per trial 1269 
with submerged end-effector (line shows the mean and shading the SD during the 1270 
first 50 s, sampling every 2 ms). (C) Joint cocontraction across terrains in 1271 
compliance priority and robustness priority modes. Data corresponds to the first 50 1272 
s with the end-effector submerged, sampling every 2 ms (cocontraction from all 1273 
joints is considered). Boxplots cover from the first to the third quartile, line drawn 1274 
at the median; whiskers extend from the box limits to the farthest data point within 1275 
1.5 times the interquartile range. (D) Position MAE in compliance priority and 1276 
robustness priority modes across all terrains. Data shows mean and error bars show 1277 
SD of 50 trials (n = 50) with the end-effector submerged. (E) Differentiated motor 1278 
behaviors depending on the direction of motion in 2% XG, and (F) 6% XG. (i) 1279 
Cartesian path described by the submerged end-effector (density of 50 trials shown). 1280 
(ii) Joint cocontraction per trial with the end-effector submerged (line shows the 1281 
mean and shading the SD during the first 50 s, sampling every 2 ms). Two motor 1282 
behaviors were differentiated: frontal robustness and lateral compliance; lateral 1283 
robustness and frontal compliance. (G) Distance covered by the end-effector in the 1284 
frontal and lateral directions across terrains for both motor behaviors. Data shows 1285 
mean and error bars the SD of distance covered per trial by the submerged end-1286 
effector (n = 50 trials). (H) End-effector submerged in 2% XG and 6% XG 1287 
concentrations. 1288 

 1289 
 1290 
Movies:  1291 

Movie 1. Overview of the neuromechanics approach. 1292 
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Movie 1 still image. 1303 
  1304 
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Supplementary Methods 1324 
  1325 

Muscle model parameters  1326 

The configuration values of the muscle parameters of each joint are described in table S1. 1327 

 Table S1. Muscle model parameters.   1328 

Joint Parameters 
Muscle 
gain (α) 

Muscle stiffness 
gain (β) 

Muscle tonic 
stiffness (γ) 

Muscle 
damping (δ) 

Joint resting 
position (θr) (rad) 

j1 35.0 1.0 3.0 -4.0 0.0  
j2 45.0 1.0 3.0 -4.0 0.2155 
j3 35.0 1.0 3.0 -1.0 0.0 
j4 35.0 1.0 3.0 -3.0 1.3349 
j5 10.5 0.3 1.0 -1.0 0.0 
j6 10.5 0.3 1.0 -1.0 0.0 

 1329 

Leaky integrate-and-fire neuron model 1330 

The cerebellar model was implemented using leaky integrate-and-fire (LIF) neurons (99), 1331 
due to their efficient computational cost for spike generation and processing, facilitating the 1332 
real time requirements of the robot control loop. LIF neurons fired a spike when the 1333 
membrane potential reached the firing threshold, after which the membrane potential was 1334 
reset to its resting value. The neural dynamics was defined by the membrane potential and 1335 
the excitatory (AMPA for the α-amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid 1336 
receptor; and NMDA for the N-methyl-D-aspartate receptor) and inhibitory (GABA for the 1337 
γ-aminobutyric acid receptor) chemical conductances, as defined by:  1338 

  (1) 1339 

  (2) 1340 

  (3) 1341 

   (4) 1342 

  (5) 1343 

  (6) 1344 

  (7) 1345 
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where C is the membrane capacitance; V is the membrane potential; Iint is the internal 1346 
current; Iext is the external current; EL is the resting potential and gL the conductance 1347 
responsible for the passive decay term towards EL. The conductances gAMPA, gNMDA and gGABA 1348 
integrate all the contributions received by each receptor type (AMPA, NMDA, GABA) 1349 
through individual synapses, being gNMDA_inf the NMDA activation channel. These 1350 
conductances were defined as decaying exponential functions (99, 108, 109), and their 1351 
values were incremented proportionally to the synaptic weights (wi) upon each presynaptic 1352 
spike arrival (δ, Dirac delta functions). When the membrane potential reached the firing 1353 
threshold (Vthr) it was then reset to the resting potential (EL) during the refractory period 1354 
(Tref). 1355 

The configuration parameters for the neuron models are described in table S2. Cerebellar 1356 
neural network topology is described in table S3. 1357 

Table S2. Neuron model parameters. Dash entries indicate not applicable.  1358 

Parameter GC PC DCN 
C (pF) 2.0 100.0 2.0 
gl (nS) 1.0 6.0 0.2 

EL (mV) -65.0 -70.0 -70.0 
EAMPA (mV) 0.0 0.0 0.0 
EGABA (mV) - - -80.0 
𝜏𝜏AMPA (ms) 1.0 1.2 0.5 
𝜏𝜏NMDA (ms) - - 14.0 
𝜏𝜏GABA (ms) - - 10.0 
Vthr (mV) -50.0 -52.0 -40.0 
Tref (ms) 1.0 2.0 1.0 

 1359 
 1360 

Table S3. Cerebellar network topology. Dash entries indicate not applicable.  1361 

Neurons Synapses 
Presynaptic Postsynaptic Connectivity Number Type Initial 

weight (nS) 
Weight 

range (nS) 
168 MFs 14406 GCs Four to one 57624 AMPA 0.18 - 
168 MFs 600 DCN All to one 100800 AMPA 0.1 - 

14406 GCs 600 PCs All to one 8643600 AMPA 1.6 [0.0, 5.0] 
600 PCs 600 DCNs One to one 600 GABA 1.0 - 
600 CFs 600 PCs One to one 600 AMPA 0.0 - 
600 CFs 600 DCN One to one 600 AMPA 0.5 - 
600 CFs 600 DCN One to one 600 NMDA 0.25 - 

 1362 
 1363 
Conversion from analog to spike domain 1364 

The cerebellar SNN sensory input information had to be translated from its original analog 1365 
domain (joint desired and actual coordinates: θd, θ̍d, θa, θ̍a) into the spike domain (MFs 1366 
activity). The 168 MFs were divided into six microcomplexes (one per DOF) of 28 neurons 1367 
each. Each microcomplex was then divided into four subgroups of seven neurons each, and 1368 
each subgroup was devoted to coding one of the input analog signals (θd, θ̍d, θa, θ̍a). Each 1369 
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of the seven neurons within the subgroup acted as a sensory receptor for a specific analog 1370 
range of its input signal: at time t, a MF fired a spike (δMF) if the analog value of its 1371 
corresponding input signal (θx) was within its receptor interval (θMF), as described by:  1372 

  (8) 1373 

  (9) 1374 

  (10) 1375 

  (11) 1376 

where i is the MF neuron index within the subgroup (i ϵ [0,6]); ci and w are the center and 1377 
width of the MFi specific analog range, respectively; θmax and θmin are the analog limits of 1378 
the input joint signal; and N=7 is the number of MFs within the subgroup. The receptor 1379 
intervals within the subgroup were non-overlapping, therefore only one MF within the 1380 
subgroup was active at each time step; four MFs per microcomplex were active at each time 1381 
step to code the input sensory state (θd, θ̍d, θa, θ̍a) in a univocal spiking representation. 1382 

Cerebellar instructive signal 1383 

The cerebellar instructive signal (ɛ) was computed by comparing the desired (θd, θ̍d) and 1384 
actual joint state (θa, θ̍a), as follows:  1385 

  (12) 1386 

where kp,j=[1.5, 2.0, 3.0, 2.0, 3.0, 3.0] and kv,j=[1.5, 1.0, 3.0, 1.0, 3.0, 0.5] are the position 1387 
and velocity error gains for each joint (j). 1388 

The instructive signal had to be translated from its original analog domain into spiking 1389 
domain (CFs activity) to enter the cerebellar SNN. The 600 CFs were divided into six 1390 
microcomplexes (one per DOF) of 100 neurons each. Within the microcomplex, the first/last 1391 
50 neurons were devoted to the agonist/antagonist sensed error (positive/negative joint 1392 
error). Electrophysiological recordings of CF activity show a chaotic and low firing rate, 1393 
between 1 and 10 Hz per neuron (110), which could hamper capturing the high-frequency 1394 
information of the instructive signal. However, the chaotic firing does allow for a statistical 1395 
sampling of the entire signal range over multiple trials (110, 111). We replicated this 1396 
behavior using a Poisson CF model: given the instructive signal ɛ(t) and a random number 1397 
ɳ(t) ϵ [0, 1], the given CF fired a spike , otherwise remaining silent 1398 

(112, 113). 1399 

Computational complexity of PID controller and cerebellar SNN 1400 

We conducted a computational complexity analysis, comparing the megaflops (Mflops) 1401 
required for a proportional-integral-derivative (PID) controller at each time step (assuming 1402 
the factory-default position controller is implemented as a PID) with the estimated Mflops 1403 

, x MF,i( ) ( )MF i t tδ ↔ θ ∈θ

MF,i [ , ]i ic w c wθ = − +

max min
min 1ic i

N
θ −θ = θ + ⋅ − 

max min1
2 1

w
N

θ −θ = ⋅ − 

, , , , , ,( ) ( ) ( )] ' ( ) ' ( )]j p j d j a j v j d j a jt k t t k t tε = [θ −θ + [θ −θ

( ) ( ) ( )CFspike tt tδ ηε↔ >

Science Robotics                                               Manuscript Template                                                                           Page 40 of 54 
 



 

needed to generate the number of spikes per time step in our neuromechanics approach. 1404 
Below is a detailed description of the computational complexity analysis. For the 1405 
calculations, we considered two plausible architectures for the SNN: an event/spike-based 1406 
(neuromorphic) architecture and a time-driven (von Neumann) architecture.  1407 

Given the traditional PID formulation: 1408 

  (13)   1409 

where the proportional term, the integral term (using Forward Euler) and the derivative term 1410 
(using finite difference approximation) are: 1411 

  (14) 1412 

The traditional PID formulation then discretized resulting the original formulation as: 1413 

 (15)   1414 

Considering the error at time step k as: 1415 

  (16) 1416 

and Δt the sampling time interval, we would obtain the final equation: 1417 

 1418 

1419 

  1420 
 (17) 1421 

For each degree of freedom 𝑖𝑖, the PID control output ui[k] at time step k involves the 1422 
following floating-point operations (flops): Error term: 1 flop (subtraction). Proportional 1423 
term: 1 flop (multiplication) + 1 flop (error). Integral term: 2 flops (multiplication + 1424 
addition) + 1 flop (error). Derivative term: 3 flops (subtraction, division, multiplication) + 1425 
1 flop (error). Summing the terms to compute the control output: 2 flops (additions). 1426 

Summing up all the operations for one degree of freedom, we would obtain 11 flops. Since 1427 
the operations for each degree of freedom are independent, the total number of flops for six 1428 
degrees of freedom is: 6×11 flops/time step= 66 flops/time step = 0.000066 Mflops /time 1429 
step. 1430 

Regarding the computational complexity of the cerebellar SNN, the traditional LIF model 1431 
equation is given by: 1432 

( ) ( ) ( ) ( )
i i i

i
i p i i i d

de t
u t K e t K e t dt K

dt
= + +∫
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∆
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  (18) 1433 

For numerical simulations, this equation is often discretized using methods like the Forward 1434 
Euler method. The update rule for the membrane potential at each time step Δt is given by: 1435 

  (19) 1436 

The operations involved are: 3 flops (division to compute τ, division by τ, and division by 1437 
Cm); 3 flops (three additions); 1 flop (multiplication). 1438 

Summing up all the operations, we would have a total of 7 flops per spike. Our cerebellar 1439 
SNN averaged 170 internal spikes per time step. Assuming an event-based architecture, the 1440 
total Mflops would be: 170 spikes×7 flops/spike = 1190 flops = 0.00119 Mflops.  1441 

If we were to consider time-driven instead of event-driven architecture running our 1442 
cerebellum model, we would have a total of 7 flops per neuron for a total of 15606 internal 1443 
neurons. The total Mflops would be: 15606 internal neurons × 7 flops/time step = 1444 
109242 flops = 0.109 Mflops. 1445 

Therefore, the computational complexity of a PID controller and a cerebellar SNN is 1446 
described as in Table S2. 1447 

Table S4. Computational complexity analysis.  1448 

PID controller Cerebellar SNN assuming 
event-based architecture 

Gain 

 
0.000066 Mflops/time step 

 

 
0.00119 Mflops/time step 

 

 
x18 

 Cerebellar SNN assuming 
event-based architecture 

 

 
0.109Mflops/time step 

 

 
x1655 

 1449 
In summary, while our cerebello-muscular control requires more computational resources, 1450 
this is due to the increased complexity inherent in its design. Nonetheless, we believe that 1451 
the advantages in performance would justify these computational demands. 1452 

 1453 
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Table S5. Gains of the PD-muscular controller.   1454 

Joint Circular trajectory Figure eight trajectory 
Proportional 

gain (Kp) 
Derivative gain 

(Kd) 
Proportional 

gain (Kp) 
Derivative 
gain (Kd) 

j1 7.5 0.01 7.0 0.04 
j2 8.0 0.01 8.0 0.04 
j3 1.0 0.01 1.0 0.04 
j4 6.0 0.005 4.5 0.02 
j5 1.0 0.005 1.0 0.025 
j6 4.0 0.005 4.5 0.02 

 1455 
 1456 
Table S6. Gains of the PD-muscular controller with higher gains for the circular 1457 
trajectory.   1458 

Joint Circular trajectory 
Proportional gain 

(Kp) 
Derivative gain 

(Kd) 
j1 8.0 0.05 
j2 9.0 0.05 
j3 1.0 0.05 
j4 8.0 0.025 
j5 1.5 0.025 
j6 8.0 0.025 

 1459 
 1460 
Table S7. Gains of the PD controllers without muscle dynamics for the circular 1461 
trajectory.   1462 

Joint PD v1 PD v2 PD v3 
Proportional 

gain (Kp) 
Derivative 
gain (Kd) 

Proportional 
gain (Kp) 

Derivative 
gain (Kd) 

Proportional 
gain (Kp) 

Derivative 
gain (Kd) 

j1 39.6 18.0 99.0 20.0 132.0 20.0 
j2 62.1 10.8 155.25 12.0 207.0 12.0 
j3 15.9 2.7 39.75 3.0 53.0 3.0 
j4 59.1 4.05 147.75 4.5 197.0 4.5 
j5 9.0 2.223 22.5 2.47 30.0 2.47 
j6 25.5 2.7 63.75 3.0 85.0 3.0 

  1463 
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 1464 
Fig. S1. Joint coordinates of the motor tasks. (A) Joint position coordinates and joint 1465 
velocity coordinates of the circular trajectory performed at different speeds. (B) Joint position 1466 
coordinates and joint velocity coordinates of the figure eight trajectory performed at different 1467 
speeds. (C) Joint position coordinates and joint velocity coordinates of the T-shaped 1468 
trajectory. 1469 

 1470 
  1471 
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Supplementary Results  1472 
 1473 
 1474 
 1475 

 1476 
Fig. S2. Muscle torque components during the circular trajectory for all cocontraction 1477 
values. (A) Resulting muscle torque. (B) Active component. (C) Reflex component. (D) 1478 
Elastic component. (E) Viscous component. Data in (A), (B), (C), (D) and (E) shows the mean 1479 
and shading shows the SD per time step along the trajectory duration, using the last 100 trials 1480 
of the motor adaptation process (n = 100). 1481 

 1482 
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 1483 
Fig. S3. Muscle torque components during the figure eight trajectory for all 1484 
cocontraction values. (A) Resulting muscle torque. (B) Active component. (C) Reflex 1485 
component. (D) Elastic component. (E) Viscous component. Data in (A), (B), (C), (D) and 1486 
(E) shows the mean and shading shows the SD per time step along the trajectory duration, 1487 
using the last 100 trials of the motor adaptation process (n = 100). 1488 

 1489 
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 1490 
Fig. S4. Response against external perturbations during the figure eight trajectory with 1491 
varying cocontraction levels. (A) Position MAE before and after attachment of a 1.0 kg 1492 
payload for the cerebello-muscular and PD-muscular controller at varying cocontraction 1493 
levels performing the 2.5 s figure eight trajectory. (B) Position MAE deviations induced by 1494 
the attached payload. (C) Spectrum of robot motor behavior allowed by the cerebello-1495 
muscular and PD-muscular controllers, quantified as the robot physical agency (RPA). 1496 
Dashed lines added as guides to the eye. (D) Position MAE evolution during the motor 1497 
adaptation process of the cerebello-muscular controller after attaching the 1.0 kg payload 1498 
while performing the figure eight trajectory. (E) Gradual reduction of the cocontraction level 1499 
following the attachment of the 1.0 kg payload while performing the figure eight trajectory.  1500 

 1501 
 1502 
 1503 
Table S8. Limb stiffness measurements for the cerebello-muscular torque controller.  1504 

Cocontraction Limb stiffness (N/m) 
Circle trajectory Figure eight trajectory 

x0 36.9 139.3 
x1 46.6 227.7 
x3 63.6 290.2 
x5 78.9 378.6 
x7 94.6 470.3 
x9 112.1 464.7 
x10 127.6 600.4 

 1505 
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 1506 
Fig. S5. Deviation induced when attaching a payload during the circular trajectory, for 1507 
the cerebello-muscular controller, two PD-muscular controllers with different gains, 1508 
and three PD controllers with different gains. (A) Position MAE before and after payload 1509 
attachment (0.5 kg) for the cerebello-muscular torque controller, PD-muscular controller, PD-1510 
muscular controller with higher gains, and three PD controllers with different gains and 1511 
without muscle dynamics. A 0.5 kg payload was attached while performing the 2.5 s circular 1512 
trajectory. (B) Position MAE deviations induced by the payload attachment. (C) Spectrum of 1513 
robot motor behavior allowed by the cerebello-muscular, PD-muscular controllers, and PD 1514 
controllers, quantified as the robot physical agency (RPA). Dashed lines added as guides to 1515 
the eye.  1516 
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 1517 
Fig. S6. Application of the cerebellar solution learned for a specific concontraction value 1518 
to other cocontraction values while performing the figure eight trajectory. (A) 1519 
Application of the cerebellar solution learned for cocontraction x0 to higher cocontraction 1520 
values. From trial 0 to 50 the cerebello-muscular controller performed with c = x0, then the 1521 
cocontraction value was modified. (B) Application of the cerebellar solution learned for 1522 
cocontraction x5 to both lower and higher cocontraction values (excluding c = x0 for safety 1523 
reasons). From trial 0 to 50 the cerebello-muscular controller performed with c = x5, then the 1524 
cocontraction value was modified. (C) Application of the cerebellar solution learned for 1525 
cocontraction x10 to lower cocontraction values (excluding c = x0 for safety reasons). From 1526 
trial 0 to 50 the cerebello-muscular controller performed with c = x10, then the cocontraction 1527 
value was modified. In (A), (B), and (C), cerebellar learning was disabled. (D) Entropy of the 1528 
cerebellar GC–PC synaptic weights distribution (shown in black) after motor adaptation for 1529 
each cocontraction value, correlated with the corresponding position MAE (shown in blue). 1530 
MAE data (taken from Fig. 2H) shows the mean and error bars show the SD of the last 100 1531 
trials of the motor adaptation process (n = 100). (E) Linear regression of synaptic entropy 1532 
measurements for those cocontraction values that showed a significant improvement in 1533 
position MAE (statistical significance of position MAE differences taken from Fig. 2H). 1534 
Dashed lines in (D) and (E) included as guides to the eye. 1535 
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 1536 
Fig. S7. Active modulation of cocontraction across different terrains. Performance in 1537 
compliance priority mode and robustness priority mode operating in: (A) free-space, (B) 1538 
water, (C) 1% concentration of xanthan gum (XG), (D) 3% concentration of XG, (E) 4% 1539 
concentration of XG, and (F) 5% concentration of XG. (i) Position MAE as the robot end-1540 
effector is submerged in the viscous fluid. (ii) Cartesian path described by the submerged 1541 
end-effector (density of 50 trials shown). (iii) Mean cocontraction per trial as the end-effector 1542 
is submerged in the viscous fluid. (iv) Joint cocontraction per trial with the end-effector 1543 
submerged in the fluid (line shows the mean and shading the SD during the first 50 s, sampling 1544 
every 2 ms). 1545 
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 1546 
Fig. S8. Cerebellar adaptation to the robot performing in 6% concentration of xanthan 1547 
gum (XG) operating in robustness priority mode. (A) Evolution of the position MAE as 1548 
cerebellar adaptation progresses. (B) Evolution of the cocontraction level as cerebellar 1549 
adaptation progresses. (C) Cartesian path described by the end-effector submerged in the 1550 
viscous fluid (density of the last 50 trials shown). 1551 
 1552 

 1553 
 1554 
 1555 

 1556 
Fig. S9. Differentiated motor behaviors depending on the direction of motion across 1557 
different terrains. Performance in (A) water, (B) 1% concentration of xanthan gum (XG), 1558 
(C) 3% concentration of XG, (D) 4% concentration of XG, (E) 5 % concentration of XG. (i) 1559 
Cartesian path described by the end-effector when submerged in the viscous fluid (density of 1560 
50 trials shown). (ii) Joint cocontraction per trial with the end-effector submerged in the fluid 1561 
(line shows the mean and shading the SD during the first 50 s, sampling every 2 ms). Two 1562 
motor behaviors were differentiated: frontal robustness and lateral compliance; lateral 1563 
robustness and frontal compliance. 1564 
 1565 
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 1566 
Fig. S10. Muscle components ablation experiments. (A) Complete muscle dynamics (full 1567 
muscle model) used as reference behavior. (B) Muscle dynamics without the SC-reflex 1568 
component: SC-reflex ablation. (C) Muscle dynamics without the elastic component: 1569 
elasticity ablation. (D) Muscle dynamics without the viscous component: viscosity ablation. 1570 
All scenarios using the PD controller configuration described in Methods. (E) Position MAE 1571 
obtained for the four different scenarios performing the circular trajectory. 1572 
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 1573 
Fig. S11. Terrain viscosity. (A) Viscosity as a function of shear rate. Each terrain consisted 1574 
of an aqueous solution of xanthan gum (XG) at different concentrations: from 1% to 6% XG 1575 
concentration. Three repetitions (n = 3) of the viscosity (η) measurements were taken for each 1576 
XG concentration, data shows the mean and error bars show SD. (B) Robot end-effector 1577 
submerged in the different viscous fluids and their corresponding viscosity.  1578 
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Table S9. Viscosity of the different xanthan gum (XG) solutions. Each specified quantity 1579 
of XG was mixed with 25 L of water. The viscosity was measured at a shear rate of 6s-1. 1580 

XG concentration XG mass Viscosity η  (Pa·s) 
1% 0.25 kg 3.45 ± 0.06 
2% 0.5 kg 6.68 ± 0.23 
3% 0.75 kg 9.88 ± 0.26 
4% 1.0 kg 12.63 ± 0.39 
5% 1.25 kg 18.18 ± 0.50 
6% 1.5 kg 25.56 ± 0.86 

 1581 
 1582 
 1583 

 1584 
Fig. S12. Robot arm at resting position. The motor tasks involved six DOFs (joints j1 to j6) 1585 
of the robot right arm. The depicted arm position illustrates the robot resting position. 1586 
 1587 
 1588 

 1589 
Movie S1. Robot motor behaviors enabled by the cocontraction range. The video includes 1590 
the robot reacting to external perturbations in the form of: physical interactions with other 1591 
robot; reaction to an attached payload; physical interactions with human operator.  1592 

 1593 
 1594 

Movie S2. Active modulation of cocontraction. The video includes the robot performing in 1595 
different unknown terrains in compliance priority mode and robustness priority mode, and 1596 
also the differentiation of behavior depending on the direction of motion. The video displays 1597 
the end-effector Cartesian path and the joint cocontraction as the robot end-effector is 1598 
submerged in the viscous fluids.  1599 

 1600 
 1601 
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