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H U M A N - R O B O T  I N T E R A C T I O N

A neuromechanics solution for adjustable robot 
compliance and accuracy
Ignacio Abadía1*, Alice Bruel2, Grégoire Courtine3, Auke J. Ijspeert2,  
Eduardo Ros1, Niceto R. Luque1*

Robots have to adjust their motor behavior to changing environments and variable task requirements to success-
fully operate in the real world and physically interact with humans. Thus, robotics strives to enable a broad spec-
trum of adjustable motor behavior, aiming to mimic the human ability to function in unstructured scenarios. In 
humans, motor behavior arises from the integrative action of the central nervous system and body biomechanics; 
motion must be understood from a neuromechanics perspective. Nervous regions such as the cerebellum facilitate 
learning, adaptation, and coordination of our motor responses, ultimately driven by muscle activation. Muscles, in 
turn, self-stabilize motion through mechanical viscoelasticity. In addition, the agonist-antagonist arrangement of 
muscles surrounding joints enables cocontraction, which can be regulated to enhance motion accuracy and adapt 
joint stiffness, thereby providing impedance modulation and broadening the motor repertoire. Here, we propose 
a control solution that harnesses neuromechanics to enable adjustable robot motor behavior. Our solution inte-
grates a muscle model that replicates mechanical viscoelasticity and cocontraction together with a cerebellar 
network providing motor adaptation. The resulting cerebello-muscular controller drives the robot through torque 
commands in a feedback control loop. Changes in cocontraction modify the muscle dynamics, and the cere-
bellum provides motor adaptation without relying on prior analytical solutions, driving the robot in different 
motor tasks, including payload perturbations and operation across unknown terrains. Experimental results show 
that cocontraction modulates robot stiffness, performance accuracy, and robustness against external perturba-
tions. Through cocontraction modulation, our cerebello-muscular torque controller enables a broad spectrum of 
robot motor behavior.

INTRODUCTION
Robotics development is pursuing autonomous intelligent robots able 
to dynamically adapt their motor behavior to the environment and 
task requirements (1). Traditional industrial robots are designed for 
specific tasks and controlled, structured environments, prioritizing 
performance accuracy and operation speed. Nevertheless, robotics 
applications are expanding beyond manufacturing plants into the real 
world, defining new applications that involve collaboration through 
physical human-robot interaction (HRI). The evolving constraints of 
physical HRI require these collaborative robots to change their pri-
orities over time, thus demanding adjustable motor behavior. For ex-
ample, assistive robots must not only perform motor tasks accurately 
and discern objects by their fragility for delicate manipulation but 
also allow the human to freely drive their motion if required; reha-
bilitation robots must adapt to the evolution of the patient’s abilities 
(2). Even a seemingly simple task as an object handover involves dif-
ferent phases that require both the giver and receiver to dynamically 
adapt their behavior (3); when receiving a tool from a human, the 
robot motion should be soft when approaching the tool to not desta-
bilize or compromise the human’s safety, whereas the subsequent task 
execution using the tool demands more robustness from the robot. 
Thus, the range of tasks and environments encountered by collabora-
tive robots requires them to adaptively transition between robust and 
softer, compliant motor behavior depending on the circumstances.

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

The versatility of human motor behavior very well reflects this in-
teraction between neural control and body morphology. For instance, 
our distinctive hand dexterity, crucial for precise and adaptive ma-
nipulation, emerges from the synergy of the CNS and biomechanics 
(18). Actually, our physical interactions with the world are mainly me-
diated through the upper limbs, whose functionality is directly linked 
to their morphology (19). The human upper limb is actuated by no 
fewer than 20 muscles that control seven degrees of freedom (DOFs) 
(three DOFs in the shoulder, two in the elbow, and two in the wrist, 
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excluding the hand DOF) (20). This muscle redundancy and overac-
tuation add to the complexity of musculoskeletal dynamics, which are 
already sophisticated because of the nonlinear properties of muscles, 
tendons, and other soft tissues (21). Such dynamic intricacy requires 
fine control mechanisms in the CNS to govern motion, but at the 
same time, muscle actuation offers inherent benefits. Nonlinear mus-
cle viscoelasticity induces self-stability (22, 23), provides an intrinsic 
zero-delay response to perturbations (24), and simplifies neuronal in-
formation processing by off-loading computation to the morphologi-
cal structure (25–27). Furthermore, muscle passive viscoelasticity can 
be actively controlled to modify behavior (12). Apart from these in-
trinsic mechanical properties, the arrangement of agonist-antagonist 
muscle groups to actuate joints enables cocontraction: the simultane-
ous activation of antagonistic muscles surrounding a joint. Cocon-
traction can be actively modulated to increase performance accuracy, 
regulate joint stiffness, and, thereby, modify the dynamic response to 
perturbations, thus broadening the motor repertoire (28–30).

These muscle mechanical properties and their agonist-antagonist 
distribution have inspired new robotic actuators (15,  31–34); the 
challenges of performing in unstructured environments can be ap-
proached from a hardware perspective that mimics functional bio-
logical tissues (35). Nonetheless, hardware-based solutions face 
manufacturing challenges and are often limited to specific plat-
forms, which can constrain their wide-scale adoption (1, 35, 36), 
and introducing nonlinear dynamics complicates accurate and reli-
able control (37).

Besides hardware implementations, biological tissue can also inspire 
software-based control approaches. Muscle redundancies, viscoelastici-
ty, and cocontraction inspired impedance control (38–40), which was 
developed to regulate the dynamic interactions between a manipulator 
and its environment. Impedance control posits that, when two physical 
systems interact, one must physically complement the other: If one sys-
tem behaves as an impedance (accepts motion inputs and yields force 
outputs), then the other must be an admittance (accepts force inputs 
and yields a motion response). In its original conception, this control 
paradigm considers the environment as an admittance given that it can 
always be pushed upon but does not always move. Hence, the manipula-
tor is considered an impedance for complementarity, reflecting the cau-
sality from detected motion to applied force (39, 40). Impedance control 
can be implemented to maintain a specific impedance across interac-
tions or to regulate and adjust the impedance of the robot depending on 
the encountered circumstances through variable impedance control 
(41, 42).

Impedance control implementations depend on well-designed 
control laws addressing the robot dynamics, a complex issue with-
out a straightforward solution for nonlinear robots, and the desired 
impedance model, which depends on the environment and task re-
quirements (41). In unstructured scenarios, the environment prop-
erties are unknown; thus, reliable measurements of the contact 
force between the robot and the environment are usually required to 
model the desired impedance (43). Consequently, impedance con-
trol often relies on extensive analytical development, including ro-
bot dynamics, desired impedance, environment information, and/
or specialized hardware for sensing capabilities. Both control-based 
and learning-based approaches have been developed to achieve vari-
able impedance control, but the limitations imposed by their techni-
cal requirements reduce their applicability and spread as broad 
robotic solutions (42).

The ultimate goal of impedance control lies in adjusting the dy-
namic behavior of the robot (44). Anthropomorphic solutions can 
facilitate this achievement. To reduce dependency on reliable sensory 
feedback, humans adjust their interactions with the environment by 
regulating limb stiffness (45). Rather than directly controlling the 
force exerted on physical objects, modulating limb stiffness through 
muscle cocontraction allows active regulation of our interactions, 
without prior knowledge about the environment and without accu-
rate modeling information.

Inspired from these biological features, we model muscle mechani-
cal properties and include them in a robot torque controller. We repli-
cate muscle viscoelasticity and agonist-antagonist actuation, drawing 
from Ekeberg’s computational muscle model (46), a model previously 
applied to study animal locomotion (47), and robust undulatory 
swimming in robots (48). We expand the muscle model by incorporat-
ing tunable cocontraction and a spinal cord (SC) reflex mechanism 
and apply it to six DOFs of the Baxter robot arm (49), performing dif-
ferent motor tasks: continuous trajectories at different speeds, external 
perturbations, and operation across different terrains. By adjusting 
muscle cocontraction, which also modulates the SC-based reflex, we 
can regulate robot stiffness, performance accuracy, and the response to 
interactions. Thus, we achieve muscle-like actuation using electric mo-
tors without needing antagonistic actuators. We also integrate a cere-
bellar spiking neural network (SNN) to control the muscle dynamics 
and drive the robot toward its motor goal. The cerebellum, key for 
biological motor control and learning (50–54), has previously been 
validated for robot control (9, 10); however, these previous imple-
mentations lacked motor behavior regulation. In the current imple-
mentation, the cerebellar SNN generates high-level muscle activation 
signals, in contrast with previous implementations of muscle dynam-
ics in robots, which typically relied on oscillatory activation signals 
(48, 55). Subsequently, the muscle dynamics generates the joint torque 
signals that drive the robot motion. The cerebellar SNN is equipped 
with synaptic plasticity, allowing motor adaptation to control the 
unknown plant dynamics without prior analytical knowledge, that is, 
model-free control because both the muscle and robot dynamics are 
initially unknown to the cerebellum.

Here, we propose a neuromechanics approach for adjustable ro-
bot motor behavior (Fig. 1). By harnessing muscle dynamics and 
cerebellar adaptability, our approach achieves adjustable motor be-
havior through the regulation of the robot stiffness, without prior 
analytical modeling (model-free), without environment informa-
tion and hence applicable to unknown environments, and without 
contact force sensing or specific hardware given that it relies on only 
position sensory feedback. By integrating brain-inspired and biome-
chanics solutions, our cerebello-muscular torque controller enables 
the adjustment of the robot motor behavior, striking a dynamic 
trade-off between performance accuracy and compliance: high ac-
curacy and robustness against perturbations versus adopting lower 
accuracy and softer, compliant behavior in response to interactions.

RESULTS
Integration of a cerebellar model, muscle dynamics, 
and a robot
We implemented a cerebellar SNN and a software-based muscle mod-
el, both combined to build a cerebello-muscular torque controller op-
erating within a feedback control loop with the Baxter robot as the 
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Fig. 1. Neuromechanics robot control for adjustable motor behavior. (A) Different control approaches. (i) Encoder-based position control uses position data from 
encoders and requires kinematic models; suitable for position tracking but limited for dynamic interactions. (ii) Torque transducer-based impedance control uses torque 
transducers or contact force sensors to measure and control interaction forces/torques assisted by dynamic models; effective for adaptive behavior but requires complex 
modeling and control. (iii) Neuromechanics encoder-based torque control uses muscular and cerebellar mechanisms to control torque using position feedback; adjust-
able compliance and accuracy without kinematic or dynamic models (model-free), effective in unknown terrains. (B) Cerebello-muscular control loop. The motor task was 
defined as desired joint coordinates (position θd and velocity θ′d) to be tracked. A module representing the motor cortex provides the desired coordinates and cocontrac-
tion level (c). The cerebellar SNN receives, through MFs, the sensory input comprising the desired and actual (θa and θ′a) joint coordinates and, through CFs, the instructive 
signal (ɛ). Activity from the deep cerebellar nuclei (DCN) layer delivers flexion-extension activation commands (AF and AE) to the muscle model, which also receives θd, c, 
θa, and θ′a as sensory input and generates joint torque commands (τ) to drive the robot. Control loop operating at 500 Hz. (C) Schematic of the muscle model. Active and 
passive components are integrated: the cerebellar AF and AE commands and a spinal cord (SC) reflex actively drive the robot behavior; passive mechanical viscoelasticity 
adds to the output torque. Muscle viscoelasticity schematic inspired from (46).
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front-end body (Fig. 1, B and C). The cerebellar network adapted the 
motor commands needed to perform different tasks involving six 
DOFs, where each robot DOF was governed by the dynamics of the 
implemented muscle model, in addition to Baxter built-in series elas-
tic actuators (49). The cerebellar network, built on previous works 
(9, 10, 56), used the following sensory inputs: joint coordinates de-
scribing the desired trajectory for the motor task (position θd and ve-
locity θ′d), actual joint coordinates of the robot (position θa and 
velocity θ′a), and an instructive signal (ɛ) computing the mismatch 
between the desired and actual joint states. On the basis of this input 
sensory information, the cerebellar network generated the agonist 
and antagonist muscle activation commands (AF for flexion and AE 
for extension per joint), which were then sent to the muscle model. 
Our muscle model, derived from (46), simulated a pair of antagonistic 
muscles and was developed to include adjustable cocontraction (c) 
and a reflex component on the basis of SC circuitry. Hence, each robot 
joint had its corresponding muscle model that simulated an agonist-
antagonist muscle pair and included the following: active control of 
agonist-antagonist dynamics (flexion-extension, commanded by the 
cerebellar signals AF and AE), cocontraction level, an SC-based reflex 
response (RSC), and passive viscoelastic properties. The combination 
of the different muscular components produced a torque signal per 
joint (τ), which was then sent to the robot, thus closing the feedback 
loop. The desired joint coordinates and the adjustable cocontraction 
level were fed into the loop by a module representing motor cortex 
functionality (57–60). For a comprehensive description of the muscle 
model, the cerebellar SNN, and the robot, see Materials and Methods.

To adjust the robot motor behavior, we modified the muscle dy-
namics by varying the cocontraction value (c), affecting both the ac-
tive and passive muscle properties (see Materials and Methods). To 
explore a rich spectrum of robot behavior, we conducted tests within 
a wide cocontraction range: c = [x0, x1, x3, x5, x7, x9, x10], where x0 
corresponds to c = 0.0, x1 is c = 0.1, x3 is c = 0.3, and so on. The fol-
lowing sections detail our cerebello-muscular torque controller per-
forming with different cocontraction levels and its effect on key 
tenets of HRI: performance accuracy, torque response, and reaction 
against external perturbations (soft versus robust behavior). An over-
view of our neuromechanics approach is shown in Movie 1.

Enhancement of performance accuracy 
through cocontraction
First, we assessed the influence of cocontraction on performance ac-
curacy. Two motor tasks constituted our motor control benchmark: 

a circular trajectory executed in the vertical plane and a figure-eight 
trajectory executed in the horizontal plane. Each task was performed 
in 2.5 s; for the desired joint coordinates specific to each motor task, 
see the Supplementary Materials (fig. S1). For each cocontraction 
value tested, the cerebello-muscular controller underwent 1000 con-
secutive trials of the trajectory. The trial-and-error cerebellar learn-
ing process started without prior knowledge of the plant dynamics, 
and as cerebellar adaptation progressed, it allowed operation of the 
given muscle dynamics to command the robot in the execution of 
the motor tasks, leading to a gradual reduction in the performance 
error (Fig. 2, A and B). As the motor adaptation process concluded, 
our cerebello-muscular torque controller accurately tracked the de-
sired joint positions (Fig. 2, C and D).

Increased cocontraction levels correlated with a more consistent 
execution of the motor task as the trajectory variability decreased 
(Fig. 2, E and F), demonstrating a significant enhancement in perfor-
mance accuracy measured as the position mean absolute error (MAE) 
(Fig. 2, G and H). For all cocontraction values, the performance im-
proved the reference provided by the factory-default position control-
ler. Nevertheless, it was observed that increasing cocontraction did 
not yield an endless enhancement of performance accuracy; the high-
est cocontraction values (x10 for the circular trajectory; x9 and x10 
for the figure-eight trajectory) did not significantly reduce the error 
beyond that achieved by preceding cocontraction values.

Enhancement of performance accuracy through 
cocontraction is limited by motion speed
Previous studies have reported that, biologically, cocontraction stabi-
lizes the upper limb and enhances motion accuracy (61, 62); howev-
er, its benefits diminish during high-speed ballistic movements, 
which become spastic in the presence of cocontraction (63). To test 
whether these findings still apply to our robotic setup, we evaluated 
the influence of cocontraction on performance accuracy when in-
creasing the motion speed. We extended the original motor bench-
mark by testing the following trajectory durations: a vertical circle 
performed in 2.5, 2.0, 1.5, 1.0, and 0.8 s; a horizontal figure-eight tra-
jectory performed in 2.5 and 2.0 s. Note that the figure-eight trajec-
tory performed in 2.0 s forced the joint speed close to the hardware 
limitations specified by the robot manufacturer, thus preventing 
further increments in speed of the figure-eight trajectory for safety 
reasons. For a description of the joint coordinates of each motor 
task performed at different speeds, see the Supplementary Materials 
(fig. S1).

For the slower executions of the circular trajectory (2.5, 2.0, and 
1.5 s), increasing cocontraction improved the performance accura-
cy, except for the highest cocontraction value (x10) in the 2.5- and 
1.5-s trajectories and for cocontraction x9 in the 2.0-s trajectory, 
which did not significantly modify the tracking error (Fig. 3A). 
Conversely, for faster trajectories (1.0 and 0.8 s), the highest cocon-
traction value (x10) did not enhance but significantly worsened the 
trajectory execution. This deterioration was already noticeable with 
the cocontraction value x7 for the fastest trajectory (Fig. 3A). Re-
garding the figure-eight trajectory, previous observations showed 
that, for the slowest trajectory (2.5 s), the cocontraction values x9 
and x10 did not significantly affect the trajectory tracking. For the 
fastest trajectory (2.0 s), we observed that the cocontraction value x5 
significantly increased the tracking error compared with the imme-
diately lower cocontraction value and that higher values did not fur-
ther modify performance accuracy (Fig. 3B).Movie 1. Overview of the neuromechanics approach. 
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Muscle torque modifications induced by cocontraction
The joint torque commanded to the robot was given by the output of 
the muscle dynamics. Varying the cocontraction value modified the 
muscle dynamics (see Materials and Methods), thereby affecting the 

output muscle torque (Fig. 4A and fig. S2 for the circular trajectory 
and fig. S3 for the figure-eight trajectory). To assess the torque 
changes induced by cocontraction, we computed the joint torque-
time integral (TTI) as a measurement of the delivered energy (64), a 
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metric also used in neuromuscular studies to account for the ability 
to maintain force over time (65–67). This involved calculating the 
integral of the joint torque over the motor task duration (2.5 s for 
both the circular and figure-eight trajectories; see Materials and 
Methods). Although statistically significant variations were observed 
for certain joints (Fig. 4B), the overall joint TTI change was relatively 
small; the maximum TTI increment across all cocontraction values 
was 0.24 Nm·s for joint j1 in the circular trajectory and 1.18 Nm·s for 
joint j2 in the figure-eight trajectory (see Fig. 1B and fig. S12 for joint 
labels). As a reference for joint torque magnitudes, the robot manu-
facturer specifies a maximum torque of 50 Nm for joints j1, j2, j3, 
and j4 and 15 Nm for joints j5 and j6.

To provide deeper insight into the torque response, we broke 
down the output muscle torque into its different muscle dynamics 
components and measured the corresponding time integral. Accord-
ing to biological plausibility, the final muscle torque resulted from 
the interplay of both active and passive components of the muscle 
dynamics. The cerebellum actively controlled the flexion-extension 
direction of movement (Fig. 4C), which experienced a maximum 
time-integral increment across all cocontraction values of 2.27 Nm·s 
(joint j1) for the circular trajectory and 1.90 Nm·s (joint j4) for the 

figure-eight trajectory (Fig. 4D). The SC-based reflex component 
corrected deviations from the desired trajectory, exhibiting an in-
crease with cocontraction (Fig. 4E). The maximum time-integral 
increment across all cocontraction values was 2.66 Nm·s (joint j2) 
for the circular trajectory and 3.59 Nm·s (joint j4) for the figure-eight 
trajectory (Fig. 4F). On the passive side of the muscle dynamics, we 
considered two components accounting for the muscle mechanical 
elasticity and viscosity, respectively. The elastic component exhibited 
an increase with cocontraction (Fig. 4G), showing a peak increment 
of 3.68 Nm·s (joint j1) for the circular trajectory and 3.71 Nm·s (joint 
j1) for the figure-eight trajectory (Fig. 4H). Conversely, the viscous 
component exhibited relatively smaller variations with cocontrac-
tion changes (Fig. 4I), showing a peak increment across all cocon-
traction values of 0.04 Nm·s (joint j6) for the circular trajectory and 
0.21 Nm·s (joint j6) for the figure-eight trajectory (Fig. 4J). The 
changes induced by cocontraction to the different components of the 
muscle dynamics were compensatory: When combining all compo-
nents to generate the output muscle torque, the time-integral chang-
es were mitigated; all muscular components, except the viscous one, 
exhibited higher time-integral changes than the resulting output 
muscle torque.

Enhancing robot physical agency 
through cocontraction: Response to 
external perturbations
After analyzing the influence of cocon-
traction on performance accuracy, we in-
vestigated its influence on robot behavior 
when reacting to external perturbations. 
Once motor adaptation had been settled, 
we attached a payload to the end effector 
during the execution of the motor tasks 
and measured the deviation in trajectory 
tracking for each cocontraction value. We 
used a 0.5-kg payload for the circular tra-
jectory (Fig. 5) and a 1-kg payload for the 
figure-eight trajectory (fig. S4). To obtain 
a precise measurement of the payload-
induced deviation and to isolate the role 
of cocontraction, we initially disabled cer-
ebellar synaptic plasticity, thus preventing 
cerebellar adaptation to dynamic changes 
and inhibiting convergent behavior (9). 
Hence, the payload effect remained over 
time, and the perturbation response could 
only be attributed to the cocontraction 
level, providing a comprehensive assess-
ment of the performance variations (be-
fore and after payload attachment) for 
each cocontraction value (Fig. 5A and fig. 
S4A). We observed that, as cocontraction 
increased, the robot motor response ex-
hibited greater robustness to perturba-
tions; higher cocontraction values resulted 
in smaller deviations when attaching the 
payload. In accordance with biological 
motor behavior, a direct relation between 
cocontraction and limb stiffness was 
found. We measured the limb stiffness as 
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the ratio between the applied force (the mass of the attached payload 
times the gravitational acceleration) and the corresponding deforma-
tion (the vertical displacement of the end-effector produced by the 
attached payload). Differences in the robot arm configuration when 

performing each trajectory (especially at the position of joint j6) led 
to differences in the limb stiffness for each trajectory. Nonetheless, a 
direct relation between cocontraction and limb stiffness was found in 
both cases (see table S8 for the limb stiffness results).
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Fig. 4. Muscle torque components. (A) Muscle torque profiles of the cerebello-muscular controller performing the circular trajectory with the lowest and highest cocon-
traction values. (B) TTI per joint, across different cocontraction values, performing the circular and figure-eight trajectories. The following muscle torque components are 
shown, together with their time-integral measurements: (C) active component at the lowest and highest cocontraction values for the circular trajectory; (D) time integral 
of the active component for each cocontraction value for the circular and figure-eight trajectories; (E) reflex component at the lowest and highest cocontraction values 
for the circular trajectory; (F) time integral of the reflex component for each cocontraction value for the circular and figure-eight trajectories; (G) passive elastic component 
at the lowest and highest cocontraction values for the circular trajectory; (H) time integral of the passive elastic component for each cocontraction value for the circular 
and figure-eight trajectories; (I) passive viscous component at the lowest and highest cocontraction values for the circular trajectory; and (J) time integral of the passive 
viscous component for each cocontraction value for the circular and figure-eight trajectories. Data in (A), (C), (E), (G), and (I) show the mean, and shading shows the SD per 
time step along the trajectory duration using the last 100 trials of the motor adaptation process (n = 100). Data in (B), (D), (F), (H), and (J) show the mean, and error bars 
show the SD per trial using the last 100 trials of the motor adaptation process (n = 100). Consecutive cocontraction values were compared using Welch’s t test.
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To better contextualize the cerebellar control of the muscle-robot 
dynamics and the behavioral spectrum enabled by our cerebello-
muscular controller across the cocontraction range (that is, the de-
gree of motor variability achieved), we tested the response to the 
payload of a proportional-derivative (PD) controller governing the 
muscle dynamics under each cocontraction value (Fig. 5A and fig. 
S4A). The differences between low and high cocontraction values 
were less pronounced with PD control than with cerebellar control, 
thereby indicating a narrower range of enabled robot behavior. For 
the circular trajectory, the cerebellar control of the muscle dynamics 
allowed a 15.6 times larger range of payload reactions than the PD 
control: From cocontraction x0 to x10, the cerebellar control showed 
a deviation range from 0.099 to 0.021 radian (rad), and the PD con-
trol ranged from 0.014 to 0.009 rad. Similarly, for the figure-eight 
trajectory, the cerebello-muscular controller showed a payload reac-
tion range 29 times larger than that of the PD control: From cocon-
traction x0 to x10, the cerebellar control case allowed a deviation 
range from 0.069 to 0.011 rad, and the PD control ranged from 
0.006 to 0.004 rad (figs. S4B and S5B).

To further deepen the analysis of the behavioral spectrum al-
lowed by our cerebello-muscular controller, we defined a motor be-
havior metric on the basis of the trajectory deviation induced by the 
payload. In an HRI environment, physical interactions are deter-
mined by the reactions of both agents: the human and the robot. 
When the physical intentions of the agents are in conflict, the stron-
ger intention will prevail. The more robust agent will dominate the 
interaction, thus indicating higher “physical agency.” Conversely the 
softer agent will allow a greater deviation from its path, indicating 
lower physical agency. To quantify this concept, we defined a robot 

physical agency (RPA) metric on the basis of the trajectory devia-
tion resulting from the applied perturbations. The maximum devia-
tion in position MAE observed for each trajectory (0.099 rad for the 
circular trajectory and 0.069 rad for the figure-eight trajectory; both 
allowed by the cerebello-muscular controller with cocontraction x0) 
constituted our RPA value of 0.0 and represented the softest reaction 
to the perturbation. Conversely, a hypothetical deviation of 0.0 rad 
represented our maximum RPA value of 1.0, namely, the most ro-
bust reaction to the perturbation. The MAE deviation associated 
with each cocontraction value resulted in an RPA value normalized 
within this range (see Materials and Methods). Results revealed that 
the cerebello-muscular controller enabled the robot to exhibit low 
and high RPA behaviors (both soft and robust reactions), whereas 
the PD controlling the muscle dynamics only enabled the robot to 
exhibit high RPA behaviors (Fig. 5B and fig. S4C). In addition, note 
that the already narrow behavior range provided by the PD would 
be further restricted if the PD were to be tuned with higher gains to 
improve accuracy. We observed an inverse relationship between PD 
gains and the payload reaction range; higher PD gains resulted in a 
narrowed spectrum of enabled motor behavior (fig. S5). We also 
tested direct PD control without muscle dynamics, which also dem-
onstrated an inverse relationship between PD gains and payload-
induced deviation. Even with low PD gains, which resulted in a 
significant reduction in accuracy, a soft and compliant behavior was 
not achieved. Therefore, similar to PD-muscular control, direct PD 
control did not provide the motor behavior versatility enabled by 
our cerebello-muscular controller (fig. S5). To visualize the different 
robot motor behaviors allowed by the cocontraction range, see 
movie S1.
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We then activated cerebellar synaptic plasticity to enable the cer-
ebellum to adapt to the attached payload. Again, higher cocontrac-
tion values consistently produced a more robust response, resulting 
in smaller deviations from the target trajectory. After the initial re-
sponse to the external payload perturbation, cerebellar adaptation 
progressed effectively, showing a convergent behavior and allowing 
successful performance of the motor task despite the presence of the 
payload for all cocontraction values (Fig. 5C and fig. S4D).

Last, we verified a known biological motor behavior: reacting 
with high cocontraction as the initial response to unknown dynam-
ics, followed by a gradual decrease in cocontraction as learning and 
adaptation progressed (68–70). In our experimental setup, the robot 
initially performed the motor task with high cocontraction values 
when the payload was attached. As the cerebellum adapted to the 
modified dynamics, we were able to gradually decrease cocontrac-
tion (Fig. 5D and fig. S4E).

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

We first applied the cerebellar solution developed for controlling 
the muscle dynamics at the lowest cocontraction value (x0) to 
control the muscle dynamics for higher cocontraction values. Cer-
ebellar learning was disabled, and the performance started with 
cocontraction value x0; after 50 trials, cocontraction was modi-
fied, thus illustrating the continuity of the cerebellar solution. Re-
sults showed that mastering the control of the muscle dynamics for 
cocontraction x0 enabled successful control of all higher cocontrac-
tion values (Fig. 6A and fig. S6A). Subsequently, we applied the cer-
ebellar solution developed for controlling the muscle dynamics at an 
intermediate cocontraction value (x5) to control the muscle dynam-
ics for both lower and higher cocontraction values. After 50 trials 
performed with cocontraction x5, the cocontraction value was 
modified. Results showed that the cerebellar solution provided pre-
cise motor control for higher cocontraction values, but performance 
declined for lower cocontraction values. Because performance at 
cocontraction x1 substantially deteriorated, providing a compelling 
result, the cerebellar solution acquired for cocontraction x5 was not 
further applied to control cocontraction x0, hence prioritizing the 
integrity of the robot (Fig. 6B and fig. S6B). Last, applying the cere-
bellar solution developed for controlling the muscle dynamics at the 
highest cocontraction value (x10) to all lower cocontraction values 
revealed precise motor control for cocontraction values x9 and x7 
(again, the first 50 trials were performed with cocontraction x10, 
and then cocontraction was modified). However, for cocontraction 

x5 and x3, the tracking error substantially increased. Again, to pri-
oritize the integrity of the robot, the cerebellar solution acquired for 
cocontraction level x10 was not further tested to control cocontrac-
tion levels x1 and x0 for the circular trajectory and x0 for the figure-
eight trajectory (Fig. 6C and fig. S6C).

To understand why cerebellar solutions learned at low cocon-
traction were effective at higher cocontraction levels but the oppo-
site did not hold, we measured the differences between the learning 
of these low and high cocontraction cerebellar solutions. After cer-
ebellar motor adaptation to each cocontraction value, we evaluated 
the complexity of the neural solution at the granule cell–Purkinje 
cell (GC-PC) neural layer—the only cerebellar layer endowed with 
synaptic plasticity. This assessment involved computing the entropy 
of the synaptic weight distribution at the GC-PC layer, providing a 
value that represents the degree of complexity of the acquired cere-
bellar solution (see Materials and Methods). The synaptic entropy 
measurements exhibited a decreasing pattern as cocontraction in-
creased (Fig. 6D and fig. S6D) and showed a high correlation with 
the position MAE tracking provided by the corresponding cocon-
traction value. When considering only the synaptic entropy mea-
surements corresponding to cocontraction values that significantly 
reduced the tracking error (statistical significance shown in Fig. 2, G 
and H), the entropy measurements followed a linear regression with 
negative slope (Fig. 6E and fig. S6E). This implies that the higher the 
cocontraction is, the less complex the required cerebellar solution, 
suggesting that cocontraction simplified cerebellar motor learning.

Active modulation of cocontraction across different terrains
The results presented so far used externally provided cocontraction, 
homogeneous to all joints. However, to enable a continuous spec-
trum ranging from soft to robust motor behavior, active modulation 
of muscle cocontraction is required. Hence, we developed a strategy 
to dynamically adjust cocontraction depending on the environment 
and task requirements on the basis of a weighted trade-off between 
compliance (soft behavior) and accuracy (robust behavior).

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

To test active modulation of cocontraction, we expanded the mo-
tor benchmark by making the robot perform in different terrains. 
We designed a T-shaped trajectory (see fig. S1 for the trajectory 
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description) to which the cerebellum adapted by operating in free 
space with cocontraction x0. Then, while performing the trajectory, 
we submerged the robot end effector in fluids of different viscosity 
(η), consisting of aqueous solutions of xanthan gum (XG) at differ-
ent concentrations. Specifically, we used 25 liters of water and XG in 
concentrations of 1, 2, 3, 4, 5, and 6% (see the Supplementary Mate-
rials for the viscosity values of the different XG concentrations). The 
properties of XG allowed us to modify the viscosity of the fluid (71); 
the higher the viscosity was, the greater the constraint for the end-
effector motion while submerged in the fluid. For each terrain, we 
conducted tests with the robot in compliance priority mode (WC-R = 
0.0) and robustness priority mode (WC-R = 1.0) (Fig. 7, A to D, 
and fig. S7). When compliance was prioritized, the cocontraction 
level was maintained at x0 as the end effector was submerged in the 
fluid (Fig. 7C), resulting in the robot avoiding strong reactions to 
the perturbations, limiting the end-effector motion, and increasing 
the overall trajectory deviation (Fig. 7D). Conversely, when robust-
ness was prioritized, the cocontraction level increased as the end 
effector was submerged in the fluid, resulting in higher cocontrac-
tion levels corresponding to increased fluid viscosity (Fig. 7C). The 
robustness enabled by the increased cocontraction allowed the end 
effector to cover a wider range of the trajectory despite the fluid vis-
cosity, resulting in a reduced overall trajectory deviation (Fig. 7D). 
To visualize cocontraction active modulation across different ter-
rains, see movie S2. To focus on the contribution of cocontraction to 

adapt the motor behavior to different terrains, we disabled cerebellar 
adaptation in these experiments. With cerebellar adaptation enabled, 
the cerebellum would gradually absorb the cocontraction contribu-
tion, resulting in a progressive reduction in the cocontraction level 
and error convergence to lower values (fig. S8).

Last, we tested the differentiation of compliant and robust behav-
ior depending on the direction of motion. This was allowed by joint-
specific cocontraction; perturbations in one direction were allowed 
by maintaining low cocontraction in specific joints, whereas pertur-
bations in another direction were rejected by triggering a cocontrac-
tion increase in other joints. We differentiated between frontal and 
lateral motion of the end effector. The T-shaped trajectory and the 
robot arm configuration determined that frontal motion resulted 
from the action of joints j2, j4, and j6 and that lateral motion re-
sulted from the action of joint j1. For each terrain, we tested two 
behavior configurations (Fig. 7, E to G, and fig. S9): frontal robust-
ness and lateral compliance (WC-R = 1.0 for robust behavior at joints 
j2, j4, and j6, and WC-R = 0.0 for compliant behavior at joint j1) and 
frontal compliance and lateral robustness (WC-R = 0.0 for compliant 
behavior at joints j2, j4, and j6, and WC-R = 1.0 for robust behavior 
at joint j1). In both cases, joints j3 and j5 were set to robust behavior. 
In the first configuration, the robustness of joints j2, j4, and j6 al-
lowed the end effector to cover a larger distance in the frontal direc-
tion, and lateral motion was more constrained. In the second 
configuration, the robustness of joint j1 allowed the end effector to 
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Fig. 6. Application of the cerebellar solution learned for a specific cocontraction value to other cocontraction values while performing the circular trajectory. 
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c = x0, and then the cocontraction value was modified. (B) Application of the cerebellar solution learned for cocontraction x5 to both lower and higher cocontraction 
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the cerebello-muscular controller performed with c = x10, and then the cocontraction value was modified. In (A) to (C), cerebellar learning was disabled. (D) Entropy of 
the cerebellar (GC-PC) synaptic weights distribution (shown in black) after motor adaptation for each cocontraction value, correlated with the corresponding position 
MAE (shown in blue). MAE data (taken from Fig. 2G) show the mean, and error bars show the SD of the last 100 trials of the motor adaptation process (n = 100). (E) Linear 
regression of synaptic entropy measurements for those cocontraction values that showed a significant improvement in position MAE (statistical significance of position 
MAE taken from Fig. 2G). Dashed lines in (D) and (E) were included as guides to the eye.
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Fig. 7. Active modulation of cocontraction across unknown terrains. (A) Compliance priority and robustness priority modes performing in 2% XG and (B) 6% XG. (i) 
Position MAE as the robot end effector is submerged in the viscous fluid. (ii) Cartesian path described by the submerged end effector (density of 50 trials shown). The T-
shaped trajectory follows the point sequence A, B, C, B, D, B, A. (iii) Mean cocontraction per trial as the end effector is submerged in the viscous fluid. (iv) Joint cocontrac-
tion per trial with submerged end effector (line shows the mean, and shading shows the SD during the first 50 s, sampling every 2 ms). (C) Joint cocontraction across 
terrains in compliance priority and robustness priority modes. Data correspond to the first 50 s with the end effector submerged, sampling every 2 ms (cocontraction from 
all joints is considered). Boxplots cover from the first to the third quartile, with a line drawn at the median; whiskers extend from the box limits to the farthest data point 
within 1.5 times the IQR. (D) Position MAE in compliance priority and robustness priority modes across all terrains. Data show the mean, and error bars show the SD of 50 
trials (n = 50) with the end effector submerged. (E) Differentiated motor behaviors depending on the direction of motion in 2% XG and (F) 6% XG. (i) Cartesian path de-
scribed by the submerged end effector (density of 50 trials shown). (ii) Joint cocontraction per trial with the end effector submerged (line shows the mean, and shading 
shows the SD during the first 50 s, sampling every 2 ms). Two motor behaviors were differentiated: frontal robustness and lateral compliance; lateral robustness and 
frontal compliance. (G) Distance covered by the end effector in the frontal and lateral directions across terrains for both motor behaviors. Data show the mean, and error 
bars show the SD of distance covered per trial by the submerged end effector (n = 50 trials). (H) End effector submerged in 2% XG and 6% XG.
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cover a larger distance in the lateral direction, and frontal motion 
was more constrained (Fig. 7G).

DISCUSSION
Robots operating in unstructured scenarios face time-changing physi-
cal interactions with the environment, other robots, and/or humans 
(physical HRI). Fine interactions with the physical world require ad-
justable robot motor behavior to ensure stability; a trade-off between 
performance and safety requirements must be reached (72). For in-
stance, contact with an unknown surface requires the robot to adjust 
its stiffness to maintain stability. Similarly, interactions with another 
agent, such as during a handover, require the robot to adapt to the 
other’s actions and consequences. During physical HRI, low robot 
stiffness facilitates the human to freely drive the robot; high stiffness is 
beneficial when the robot is demanded to perform with high accuracy 
in free space or a soft, controlled environment. Such an adaptive motor 
behavior has been mastered in nature through the combination of the 
CNS and body biomechanics (12), providing the right balance be-
tween precision and flexibility for fine interactions. Biological motor 
behavior must be understood from a neuromechanics integrative view 
that can lead to advanced control solutions for robotics (73). Within 
this integrative scope, we mimicked this evolutionary solution by 
combining a cerebellar SNN with synaptic plasticity and a muscle 
model that includes an SC-reflex mechanism, cocontraction, and me-
chanical viscoelasticity. This integration built our cerebello-muscular 
torque controller, enabling adjustable robot behavior to meet task re-
quirements: regulation of performance accuracy and robustness/softness 
to external perturbations. The muscle model tunable cocontraction 
allowed modification of the muscle dynamics, consequently changing 
the robot stiffness and adjusting its motor behavior. The cerebellar 
SNN provided the required motor adaptation to command the mus-
cles and drive the robot toward its motor goal despite dynamic chang-
es. We validated the cerebello-muscular torque controller through a 
motor control benchmark comprising various trajectories at different 
speeds, external perturbations, and operation across unknown terrains.

The CNS can facilitate movement accuracy by increasing muscle 
cocontraction, as demonstrated by previous studies wherein cocon-
traction reduced trajectory variability and tracking error in human 
arm goal-directed movements (28–30). In our robotic setup, the in-
crease in cocontraction reduced the trajectory variability and track-
ing error, thus validating the application of muscle cocontraction to 
enhance robot performance accuracy. However, there is a limit to this 
improvement of performance accuracy: There exists a finite range 
beyond which increasing cocontraction does not improve perfor-
mance accuracy. The effective cocontraction range depends on the 
nature of the movement (trajectory and speed of motion); cocontrac-
tion requires proper modulation rather than reckless increase.

Another feature of biological cocontraction is that it strengthens 
joint stiffness (29, 30). It is a means to modulate the mechanical im-
pedance of the body and adjust motor behavior to the environment 
(38), facilitating dynamic stability (74) and calibrating the kinemat-
ic deviations induced by external perturbations given that higher 
cocontraction allows smaller deviations under external forces (61). 
In robotics, this adjustable behavior is addressed by variable imped-
ance control. Research efforts have been devoted to varying the ro-
bot impedance during task execution and enabling operation across 
unknown environments. However, the proposed solutions usually 
face the following limitations (42): Traditional variable impedance 

control relies on accurate dynamic models, which are often non-
trivial; unknown environment properties can be compensated for 
using complex sensing capabilities but at the cost of reducing gener-
alization of these solutions to diverse robots; and learning-based 
strategies can circumvent the need for analytical modeling but usu-
ally depend on specific cost functions and policies for each desired 
motor behavior.

Apart from variable impedance control, other approaches ad-
dress a continuous spectrum of motor behavior. That is the case of 
unified admittance-impedance control, in which the causality of the 
controller varies depending on the circumstances: Impedance cau-
sality (motion inputs and force outputs) is generally better suited for 
interactions with stiff environments, and admittance causality (force 
inputs and motion outputs) is better suited for interactions with soft 
environments (40, 75, 76). Analytical constraints have usually lim-
ited the proposed solutions, and future work is expected to expand 
these approaches to nonlinear, coupled, multi-DOF robots (75–77). 
Here, we adopt impedance causality from a neuromechanics per-
spective and experimentally validate our cerebello-muscular torque 
controller using a six-DOF robot with nonlinear joint dynamics.

The original impedance control method already proposed bio-
logical muscle redundancies as a solution to modulate mechanical 
impedance without requiring feedback (40). To modulate physical 
interactions, humans regulate limb stiffness to reduce the depen-
dency on reliable feedback (45). Following that approach, we used 
muscle cocontraction to regulate the robot stiffness and enable a 
continuous spectrum of adjustable robot motor behavior: Low and 
high cocontraction allowed for soft and robust behavior against ex-
ternal perturbations, respectively. In addition, by including the cer-
ebellar SNN, we could also address the nonideal effects of nonlinear 
dynamics and communication delays, a challenge for the unified 
admittance-impedance control (78), which cerebellar SNN robot 
control inherently copes with (9,  10). Our neuromechanics ap-
proach presents a model-free solution, in which impedance is ad-
justed through muscle activity and integrated as part of the whole 
system dynamics; cerebellar adaptation acquires the robot and mus-
cle dynamics as a whole. Our control approach does not require 
separate control laws for robot dynamics and desired impedance, 
unlike other solutions that implement individual control laws for 
each (79).

Our cerebello-muscular torque controller improved performance 
accuracy and modulated the motor behavior through subtle changes 
in the output commands, and it demonstrated a suitable comple-
mentarity between the cerebellar slower motor control and the mus-
cular faster motor behavior. Thus, our controller draws another 
parallel with biological motor control, in which the mechanical 
properties of muscles and cocontraction allow for inducing substan-
tial changes in behavior by small shifts in the motor commands aris-
ing from neural circuitry (12).

Studying the synaptic weight distributions of the cerebellar learned 
solutions elucidated the cocontraction effects on cerebellar learning. 
Results showed that the higher the cocontraction was, the lower the 
entropy of the cerebellar GC-PC synaptic weight distribution; high co-
contraction levels led to simpler learning computational requirements. 
This finding is aligned with biological evidence that demonstrates that 
cocontraction facilitates acquisition of internal models and that it is 
observed in early stages of learning and then gradually reduced as 
learning progresses and stabilizes (68,  70). In a previous study, we 
showed that the SC facilitates cerebellar motor learning (56), echoed in 
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the present work where the cocontraction increase implied higher SC 
contribution through stretch reflex. The cerebellar solution acquired 
for a given cocontraction level could be effectively applied to control 
the robot under higher cocontraction levels. Thus, motor adaptation 
to low cocontraction allowed our cerebello-muscular torque controller 
to seamlessly transition to higher cocontraction levels. This transition 
enabled a continuous spectrum of robot motor behavior, with soft and 
robust motor behaviors at opposing ends of the spectrum. This finding 
also implied a reduction in the operation time required for training: 
Motor learning can be conducted at low cocontraction, which will also 
allow performance at high cocontraction without requiring specific 
training. This is a desirable feature for learning-based methods, which 
can compensate for inaccurate modeling but usually at the cost of ex-
tensive training and data inefficiency (42) and typically relying on spe-
cific cost functions to achieve different motor behaviors (80).

Furthermore, the seamless transition between cocontraction lev-
els enabled the active modulation of cocontraction depending on 
the terrain and task requirements. Following natural biological 
motor behavior (low cocontraction motion in free space and cocon-
traction increase to counteract perturbations), our neuromechanics 
approach modulates cocontraction to adapt the robot behavior to 
unknown terrains; the greater the motion constraint imposed by the 
terrain was, the higher the cocontraction increase and subsequent 
robot stiffness. In addition, our cocontraction adjustment strategy 
strictly adhered to the definition of impedance itself (acceptance of 
motion inputs and response as force outputs) and relied solely on 
position feedback. This contrasts with variable impedance solutions 
that rely on contact force sensing capabilities or prior knowledge of 
the environment characteristics (79, 81). Other variable impedance 
solutions mimic human stiffness regulation through more complex 
and specific hardware, such as leader-follower motion-tracking sys-
tems or electromyography sensors (82,  83). Our solution directly 
equips the robot with muscle dynamics to mimic the human behav-
ior, thus rendering robot control independent of external operation 
or devices. The implemented strategy allowed for a continuous spec-
trum of robot motor behavior with low technical requirements, sim-
plifying its implementation and application to other robots.

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

Muscle actuation not only poses some challenges for motor con-
trol (nonlinearities and higher dimensionality of the control signals) 
but also presents many benefits (self-stability, computational load 
reduction, and stiffness modulation through cocontraction) (22–
24, 26, 27), and it has inspired hardware-based solutions for robot 
control (32–34). Here, we have enlarged the family of muscle-
inspired solutions by integrating a software-based muscle model 
and a cerebellar SNN, which tackles the challenges and harnesses 
the benefits of muscle-like actuation. The robot was driven through 

torque commands; however, the deployment of our solution might 
as well be feasible using other approaches such as torque estimation 
from current sensing. Further improvement of the model could also 
be achieved by incorporating more intricate SC circuits that have 
been shown to facilitate cerebellar learning (56) beyond the SC-
based reflex presented in the current model.

Our benchmark demonstrated the core features of our neurome-
chanics approach, with potential applications in physical HRI sce-
narios. For example, rehabilitation assistance robots should provide 
motor guidance and movement resistance tailored to the patient’s 
recovery needs (84). During initial recovery stages, the robot could 
prioritize accuracy to assume higher motor responsibilities and 
guide the patient’s movement and then shift to compliance priority 
to promote the patient to lead the motion as recovery progresses. 
For movement resistance, the robot stiffness could be adjusted de-
pending on the therapy demands. In addition, feedback from the 
neuromechanics controller could inform the therapist about the pa-
tient’s progress. Another example is household robots that must pri-
oritize human safety when interactions occur (85) but, at the same 
time, be able to perform tasks that require accuracy and/or varying 
stiffness, for instance, different stiffnesses for cleaning or polishing 
different surfaces. Beyond HRI, neuromechanics approaches could 
also facilitate locomotion across unstructured terrains; adjustable 
stiffness is key for successful animal locomotion across various ter-
rains (86). The easy implementation of our approach could allow 
robots to directly benefit from this biological feature and enable 
stable locomotion in varying environments (87, 88).

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

MATERIALS AND METHODS
Objective and study design
We explored the applicability to robotics of a fundamental feature of 
biological motor control: variable muscle cocontraction to adjust 
motor behavior in terms of performance accuracy and compliance. 
To that end, we merged a cerebellar SNN model equipped with syn-
aptic plasticity, a muscle model incorporating both active and pas-
sive muscular properties, and a torque-controlled six-DOF robot 
(Baxter). The combination of these three components constituted 
our cerebello-muscular robot control loop. The integration used the 
Robot Operating System (ROS), which facilitated modularity (89). 
The following sections provide further details on the specifics of 
these elements.

The muscle model
The muscle model was derived from Ekeberg’s original muscle im-
plementation, which modeled the mechanical forces induced by the 
muscles of swimming fish (46) and was later adapted to robot control 
for undulatory swimming research (48). These previous implemen-
tations modeled an antagonistic muscle pair (the model comprised a 
flexor and an extensor muscle) and accounted for the viscoelastic 
properties of muscles, approximated as linear spring dampers. We 
extended Ekeberg’s model to introduce an adjustable cocontraction 
term and an SC-based reflex component. In our muscle model, the 
resulting output torque (τ) was given by the following:
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where j ∈ [1, 6] stands for the joint index; αj corresponds to the 
muscle activation gain of each joint; AF,j and AE,j are the cerebel-
lar muscle activation commands for flexion and extension, re-
spectively; RSC,j is the SC-based reflex component; βj is the 
muscle stiffness gain; cj stands for the cocontraction level; γj is 
the muscle tonic stiffness; θr,j is the joint resting position; θa,j is 
the joint actual position; δj stands for the damping coefficient; 
θ′a,j is the joint velocity; and t stands for time (sampling in time 
steps of 2 ms). Please refer to the Supplementary Materials (table 
S1) for the values of each muscle parameter. The SC-based reflex 
component was determined by the cocontraction level (c) and 
the mismatch between the desired and actual joint positions (θd 
and θa). It was saturated when the mismatch exceeded the maxi-
mum allowed deviation (Δθmax = 0.35 rad for all joints). The adjust-
able cocontraction level established a baseline muscle activation 
in both flexion and extension direction of movement; AF and AE 
became (AF + c) and (AE + c). Varying the c values across a wide 
range adjusted the muscle dynamics, resulting in different motor 
behaviors.

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

The reflex component (RSC), defined in Eq. 2, operated as a spinal 
stretch reflex on the basis of the equilibrium point (EP) hypothesis 
(90, 91). The stretch reflex responds to changes in muscle length de-
tected by muscle spindles. In our model, the reflex responded to 
changes in joint position, which can be derived from muscle length 
(92, 93). Our EP shifted around the desired position (62), thus en-
abling goal-directed movements and reproducing SC functionality 
(92, 94). In the EP hypothesis, the CNS specifies the threshold of the 
spinal stretch reflex (61), found to be modulated by descending sig-
nals during voluntary movements (95–97). In our model, the reflex 
was modulated by the cocontraction level, which has been modeled 
together with the EP hypothesis to compensate for loads during arm 
movements (62).

The muscle elastic component drove each joint toward its resting 
position. The arm resting position was defined as the joint configu-
ration at which, once settled, zero torque did not induce any robot 

motion (see fig. S12 for an illustration of the robot resting position). 
From Eq. 1, the elastic component was characterized by

Last, the viscous component was determined by the joint velocity 
and the muscle damping coefficient. From Eq. 1, it was charac-
terized by

Further analysis of the muscle components is illustrated in fig. 
S10, highlighting the contribution of each muscle component through 
ablation experiments. Ablation of the SC-reflex component deterio-
rates performance accuracy and facilitates output torque convergence 
because the controller lacks the reflex fast corrective term, which 
helps improve accuracy but can cause early-stage oscillations. Abla-
tion of the elastic component slightly improves performance accura-
cy, given that the controller no longer needs to compensate for the 
elasticity pulling the arm to its resting position. Ablation of the vis-
cous component leads to oscillations and deteriorates performance 
accuracy because of the lack of damping response.

Active modulation of cocontraction
Active modulation of the cocontraction level was joint specific; it 
depended on deviations from the desired joint trajectory, and it was 
based on a weighted trade-off between compliance and accuracy. 
Cocontraction was dynamically adjusted as follows:

where j ∈ [1, 6] stands for the joint index; cj stands for the joint 
cocontraction; WC-R,j ∈ [0.0, 1.0] stands for the joint compliance-
robustness weighted priority, with WC-R,j = 0 defining the compli-
ance priority mode and WC-R,j = 1 defining the robustness priority 
mode; and θd,j and θa,j are the desired and actual joint positions, re-
spectively (t stands for time). The resulting cocontraction value was 
constrained to the range [0.0, 10.0] and then normalized within the 
range [0.0, 1.0] before entering the muscle model equation (cocon-
traction ranging from x0 to x10).

The cerebellar model
The cerebellar SNN, built on previous works (9,  10,  56), is derived 
from the Marr-Albus-Ito cerebellar theory (50–52), which established 
the foundation for supervised motor learning in the cerebellum (53). 
The cerebellar network comprised 16,374 neurons distributed across 
five neural layers that were divided into six microcomplexes each (98). 
These microcomplexes processed the sensorimotor data related to 
each of the six DOF of the robot. The intricate cerebellar network or-
chestrated, via neural adaptation, the translation of sensorimotor in-
formation into coordinated muscle activation commands for the 
robot movement.

The implemented cerebellar neural layers were the following: 
mossy fibers (MFs), GCs, PCs, climbing fibers (CFs), and deep cer-
ebellar nuclei (DCNs) (refer to the Supplementary Materials for the 
cerebellar neural network topology). The MFs (168 neurons) en-
coded the robot sensory information (desired and actual state of the 
joints) as afferent projections to the cerebellum, which formed excit-
atory synapses with the GCs. The GCs (14,406 neurons) univocally 
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)

+RSC,j(t)+βj

(
AF,j(t)+AE,j(t)+2cj(t)+γj

)
(
θr,j−θa,j(t)

)
+δjθ

�
a,j
(t)

(1)

RSC,j(t)=

⎧
⎪⎨⎪⎩

αjcj(t)

�
θd,j(t)−θa,j(t)

Δθmax

�
if
�
θd,j(t)−θa,j(t)

�
<Δθmax

αjcj(t) if
�
θd,j(t)−θa,j(t)

�
≥Δθmax

(2)

αj
(
AF,j−AE,j

)
(3)

βj

(
AF,j+AE,j+2cj+γj

)(
θr,j−θa,j

)
(4)

δjθ
�
a,j (5)

cj(t) = 20
(
WC−R,j

)3
⋅

∣θd,j(t) − θa,j(t)∣

e−2WC−R,j

(6)

D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 25, 2026



Abadía et al., Sci. Robot. 10, eadp2356 (2025)     22 January 2025

S c i e n c e  R o b o t i c s  |  R e s e ar  c h  A r t i c l e

15 of 19

recoded the received sensory input (99), which was then transmit-
ted through excitatory connections to the PCs (600 neurons). The 
PC layer also received excitatory inputs from the CFs (600 neurons), 
which conveyed an instructive signal per joint that represented the 
mismatch between the desired and actual joint state. The PC layer, in 
turn, projected inhibitory connections to the DCN layer (600 neu-
rons), which also received excitatory synapses from MFs and CFs. 
Last, the DCN activity provided the cerebellar efferent projections, 
delivering the agonist-antagonist activation commands (AF and AE) 
to the muscle model for flexion-extension control. To differentiate 
between flexion and extension control, the DCN layer maintained 
separate agonist-antagonist subpopulations, thus allowing each mi-
crocomplex to generate the two output signals for the correspond-
ing joint: The agonist DCN subpopulation generated the flexion 
activation command (AF); the antagonist subpopulation generated 
the extension activation command (AE).

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

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

where β = −0.0008 nS denotes the synaptic weight decrement; tCF is 
the arrival time of a CF spike; k(x) defines an integrative kernel, 
where dk = 120 ms established the kernel width; and φLTD = 150 ms 
is the kernel eligibility trace peak, which establishes that the synap-
tic weight decrement is maximum for the GC spikes received φLTD 
ms before the arrival of a CF spike [for x = φLTD; k(x) = 1]. This in-
terplay between LTP and LTD temporally correlated the instructive 
signal (CF activity) with the previous sensory state (GC activity).

The regulation of the GC-PC synaptic distribution, in turn, mod-
ulated the cerebellar efferent projections; the inhibitory action of 
PCs on DCN neurons shaped the cerebellar output commands. The 
cerebellar output commands arose from DCN activity: Each DCN 
microcomplex generated the joint agonist-antagonist pair of output 
activation commands (AF and AE). These commands were comput-
ed from the DCN activity as follows:

where j ∈ [1, 6] stands for the joint index; i is the DCN neuron index 
within the microcomplex, which was halved in agonist (i ∈ [1, 50]) 
and antagonist subpopulations (i ∈ [51, 100]); Tstep is the 2-ms dura-
tion of a time step; δDCN is the Dirac delta function of a DCN spike; 
DCNAG and DCNANT are the agonist and antagonist outputs of the 
microcomplex; αj = [0.75, 1.0, 0.375, 0.5, 0.05, 0.05] defines an out-
put gain to weigh each joint relative position and mass; and Mj = 
[15.0, 25.0, 9.0, 12.5, 1.8, 1.0] is a normalization factor used to nor-
malize DCNAG and DCNANT within the range [0, 1] (DCNAG and 
DCNANT saturated to 1.0). The DCN agonist and antagonist outputs 
were then filtered (mean filter of size 21), providing AF and AE per 
joint to command the muscle model.

Please refer to the Supplementary Materials for a comprehensive 
understanding of the implemented leaky integrate-and-fire neuron 
model (100), the translation process from the robot analog domain 
to spiking neural activity, and the computation of the cerebellar in-
structive signal. Further details can also be found in (9, 10, 56), from 
which this model was built on.

The robot
We used the Baxter robot (49) as the front-end body of our cerebello-
muscular control loop. Baxter is a collaborative robot equipped with 
two arms and series elastic actuators and allows for torque control 
(101). Our benchmark involved six DOFs of Baxter’s right arm (fig. 
S12). Baxter is known for its accuracy limitations, which are further 
highlighted when working at high speed (102, 103). We used the factory-
default position controller as a baseline to define appropriate perfor-
mance for the robot in use. The factory-default position controller is 
the position control method provided by the manufacturer. In posi-
tion control mode, a position command (desired position coordinate 
for each joint) is directly sent to the robot, which internally handles 
the application of the desired position through the factory-default po-
sition controller. Parameterization of this internal controller is not 
provided by the manufacturer. For a computational complexity analy-
sis, please refer to the Supplementary Materials.

The motor control benchmark
The motor control benchmark aimed to capture the complex dy-
namics of the six-DOF robot arm, including nonlinearities and joint 
interaction forces. We designed a set of sinusoidal-like and bell-
shaped joint trajectories (position and velocity coordinates) per-
formed at different speeds (104, 105). This set of trajectories provided 
three different desired paths for the end effector to follow: a circular 
trajectory performed in the vertical plane, a figure-eight trajectory 
performed in the horizontal plane, and a T-shaped trajectory 
performed in the horizontal plane. Please refer to the Supplemen-
tary Materials for detailed descriptions of the joint coordinates 

LTP ΔwGCj−PCi
(t) = α ⋅ δGC(t) ⋅ dt (7)

LTD ΔwGCj−PCi
(t) = β ⋅

tCF

∫
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corresponding to each motor task. To evaluate the response to exter-
nal perturbations, we attached a 0.5- and 1.0-kg payload to the end 
effector during the circular and figure-eight trajectories, respectively. 
To test cocontraction across different terrains and to assess the active 
modulation of cocontraction, we submerged the end effector in flu-
ids of different viscosity while performing the T-shaped trajectory. 
The terrains consisted of an aqueous solution of XG at different con-
centrations. The rheological properties of XG allowed us to cover a 
wide viscosity range (71).

The fluid viscosity was measured using a Haake MARS III 
controlled-stress rheometer (Thermo Fisher Scientific, Waltham, 
MA, USA) equipped with a concentric cylinder geometry. For each 
terrain, three repetitions of the viscosity measurement were taken to 
ensure the accuracy and reliability of the results (fig. S11 and 
table S9).

Performance accuracy metric
The performance accuracy was determined by the difference be-
tween the desired and actual trajectories. At each time step, we mea-
sured the difference between the desired and actual joint positions 
(θd and θa) and computed the average difference through the dura-
tion of the motor task. The accuracy of a motor task trial, measured 
as the position MAE, was given by the joint average error as follows:

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

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

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

RPA metric
The assessment of RPA was based on the different behaviors result-
ing from the varying level of cocontraction. These differences were 
observed through the robot response when attaching a payload to 
the end effector (0.5 kg for the circular trajectory; 1 kg for the figure-
eight trajectory). We measured the difference in robot performance 

before and after attaching the payload for each cocontraction value. 
This difference was defined as the payload-induced deviation, ΔMAE, 
and was calculated as follows:

where MAEpost-payload and MAEpre-payload were given by the mean 
position MAE obtained from 100 trials performed with and with-
out the payload, respectively. On the basis of the deviations induced 
by the payload in each motor task scenario, we defined our RPA 
metric. A hypothetical deviation of 0.0 rad (ΔMAEmin) would indi-
cate the most robust robot response to the perturbation, thus cor-
relating to the highest RPA = 1.0. Conversely, the greatest deviation 
(ΔMAEmax) found experimentally within the cocontraction range 
indicated the softest robot reaction to the perturbation, thus corre-
lating to the lowest RPA = 0.0. We obtained a normalized RPA value 
from the deviation allowed by each cocontraction value, ΔMAE, 
as follows:

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

where kp,j and kd,j are the proportional and derivative gain of each 
joint, respectively, and the rest of the muscle components remain 
the same as for the cerebello-muscular controller. Please see table S5 
for the PD gains for each trajectory. When testing the reaction to the 
0.5-kg payload while performing the circular trajectory, we also 
tested a PD with higher gains governing the muscle dynamics (fig. 
S5). Please see table S6 for the higher PD gains for the circular tra-
jectory. To further contextualize our solution, we also tested direct 
PD control without muscle dynamics (fig. S5) using three different 
PD controllers (v1, v2, and v3) performing the circular trajectory. 
Please see table S7 for the PD gains of the three different direct PD 
controllers.

Evaluation of the cerebellar learned solutions
To evaluate the cerebellar learned solutions, we measured the com-
plexity of the GC-PC synaptic weight distribution acquired after 
motor adaptation for each cocontraction value. The 14,406 GC neu-
rons innervated the 600 PC neurons in an all-to-one manner; each 
PC received an excitatory synapse from every GC. Therefore, the 
synaptic weight distribution of the GC-PC layer was represented 
by a matrix (WGC-PC) of size I x J, with I = 14,406 and J = 600 for 
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the total number of GC and PC neurons, respectively. Each cell in 
the matrix stored the synaptic weight (w) between GCi and PCj 
as follows:

Once the synaptic weight distribution matrix for each cocontrac-
tion value was obtained, we applied Shannon’s entropy using a Py-
thon library (106). The entropy value provided a quantifiable metric 
of the complexity found in each GC-PC synaptic weight distribution 
(56). Higher entropy values indicated greater complexity within the 
obtained cerebellar solution.

Statistical analysis
Statistical significance presented in Figs. 2 (G and H), 3, 4 (B, D, F, H, 
and J), and 7 (C and D) was obtained by comparing the samples of 
consecutive cocontraction values using Welch’s t test (107) implemen-
tation in the SciPy open-source software (function scipy.stats.ttest_
ind) (108). The figures display the P values (*) below the threshold 
indicated in the figure legend, except for Fig. 7 (C and D), in which 
the P values greater than the threshold are displayed for visual sim-
plicity of the figure. The boxplots in Fig. 7C cover from the first to the 
third quartile, with a line drawn at the median (cocontraction from all 
joints was considered); whiskers extend from the box limits to the far-
thest data point within 1.5 times the interquartile range (IQR).

Supplementary Materials
The PDF file includes:
Methods
Tables S1 to S9
Figs. S1 to S12
Results
Legends for movies S1 and S2
References (109–114)

Other Supplementary Material for this manuscript includes the following:
Movies S1 and S2
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