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E N G I N E E R I N G

Muscle coactivation-inspired stiffness-driven control 
strategy for antagonistic soft robots
Jie Pan†, Tianyu Chen†, Junwei Li, Yifan Wang*

Soft robots excel at safe and adaptive interaction but are often constrained by limited load capacity and manipula-
tion precision. Antagonistic soft actuators offer a promising route to address these challenges by coupling actua-
tion with variable stiffness, inspired by biological systems such as elephant trunks and octopus tentacles. However, 
existing control strategies largely treat stiffness as a passive mechanical property, whereas those that incorporate 
stiffness regulation typically rely on analytical models, limiting their deployment in soft robots with difficult-to-
model dynamics. Here, we introduce a muscle coactivation-inspired, data-driven control strategy that explicitly 
integrates motion control with stiffness modulation, enabling precise and robust control without reliance on ana-
lytical models or system-specific tuning. The robot requires only minutes of learning from simple motions to ac-
quire diverse functionalities, including grasping, stiffness sensing, liquid pumping, and reconfigurable bridging. 
By explicitly harnessing stiffness regulation, this work establishes a general and scalable control paradigm that 
expands the functional scope of antagonistic soft robots beyond passive compliance.

INTRODUCTION
Soft robots have attracted considerable attention due to their inherent 
flexibility, which enables remarkable adaptability and safety in diverse 
environments. However, this flexibility often comes at the cost of re-
duced load-bearing capacity and limited manipulation precision. To 
address these limitations, researchers have developed antagonistic 
soft robots (1–4), where sets of opposing actuators enable both defor-
mation and tunable stiffness, allowing transitioning between soft and 
rigid states. This advancement has substantially broadened the appli-
cations of soft robots, from manipulators (5–7) and assistive gloves 
(8–10) to grippers (11–13) and bionic fins (14–16). Moreover, antago-
nistic actuation empowers robots to navigate complex terrains with 
enhanced adaptability and then stiffen to support loads upon reach-
ing their destination (17). Despite substantial progress in design and 
functionality, precise motion control remains a critical challenge for 
these systems. The ability to accurately manipulate objects and main-
tain precise movement under variable stiffness is essential for fully 
developing the potential of antagonistic soft robots across a wide 
range of applications.

Existing antagonistic soft robots primarily rely on two actuation 
mechanisms: tendon-driven antagonism (11, 18, 19) and fluid-driven 
antagonism (7, 20, 21). In these systems, differential antagonistic in-
puts enable actuation, while increasing the combined magnitude of 
these inputs enhances stiffness (22). Although stiffness can be mod-
eled as a linear combination of internal antagonistic inputs (23–26), 
and predefined models (17, 27) that incorporate stiffness as part of 
the system state allow for the simultaneous control of position and 
stiffness, current implementations remain heavily dependent on these 
predefined models. Moreover, these predefined models require real-
time stiffness state measurement and sensing, which poses a notable 
challenge in real-world applications (28). Addressing these limita-
tions is essential for achieving precise manipulation and unlocking 
the full capabilities of soft antagonistic robotics in complex and dy-
namic environments.

To address these challenges, we draw inspiration from biological 
muscle systems, particularly in human arm movements, and incor-
porate modern data-driven methodologies. Previous studies have 
revealed that increased muscle coactivation enhances motion accu-
racy in human (29–34). During arm movements, the central ner-
vous system increases limb stiffness when higher spatial accuracy is 
required, even in the presence of destabilizing forces (29). Numeri-
cal simulations and experimental studies have further demonstrated 
that coactivation of antagonistic muscle pairs around joints notably 
improves the accuracy of reaching movements (30, 31). These find-
ings suggest that the central nervous system uses muscle coactiva-
tion as a strategy to increase joint stiffness, thereby enhancing limb 
stability and movement precision (32–34). On the basis of these 
observations, Fig. 1A illustrates an analogy between human neuro-
muscular control and antagonistic soft robot control using represen-
tative tasks such as pouring for the human arm and object grasping 
for the robot to highlight how stiffness regulation through antago-
nistic activation can progressively enable more accurate and robust 
task execution. This bioinspired perspective naturally calls for a con-
trol framework that can exploit stiffness regulation without relying 
on explicit mechanical modeling. The Koopman operator offers a 
data-driven modeling paradigm that does not rely on predefined sys-
tem models (35–37). By lifting the robot’s low-dimensional state 
space into a higher-dimensional Koopman space (38, 39), this ap-
proach enables a linear representation of inherently nonlinear sys-
tems. When integrated with model predictive control (MPC) (40–42), 
which efficiently manages system constraints such as stiffness limita-
tions, this strategy provides a robust solution for precise motion con-
trol of antagonistic soft robots.

In this work, we introduce a muscle coactivation-inspired, stiffness-
based, data-driven control strategy for antagonistic soft robots, 
enabling precise motion control and a wide range of versatile appli-
cations. We validate this strategy using an antagonistic soft robot fea-
turing a scale-inspired layered structure (43) as a case study. To further 
demonstrate generality, we also validate the proposed control strategy 
on a tendon-driven antagonistic soft robot. The proposed framework 
uses a Koopman-based MPC approach to solve optimization prob-
lems while incorporating stiffness constraints. The control mod-
el leverages decoupled bilinear Koopman dynamics, constructed 
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solely from state-input time series data. Motivated by experimental 
observations and supported by finite element (FE) analysis (Fig. 1B), 
we formulate a stiffness constraint to capture stiffness modulation 
commonly observed in antagonistic soft robots. This constraint 
does not rely on any explicit mechanical model and eliminates the 
need for real-time stiffness measurement during robot operation. In 

addition, we integrate a deep Koopman feedforward compensator 
to enhance response speed during large deflection motions. This 
stiffness-driven control strategy demonstrates superior overall per-
formance compared with open-loop control and stiffness-free meth-
ods across multiple performance metrics, as illustrated in Fig. 1C. We 
further validate its efficacy through diverse applications, including 

Fig. 1. Bio-inspired stiffness-driven control for antagonistic soft robots. (A) Bioinspired antagonistic control: mapping human motor strategies to soft robot control. 
Left: Using a pouring task as an illustrative example, the human upper limb demonstrates distinct muscle activation and coordination strategies, including unregulated 
activation without effective control, coordinated activation with limited stability, and antagonistic coactivation enabling stable and precise manipulation. Right: Analo-
gously, the antagonistic soft robot performing an object grasping task implements corresponding control paradigms, including open-loop control, stiffness-free control, 
and stiffness-driven control. Inspired by biological coactivation, stiffness-driven control regulates antagonistic activation to modulate effective stiffness, resulting in ro-
bust and accurate task execution. (B) FE simulation results of the robot’s performance. The surface plot shows the relationship between negative pressure inputs in both 
chambers, bending angle θ, and bending stiffness Kb. Color indicates bending stiffness levels, while contour lines represent bending angles. Insets demonstrate how 
similar bending angles (∼45°) can be achieved with different pressure combinations, resulting in varied bending stiffness values. (C) Comparisons of tracking accuracy, 
disturbance rejection, vibration suppression (low deflection), response speed (high deflection), and cross-configuration capability for open-loop control, stiffness-free 
control, and stiffness-driven control methods. A quantitative description of these performance metrics is provided in note S1.
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functioning as a soft gripper, stiffness sensor, liquid pump, and re-
configurable bridge. Unlike traditional approaches that rely on tar-
geted and complex modeling (44–46), our strategy can be applied to 
antagonistic soft robots exhibiting stiffness-activation coupling with-
out requiring intricate analytical models, highlighting its versatility, 
robustness, and potential to advance the field of soft robotics.

RESULTS
Design and characterization of the antagonistic soft robot
Antagonistic soft robots typically consist of two opposing actuators, 
with their functionality relying on the ability to deform by actuating 
one single side while increasing stiffness through simultaneous acti-
vation of both sides. In this study, we create an antagonistic robot 
based on the scale-inspired layered structure (43), as depicted in 
fig. S1. The robot comprises two back-to-back units of the layered 
structure, separated by a latex film. Additional latex films envelop 
the outer sides of both units, forming independent, airtight cham-
bers for actuation. An inertial measurement unit (IMU) is mounted 
at the end of the robot to record its bending angle. The scale-inspired 
layered structure consists of a base layer (yellow) and multiple scales 
(red), both incorporating programmed surface patterns. When neg-
ative pressure is applied to either side, the surface patterns engage, 
causing the robot to morph to a predefined shape while simultane-
ously increasing stiffness. This robot design is selected due to its 
dual capability of achieving controlled deformation and stiffness 
variation simultaneously.

A common limitation of single-channel soft actuators is the cou-
pling of deformation and stiffness. Antagonistic design addresses this 
constraint, enabling independent modulation of both deformation 
and stiffness. To evaluate the shape-morphing and stiffness variation 
capabilities of the antagonistic robot, we conducted FE simulations 
to characterize its deformation and stiffness under various negative 
pressure inputs (0 to 80 kPa) applied to both chambers (see Materials 
and Methods for simulation details). The negative pressures applied 
to the left and right chambers are denoted as PL and PR, respectively. 
The results, summarized in Fig. 1B, show the bending angle θ of the 
robot as a surface, with the colored heatmap indicating the corre-
sponding bending stiffness Kb. The simulations reveal that the an-
tagonistic robot achieves an 88-fold increase in bending stiffness, 
ranging from 0.02 to 1.79 Nm/rad. These results confirm the decou-
pling of deformation and stiffness in our design. To further illustrate 
this capability, we highlight two representative actuation states shown 
in the insets of Fig. 1B, both achieving a similar bending angle of 
∼45°. State 1 corresponds to single-side actuation, where only the left 
chamber is depressurized (16 kPa in the left chamber and 0 kPa in the 
right chamber), resulting in a stiffness of 0.18 Nm/rad. In contrast, 
state 2 uses dual-side actuation, with higher negative pressures in 
both chambers (80 kPa in the left chamber and 24 kPa in the right 
chamber), yielding a much higher stiffness of 1.56 Nm/rad. Despite 
similar postures, these two configurations demonstrate consider-
ably different stiffness values, validating the robot’s ability to actively 
modulate stiffness at a given deformation. In addition, the white con-
tour lines in Fig. 1B highlight that, at a fixed bending angle, the 
robot’s stiffness increases monotonically with the sum of negative 
pressures in both chambers.

This ability to achieve the same bending angle with different stiff-
ness levels is a fundamental characteristic of antagonistic soft robots 
with variable stiffness. However, this feature also introduces control 

challenges common to antagonistic soft robots, as it increases mo-
tion uncertainty. In addition, the pneumatic actuation typically 
results in notable system delays, which can hinder responsive op-
eration. Precise control at small angles presents another difficulty, 
as it requires highly fine-tuned input adjustments. These challeng-
es underscore the need for an advanced control strategy that not 
only addresses the inherent complexities of antagonistic soft ro-
bots but also fully capitalizes on their potential for versatile and 
precise operation.

Stiffness-based data-driven controller design
Our data-driven control strategy for antagonistic soft robots is illus-
trated in Fig. 2A and detailed in Materials and Methods. The process 
begins with collecting robot state data under various input series. 
These data are then used to construct Koopman dynamics, which pro-
vides a linear representation of the robot’s behavior by mapping the 
low-dimensional state space to a higher-dimensional Koopman space. 
This Koopman framework facilitates both state prediction (Fig. 2B) 
and controller design. The stiffness-based data-driven controller in-
corporates two key innovations. First, a feedforward compensator is 
introduced to enhance response speed during large deflections. This 
compensator predicts expected inputs based on target states and am-
plifies the inputs in high-deflection scenarios to mitigate motion 
uncertainty. Second, a decoupled bilinear lifting model expands the 
Koopman space by lifting each state-input series from the state space 
to the Koopman space, generating a lifting state. The lifting state, com-
bined with Koopman dynamics, is then used in a stiffness-driven 
solver to optimize input sequences. The solver includes a penalty term 
for the sum of inputs, reflecting the relationship between increased 
inputs and enhanced stiffness. Last, through continuous interaction 
between the robot’s state and the controller, the system achieves pre-
cise motion control. This comprehensive approach highlights the po-
tential of our strategy to expand the capabilities of antagonistic soft 
robots across diverse applications.

To quantitatively evaluate the performance of the proposed strat-
egy, we conducted real-time path-tracking experiments using the an-
tagonistic soft robot. The experimental setup is depicted in Fig. 2C. 
The input signal consisted of the duty cycles of the pulse width modu-
lation (PWM), which were proportional to the negative pressures ap-
plied to each chamber of the robot.

The experimental results are shown in Fig. 2D and fig. S2. The 
experiment included a three-stage path-tracking test: low deflection, 
medium deflection, and high deflection. Our approach was com-
pared with three other control strategies: proportional-derivative 
(PD), Koopman-based MPC (K-MPC), and reinforcement learning 
(RL) without stiffness considerations. Implementation details of the 
RL controller are provided in note S2. In the low-deflection scenario, 
PD, K-MPC, and RL all exhibit noticeable chattering, with average 
angular velocities of 2.09°, 3.45°, and 1.44°/s, respectively. In con-
trast, our method achieves smoother motion with an average angular 
velocity of 0.43°/s. Moreover, the average sum of inputs for PD, K-
MPC, RL, and our method are 1.41, 15.52, 45.45, and 157.22%, re-
spectively. A higher input sum correlates with increased stiffness in 
the antagonistic robot. The substantially higher input sum achieved 
by our method highlights its explicit consideration of stiffness during 
movement, enabling reduced chattering and improved precision in 
low-deflection path tracking. These findings demonstrate that incor-
porating stiffness into the control framework substantially enhances 
motion quality in soft robotic systems.
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Fig. 2. Data-driven control strategy for antagonistic soft robots: framework and experimental validation. (A) Control framework. Data collection of robot state-
input pairs is used to learn Koopman dynamics, which enable future state prediction. The predicted states are then exploited by a stiffness-based data-driven controller, 
incorporating a deep Koopman feedforward compensator, a bilinear lifting model, and a stiffness-driven solver. The controller operates in a closed loop with the robot 
to accomplish various tasks. (B) Koopman-based state prediction. The learned Koopman model is used to predict future robot states for control. (C) Experimental setup. 
(D) Real-time path tracking experiments. Tracking performance comparison among the proposed method, PD control, Koopman-based MPC, and RL-based controller. 
(E) Antidisturbance test. Tracking performance under external loads of 20 and 50 g while maintaining the bending angle at 20°. (F) Comparisons of the angular velocity 
(indicating chattering), the sum of inputs (reflecting stiffness), and the tracking error between our work and others. The results are normalized by the maximum value 
of each metric.
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In the high-deflection scenario, our method demonstrates supe-
rior tracking performance and faster response. The average tracking 
errors for PD, K-MPC, RL, and our method are 5.83°, 7.61°, 10.82°, 
and 2.96°, respectively. In addition, our method achieves an average 
response time of 2.09 s, outperforming PD (3.67 s), K-MPC (3.25 s), 
and RL (12.40 s). Across the entire three-stage path-tracking exper-
iment, the average tracking errors for PD, K-MPC, RL, and our 
method are 2.37°, 3.21°, 5.25°, and 1.58°, respectively. These results 
demonstrate the effectiveness of our approach in achieving a bal-
ance between fast response and robust performance across various 
deflection amplitudes. An ablation study, detailed in note S4 and 
quantitatively summarized in table S3, further clarifies the respec-
tive roles of the stiffness constraint and the feedforward compensa-
tor. The results indicate that the two modules play complementary 
roles within the proposed framework.

To assess the robustness of the proposed muscle coactivation-
inspired control method, we conducted experiments in which the 
robot was required to maintain a 20° bending angle under external 
perturbations. The results before and after attaching payloads of 
20 and 50 g are shown in Fig. 2E. The attached payload may cause 
the robot to respond differently under the same control input, there-
by introducing deviation from the nominal input-deformation rela-
tionship learned from the training data. Although these load-induced 
deviations can be partially mitigated by feedback control, PD con-
trol, K-MPC, and RL still show noticeable offsets from the target 
position after the payload is applied. The RL controller, in particular, 
exhibits persistent offsets under load because the policy is trained 
offline in a surrogate environment identified under nominal condi-
tions. This suggests that achieving stronger load robustness with RL 
would likely require a more accurate surrogate environment and 
richer training data that better capture load-dependent dynamics. 
In contrast, the proposed framework compensates for load-induced 
deviations through closed-loop state feedback and online reoptimi-
zation while also enhancing resistance to payload-induced defor-
mation through stiffness regulation. As a result, it produces the 
smallest deviation and tracking error under payload condition. The 
proposed method also maintains a consistently high sum of inputs 
before and after the payload is applied, demonstrating the ability 
of our muscle coactivation-inspired approach to provide enhanced 
stiffness during motion. An analysis of this load-induced deviation 
is provided in note S5.

We also conducted additional experiments to investigate heu-
ristic stiffness enhancement, as detailed in note S6, table S4, and 
fig. S4. In these experiments, we evaluated a fixed-input strategy, 
in which one actuator was held at a constant input level (1, 2, or 
5% PWM duty cycle) while the opposing actuator was controlled by 
PD and a symmetric preload strategy, in which both actuators were 
given the same antagonistic preload (10, 20, 50, or 100% PWM duty 
cycle), and the PD command was applied differentially to generate 
motion. A detailed definition of the PD controller is provided in 
Materials and Methods. These results indicate that, although mod-
erate heuristic stiffening can partially improve stability and distur-
bance rejection, excessive antagonistic input inevitably introduces 
clear compromises in tracking performance and response speed. 
In contrast, our approach systematically integrates stiffness regula-
tion into the control framework and, as shown in Fig. 2F, achieves 
superior overall performance, enabling robust stabilization without 
substantially sacrificing tracking accuracy across a wide range of 
motion amplitudes.

Application as a versatile gripper
Soft grippers represent a crucial application of soft robotics, with re-
cent studies highlighting the importance of variable stiffness for han-
dling both soft and rigid objects effectively (47–50). We therefore 
applied our proposed control strategy to a soft gripper to demon-
strate its effectiveness (Fig. 3). The gripper comprised three antago-
nistic actuators serving as its fingers, arranged 120° apart. To enhance 
its functionality, we integrated a perception module into the control-
ler based on input variation (see Materials and Methods for details). 
This module allows the gripper to sense object interaction through 
input changes, enabling the completion of various gripping tasks.

To evaluate the effectiveness of our approach in achieving precise 
motion control, we used the soft gripper to pinch a soft silicone ring 
(Fig. 3, A and B). The performance of our method was compared 
against direct actuation without control, where negative pressure 
was simply applied to one chamber of the robot. Without control, 
the silicone ring experienced notable deformation under the grip-
per’s force, as illustrated in the upper half of Fig. 3A. In contrast, our 
method achieved precise pinching with minimal deformation of the 
silicone ring (lower half of Fig. 3A). As shown in Fig. 3B, the pinch-
ing sequence consists of three phases: approach, touch, and grasp, 
with the grasp phase starting when all three soft arms make contact 
with the object.

The critical role of stiffness in grasping rigid objects is demonstrat-
ed by comparing the performance of our method with PD control 
(Fig. 3, C and D). During the test, the gripper was first commanded to 
bend each finger to an angle of 20° without contacting the object. Af-
ter lifting began at t = 20 s, no further input adjustment was made. 
The gripper was then lifted to perform a power grip on a rigid object 
(67 g), a method that relies on finger stiffness to lift the object rather 
than on the compression force against the object. The results show 
that PD control fails to achieve a power grip, whereas our method 
succeeds (Fig. 3C). Figure S7 depicts the bending angle of each finger 
of the gripper and the corresponding input variations. Notably, the 
input levels in our method are 17, 9, and 22 times higher than those in 
PD control for the three fingers, respectively. While the gripper is 
designed to be symmetric, the variations in input levels across the 
fingers arise from inherent inconsistencies in the manual assembly 
process of each finger’s layered structure.

To further quantify the gripping force, we conducted an experi-
ment using a universal testing machine (Mark-10 Corp) with the 
gripper attached and the object fixed to the ground. Each finger was 
bent to a designated angle (15°, 20°, 25°, or 30°) before attempting to 
grasp and lift the object, while the force-displacement curve was re-
corded. Our method considerably increases the maximum gripping 
force compared to PD control: by 391% at 15° bending angle, 177% 
at 20°, 58% at 25°, and 30% at 30° (Fig. 3E), respectively. These re-
sults demonstrate that our method enhances the gripper’s stiffness 
through increased input, thereby unlocking the potential of antago-
nistic robots as powerful and versatile grippers.

In addition, lightweight delicate objects can be challenging for 
soft grippers, as positioning variations and manufacturing imper-
fections may result in asymmetric force application, increasing the 
risk of the object tipping over during grasping. To further illustrate 
the proposed method in grasping lightweight delicate objects, we 
used a cup-shaped object weighing 17 g with a maximum cross-
sectional diameter of 64 mm (Fig. 3F). While direct actuation with-
out control was able to lift the object, it resulted in pronounced 
tipping. In contrast, our method successfully picked up the object 
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while maintaining it in a flat, stable position, even when the object 
was placed at the edge of the gripper’s reach, farthest from the center 
(Fig. 3, G and H). This comparison highlights the importance of ac-
tive control for grasping lightweight delicate objects in a stable and 
balanced manner. To quantitatively evaluate the performance and 
robustness of our method, we systematically varied the position of 
the object, placing it near individual fingers or between pairs of fin-
gers, and measured the resulting grasping angles of each finger, with 
the tested positioning and grasping configurations shown in fig. S8. 

The results across various scenarios demonstrate the ability of our 
method to apply balanced forces, adapting effectively to different 
object positions.

Because of these advantages, our stiffness-based control strategy 
enables the gripper to handle a wide variety of objects with varying 
stiffness, sizes, and shapes, as illustrated in fig. S9. The gripper dem-
onstrates its adaptability by successfully grasping soft items, such as 
a sponge and a cake, and stiffer objects, including an apple and a 
ping pong ball. It also maintains stable grasping performance for 

Fig. 3. Grasping performance of the soft gripper enabled by the data-driven control strategy. The gripper consists of three antagonistic robots spaced 120° apart. 
(A) Soft silicone pinching. Comparison between our method and direct actuation without control. (B) Angle changes in each finger during the pinching task, where the 
pinching sequence includes approach, touch, and grasp. (C) Rigid object grasping. Comparison between our method and PD control. (D) Comparison of the averaged 
angle tracking error of the three fingers. (E) Comparison of the maximum grasping force achieved at different bending angles. (F) Handling lightweight objects. Com-
parison between our method and direct actuation without control. (G) Finger bending angles for object placement near individual fingers. (H) Finger bending angles for 
object placement between finger pairs. In both (G) and (H), each triangle represents one of the tested object positions, with its three corners corresponding to the three 
fingers, and the arrows indicating the direction of finger movement. In (G), yellow, red, and purple triangles indicate placements near finger 1, finger 2, and finger 3, re-
spectively. In (H), the same colors indicate placements near the midpoints between finger 2 and finger 3, finger 1 and finger 3, and finger 1 and finger 2, respectively.
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relatively smooth-surface objects that are more prone to slipping, 
including a glass cup and two beakers of different sizes. For larger 
objects, such as a toolbox, the gripper initially extends outward to 
increase its effective span before performing the grasp. In addition, 
the gripper showcases versatility in manipulating hollow objects, 
such as a transparent box and a polylactic acid (PLA) sculpture, by 
hooking them from the inside. Detailed shape and weight parame-
ters for all test objects are provided in table S5.

Application as a stiffness sensor
Having established the fundamental principles and performance of 
our data-driven approach, we now showcase other versatile applica-
tions enabled by our stiffness-driven control strategy. One such ap-
plication is the use of the antagonistic robot as a stiffness sensor. 
As illustrated in Fig. 4A, the robot was mounted horizontally and 
used its precise motion control to measure stiffness, facilitating 

comparisons between various objects, including a silicone ring, a 
cotton bag, a sponge, and a PLA block. The robot followed a pre-
defined trajectory and then used its perception module to detect 
contact with an object. Upon contact, it continued its motion and 
evaluated the stiffness based on its own deformation. We computed 
the tracking error over the 4 s following contact, where contact was 
defined as the moment when the input variation reached 0.06%. The 
resulting value was used to rank the objects by stiffness. On the basis 
of our measurements, we establish the stiffness ranking in descend-
ing order: PLA block, sponge, cotton bag, and silicone ring. This 
application highlights the versatility of our stiffness-driven control 
strategy, enabling the robot to function as an effective stiffness sen-
sor capable of distinguishing materials with varying rigidity.

Building on these single-robot observations, we conducted mul-
tifinger stiffness sensing experiments during grasping tasks, with ob-
jects sorted according to their stiffness (Fig. 4B). In these experiments, 

Fig. 4. Stiffness-aware interaction and object sorting. (A) Single-finger stiffness sensing. Stiffness is inferred from contact-induced trajectory deviation during pre-
defined motion. (B) Stiffness sorting task. A three-finger robotic gripper ranks and sorts objects by stiffness (apple > EPE foam block > silicone ring).
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a three-finger gripper mounted on a robotic arm (Dobot CR3) first 
measured the stiffness of the objects and then grasped and transport-
ed them to a target location. The objects included a silicone ring, an 
expanded polyethylene (EPE) foam block, and an apple. As shown in 
Fig. 4B, the gripper first measured the stiffness of the silicone ring and 
placed it at the position representing the lowest stiffness. Next, the 
gripper measured the stiffness of the apple and compared it with that 
of the silicone ring, determining that the apple was stiffer. Conse-
quently, the apple was placed at the position representing an interme-
diate stiffness. The gripper then measured the stiffness of the EPE 
foam block and found that its stiffness was between that of the silicone 
ring and the apple. Therefore, the apple was moved to the position 
representing the highest stiffness, and the EPE foam block was placed 
at the intermediate stiffness position. Across three trials, the tracking 
errors for the silicone ring, EPE foam block, and apple are 2.38 ± 0.07°, 
2.66 ± 0.05°, and 3.12 ± 0.01°, respectively, confirming that our meth-
od enables stiffness-based object ranking during grasping.

Application as a liquid pump
In Fig. 5A, we demonstrated the versatility of our stiffness-driven 
control strategy by adapting the antagonistic robot to function as a 
liquid pump. To facilitate liquid transfer, we incorporated a slanted 
groove along the middle of the robot (see fig. S10B for design de-
tails). This configuration, combined with our control strategy, en-
ables the robot to overcome gravity and transport liquid from lower 
to higher elevations. The pumping cycle operated as follows: First, 
the robot bent downward to a bending angle of 37° to collect liquid. 
It then bent upward along a predefined trajectory at a rate of 3°/s 
until reaching a bending angle of 103° to complete a single liquid 
transport cycle. Subsequently, the robot bent downward along the 
same trajectory at an identical rate, preparing for the next cycle 
(Fig. 5B). By repeating this process, the robot could progressively 
elevate liquid to higher positions. Our control strategy allowed dy-
namic adjustment of the collection angle based on the current liquid 
level, ensuring efficient operation as the source liquid depleted or 
the target container filled. Without control, the robot would be un-
able to dynamically adjust the collection angle and liquid flow rate, 
leading to failures in liquid collection or leakage (Fig. 5C). When the 
upper-side chamber was driven unilaterally to bend downward, the 
layered structure of the lower-side chamber could become stuck due 
to gravity, making it impossible to drive the lower-side chamber to 
bend upward as intended. This application showcases the potential 
of our soft robots, supported by the proposed control strategy, in 
fluid handling and transfer tasks.

Application as a reconfigurable bridge
We further demonstrated the versatility of our control method by 
applying the stiffness-based data-driven control strategy to a recon-
figurable bridge system (Fig. 5D). The bridge consisted of two halves, 
each powered by an antagonistic robot capable of bending upwards 
or downwards (see fig. S10C for design details). When both halves 
are flat, cars can pass over the bridge. When the halves bend up-
wards, ships can pass underneath. This design allows the bridge to 
adapt to different traffic needs dynamically.

To accommodate both types of traffic while accounting for gravi-
tational loads, we set the desired bending angle of each half to 95° 
during the car-passing phase (nearly flat) and 125° during the ship-
passing phase (bent upward). Our control strategy enables the bridge 
to adapt successfully to both car and ship traffic requirements. In 

contrast, without our approach, the bridge system is prone to mal-
function. For instance, during the car-passing phase (Fig. 5Da), ap-
plying a negative pressure of 16 kPa to one chamber maintained the 
bridge in a nearly flat state. However, it resulted in insufficient stiff-
ness, causing the bridge to sink under the car’s weight, as illustrated 
in fig. S11A. In the ship-passing phase (Fig. 5Db), the robots bent 
upward to 146° and 152° by pressurizing one chamber to a negative 
pressure of 80 kPa, enabling the ship to pass. However, when the op-
posite chamber was subsequently driven to the same pressure, the 
robots failed to return to a flat configuration suitable for car traffic. 
Instead, the robots only recovered to 119° and 122°, creating an im-
passable slope, as shown in fig. S11B. This incomplete recovery sug-
gests history-dependent behavior in the soft antagonistic structure, 
likely due to internal friction between the scales and the base layer 
(see note S10 for further discussion). The proposed controller does 
not assume a unique static input-deformation relationship, but com-
pensates for these effects online through closed-loop dynamic con-
trol with real-time state feedback. These comparisons underscore the 
critical role of our stiffness-based data-driven strategy in enabling the 
soft robotic bridge to adapt to both car and ship traffic while main-
taining its structural integrity and functionality.

Generality of the proposed data-driven control strategy
The precise motion control is achieved by dynamically optimizing 
the robot’s stiffness to a high level. Although stiffness cannot be mea-
sured directly in real time, we can qualitatively modulate the desired 
stiffness level by adjusting the sum of antagonistic inputs, as dis-
cussed in note S11. This stiffness-aware control principle is indepen-
dent of a specific actuation modality and thus lends itself naturally to 
extension across different antagonistic robotic platforms.

To validate the generality of the proposed data-driven control 
strategy, we further conducted tracking experiments on a tendon-
driven antagonistic robotic platform (51). The detailed mechanical 
design and experimental setup are provided in note S12. This plat-
form has a 2-DOF tendon-driven configuration, in which the yaw-
pitch motions and tendon tensions are mechanically coupled. Unlike 
the pneumatic antagonistic robot, whose mechanically independent 
antagonistic units allow the use of the decoupled bilinear lifting mod-
el shown in Fig. 2A, the 2-DOF tendon-driven platform is modeled 
using a coupled Koopman formulation. Here, the yaw-pitch motion 
states are modeled together, while the tendon tensions are explicitly 
included as first-order terms in the lifting function. In this tendon-
driven system, stiffness modulation is mainly associated with the sum 
of tensions in the opposing tendons. Accordingly, the stiffness-related 
constraint is defined based on the antagonistic tendon tensions.

Figure 6A presents the tracking performance of the tendon-
driven antagonistic robot under varying antagonistic force levels (0, 
10, and 40 N) and environmental conditions (disturbance-free, with 
tip-load, and end-effector immersed in silicone oil). The antagonistic 
force refers to the sum of tension force maintained in the opposing 
tendons. Higher antagonistic forces correspond to higher stiffness 
levels. The color indicates the tracking error, with darker shades rep-
resenting smaller errors. The experimental results indicate that, un-
der disturbance-free conditions, increasing the antagonist force from 
0 to 10 N leads to substantial improvements in both tracking accu-
racy and velocity regulation, whereas further increasing the force to 
40 N yields diminishing performance gains. When external payloads 
are introduced, the motion quality under both 0- and 10-N configu-
rations degrades noticeably, while the 40-N configuration preserves 
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Fig. 5. Versatile applications enabled by the stiffness-based data-driven control strategy. (A) Liquid pump. A slanted groove introduced into the robot enables liquid 
transport against gravity. (B) Angle variation of the liquid pump during multiple transfer experiments. (C) Failure of the liquid pump without control: Unilateral actuation 
causes the lower-side chamber to stick under gravity, preventing upward bending. (D) Reconfigurable bridge. Two antagonistic soft robots form an adaptive bridge. With 
our strategy, the bridge accommodates both a 410-g car and ship traffic by adjusting angle and stiffness. Without our control strategy, the bridge fails to function prop-
erly. (Da) Car-passing phase without control. The bridge will sink into the water under load. (Db) Ship-passing phase without control. After asymmetric actuation (80, 0) 
kPa for ship passing, the bridge fails to recover to the horizontal configuration upon reapplying the symmetric input (80, 80) kPa.
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stable and accurate trajectory tracking. These observations suggest 
that although moderate stiffness levels may be sufficient under less 
demanding conditions, higher stiffness becomes essential when 
stronger external disturbances are present. In viscous silicone oil en-
vironments, all configurations exhibit reduced velocity errors due to 
viscous damping effects. However, tracking accuracy at lower an-
tagonist forces (0 and 10 N) deteriorates substantially compared to 
air, whereas the 40-N configuration consistently maintains superior 
tracking precision. This further highlights the importance of stiff-
ness modulation in adapting to highly resistive environments. Over-
all, these results demonstrate that the proposed data-driven control 
strategy generalizes effectively across antagonistic robotic platforms 

with different actuation mechanisms by adapting the lifting func-
tion and stiffness-related constraint to each platform.

DISCUSSION
In this work, we present a stiffness-based data-driven control strat-
egy for antagonistic soft robots. Our approach draws inspiration 
from biological muscle systems, where increased muscle coactiva-
tion enhances motion precision through greater joint stiffness. Un-
like previously reported control methods for antagonistic soft robots 
(17, 25, 27, 45), which generally rely on analytical modeling, explic-
it stiffness formulations, or platform-specific parameterization, our 

Fig. 6. Generality of the proposed data-driven control strategy. The control framework is extended to a two-degree-of-freedom tendon-driven robot to demonstrate 
its applicability. (A) Tracking performance under varying desired antagonistic forces and environments. Desired antagonistic forces of 0, 10, and 40 N correspond to low, 
medium, and high stiffness levels, respectively. The environments include disturbance-free, tip-load, and silicone-oil conditions. Color indicates the tracking error. 
(B) Position and angular velocity errors under different antagonistic force levels and environments.
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work is data-driven and does not require expert knowledge or trial-
and-error tuning (see note S3 for a qualitative comparison). It re-
quires only a few minutes of learning from simple movements, 
enabling high scalability and transferability to various antagonistic 
variable stiffness soft robots (see table S1 for quantitative compari-
sons). The consistent performance observed on both pneumatic and 
tendon-driven antagonistic robots further supports the generality of 
this stiffness-driven control paradigm.

Beyond the specific control architecture, our experimental results 
across multiple stiffness levels highlight the critical role of stiffness 
regulation in antagonistic soft robot control. We observe that varia-
tions in antagonistic coactivation substantially affect tracking accu-
racy, disturbance rejection, and dynamic response, even when the 
underlying control policy remains unchanged. These findings suggest 
that stiffness should not be overlooked in controller design for soft 
robotic systems. Even without explicit stiffness measurement, incor-
porating stiffness-related constraints into the control framework can 
notably improve performance. This perspective helps explain why 
general learning-based controllers that do not explicitly account for 
stiffness modulation may exhibit limited tracking performance, par-
ticularly in tasks requiring precision or robustness under varying 
loads (52, 53).

Furthermore, explicitly accounting for stiffness modulation ex-
pands the functional capabilities of antagonistic soft robots beyond 
simple motion control. When used as a gripper, our strategy enables 
precise handling of soft and lightweight objects by controlling fin-
ger deformation to prevent object tipping or damage. Compared to 
traditional grippers that rely on direct actuation methods (54–56), 
stiffness-aware control allows robots to exploit interaction-induced 
deviations as informative signals, enabling functions such as object 
stiffness discrimination alongside manipulation. Related benefits are 
also demonstrated in liquid pumping against gravity and reconfigu-
rable bridging under varying traffic conditions. More broadly, the 
importance of stiffness regulation extends beyond the platforms 
studied here. It is also relevant to emerging antagonistic soft robotic 
systems, such as untethered robotic fish (14–16) where the coordina-
tion between deformation and stiffness can strongly influence loco-
motion performance and environmental adaptability (57–59). For 
these systems, however, deriving accurate analytical models that ex-
plicitly capture stiffness-related behavior is often difficult in practice. 
Our work provides a practical and rapidly deployable data-driven 
framework for achieving simultaneous motion control and stiffness 
regulation while supporting broader exploration of application sce-
narios and performance boundaries.

Despite the demonstrated effectiveness of the proposed stiffness-
driven control strategy, several limitations remain. First, as a data-
driven approach learned from finite datasets, the current framework 
may not fully accommodate parameter variations arising from long-
term structural changes in soft robots, such as material aging and 
wear. Online learning strategies that ensure persistent excitation and 
effective data selection have the potential to address this limitation 
by enabling continuous adaptation to evolving system dynamics (60, 
61). Second, the present implementation relies on indirect stiffness 
regulation inferred from actuation inputs and system responses, 
rather than explicit real-time stiffness sensing, which limits stiffness 
regulation under rapidly changing interaction conditions. Integrat-
ing pressure and visual sensing with multi-sensor fusion offers a 
promising direction for enabling explicit stiffness estimation and 
machine learning-based feedback regulation (62). In future work, 

combining online adaptation with multi-sensor feedback may sup-
port more autonomous control, allowing antagonistic soft robots to 
adjust stiffness and motion in response to unstructured environ-
ments and task variability.

MATERIALS AND METHODS
Fabrication of the antagonistic robot
The base layer and scales of the scale-inspired layered structure in 
the antagonistic robot are manufactured using a fused deposition 
modeling three-dimensional (3D) printer (Raise3D Pro 2) with PLA 
(Raise3D Premium PLA). To reduce friction, both the base layer and 
scales are covered with a layer of polytetrafluoroethylene (PTFE) 
tape that is 0.05-mm thick. The scales are then attached to the base 
layer using the same PTFE tape.

The assembled layered structure is subsequently placed between 
two latex films. Silicone glue is used to seal the edges, forming an 
airtight chamber. An air tube is attached to the chamber to enable 
the application of negative pressure. This process is repeated to cre-
ate the opposite side of the antagonistic robot, resulting in a sym-
metrical structure with two independently controllable chambers. 
An IMU (JY901S) is placed at the end of the antagonistic robot to 
measure its bending angle. The design parameters of the antagonistic 
robots used in different application scenarios are detailed in fig. S10 
and table S6.

FE simulations of the antagonistic robot
The FE simulations were conducted using the commercial software 
ABAQUS Explicit. We used 2D simulations under the plane strain 
condition. The schematic of the computational model is illustrated in 
fig. S13A. For all simulations, we utilized four-node bilinear plane 
strain quadrilateral elements with reduced integration (CPE4R). The 
mesh used ∼7000 elements. Two layers of elements were used in the 
latex film and the thinnest part of the scale structures to ensure com-
putational accuracy. The base end of the soft robot was fixed with all 
degrees of freedom constrained. The material parameters used in the 
simulations are summarized in table S7. To obtain the bending angle 
θ of the antagonistic robot, each simulation comprised three steps: 
first, applying gravity; second, applying negative pressure to the cham-
bers; and last, allowing the structure to relax for 1 s.

To validate the FE model, we conducted a series of experiments. 
The antagonistic soft robot was mounted vertically with its base end 
fixed. First, we applied varying negative pressures (0 to 80 kPa) to a 
single chamber of the robot and measured the resulting bending an-
gle θ. Subsequently, we suspended a 30 g of load at the end of the ro-
bot, as shown in fig. S13B, and measured the additional deflection 
angle (ΔθF) caused by this load. Each measurement was repeated five 
times. We then replicated these experimental conditions in our FE 
simulations as depicted in fig. S13C. The comparison between ex-
perimental and simulation results is summarized in fig. S14. The 
bending angle θ as a function of the applied negative pressure is 
shown in fig. S14A, while fig. S14B illustrates the deflection angle 
ΔθF caused by the 30 g of load at different negative pressures. In both 
cases, the simulation results closely replicate the trends observed in 
the experiments, demonstrating good agreement. This close corre-
spondence validates our FE model and confirms its reliability for fur-
ther analysis of the robot’s behavior.

Following the validation of the FE model, we conducted an ad-
ditional set of simulations to determine the bending stiffness of the 
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antagonistic robot. In these simulations, we first replicated the pro-
cess from our previous simulations to obtain the robot’s bending 
angle θ resulting from the applied negative pressures. However, in-
stead of subsequently applying a vertical load, we applied a moment 
to the end of the robot and record the induced deflection angle ΔθM, 
as illustrated in fig. S13D. We chose this approach over the vertical-
load method used in the model validation process as it allowed us to 
measure the bending stiffness of the robot even when it is straight, 
where the vertical-load method would cause no deflection angle. 
This moment-based method enabled us to calculate the bending 
modulus of the robot using the following equation

In these calculations, we set the deflection angle ΔθM to 1°. The 
results of these simulations are presented in Fig. 1B, providing a 
comprehensive map of the robot’s bending angle and bending stiff-
ness across various pressure combinations in both chambers.

Data collection and model identification
For each robot configuration, the dataset consists of five excitation 
trials, each lasting 50 s and sampled at 50 Hz, resulting in ∼2500 
samples per trial and 12,500 samples in total. The excitation inputs 
are designed to cover representative operating conditions of the an-
tagonistic system, including two unilateral triangular-wave excita-
tion patterns and three coordinated dual-input sinusoidal excitation 
patterns with different phase offsets. For a single antagonistic robot, 
each sample contains the bending angle, the two actuator inputs, and 
the sampling interval. Before the Koopman matrix construction, the 
recorded state and input variables are normalized.

For the deep Koopman feedforward compensator (DK-FFC), an 
additional dataset is collected using two trajectories, each lasting 50 s 
and sampled at 50 Hz. These trajectories are generated by starting 
from a high antagonistic coactivation level and gradually reducing 
one actuator input, thereby better capturing the robot’s response 
during large deflections under high-stiffness conditions. The DK-
FFC uses a neural network with three hidden layers and is trained 
offline on a separate computer.

On Raspberry Pi 4B, the offline construction of the Koopman ma-
trices for a single robotic arm requires 39.86 s, and the subsequent 
derivation of the Koopman model requires 13.27 ms. The DK-FFC 
training requires 70.60 s on a Windows 10 workstation equipped 
with an Intel CPU, 31.7-GB RAM, and an NVIDIA GeForce RTX 
4060 Laptop GPU. Combined with the 250-s data acquisition time 
for Koopman model identification and the additional 100-s data ac-
quisition time for DK-FFC training, the total practical time required 
to obtain a deployable full controller for one robot configuration is 
approximately 460 s (about 7.67 min). If only the Koopman predic-
tion model is considered, then the corresponding time is ∼290 s 
(about 4.83 min). During online control, the controller is executed at 
50 Hz, corresponding to a sampling interval of 20 ms, and the aver-
age computation time per control step is 11.61 ms, which is below the 
sampling interval and compatible with real-time implementation.

Input system
In the antagonistic robot, each chamber is independently controlled 
by a proportional valve (SMC ITV2090-312 L5). These valves incor-
porate built-in proportional-integral-differential feedback mecha-
nisms for precise pressure tracking. Specifically, adjusting the input 

voltage allows for precise positioning of the valve spool, thereby regu-
lating the pressure. A Raspberry Pi is used to generate PWM signals, 
which are then converted to voltage using a PWM-to-voltage conver-
sion module. Our proposed data-driven control method establishes a 
direct relationship between the duty cycle of the PWM signal and the 
bending angle of the robot. This approach bypasses the need for input 
pre-modeling, eliminating intermediate steps such as modeling the 
relationship between air pressure and bending angle of the robot or 
mapping the PWM signal duty cycle to air pressure.

Koopman dynamics
The discrete robot dynamics in the state space manifold  can be 
defined as (38, 39, 63, 64)

where s ∈   is the robot state, u ∈  is the robot input, and 
F : ×→  is the nonlinear state transition function. Similarly, 
the Koopman operator  acting on functions of state space  is 
defined by

where Ψ: ×→ is the lifting function dictionary; ∗ denotes an 
exogenous input term, typically set to uk+1, introduced for formal 
consistency in the lifted-space formulation rather than being treated 
as a state variable. Then, the Koopman operator can be obtained by 
the extended dynamic mode decomposition, yielding a minimum-
norm closed-form solution

where P represents the number of sampled state-input pairs and † 
denotes the Moore-Penrose pseudoinverse.

Decoupled bilinear lifting model
The lifting function is designed by

where sk-i denotes past states, ⊗ is the Kronecker product, and m 
represents the number of past states. Considering the dimension of 
the input Nu = 2n and the dimension of the state Nx = n, the dimen-
sionality of the lifting function is calculated as

where ν is the highest order of the polynomials ψ and n represents 
the number of antagonistic robots. In multirobot systems, such as 
soft grippers, the dimensionality of the lifting function increases ex-
ponentially with the number of robot states, affecting the solving 
speed of embedded systems. Thus, we propose a decoupled bilinear 
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lifting model for decoupled multirobot systems. This approach first 
evaluates the Koopman dynamics of each decoupled part. Then, the 
Koopman dynamics for real-time control can be obtained as

where �k =
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A = diag(A1, …, An), B = diag(B1, …, Bn), C = diag(C1, …, Cn), and 
Ci is a row unit vector. Taking n = m = ν = 3 as an example, the di-
mensionality of the lifting function will decrease from d (3, 3, 3) = 
479 to 3d (3, 1, 3) = 117, which substantially improves computa-
tional scalability for multi-unit systems. It should be noted, howev-
er, that this decoupled formulation is intended for modular robotic 
systems composed of mechanically independent actuation units, 
where each unit can be treated as an individual subsystem with its 
own state and input. Therefore, the associated dimensionality reduc-
tion is meaningful only when such structural independence exists, 
as in the gripper and bridge systems studied in this work. By con-
trast, this formulation is not applicable to intrinsically coupled multi-
DOF platforms. For example, in the tendon-driven 2-DOF robot, the 
yaw and pitch motions are jointly determined by a shared tendon ac-
tuation network and must therefore be modeled as a coupled system 
rather than by the decoupled lifting formulation.

Stiffness-driven solver
The stiffness-driven optimization problem is defined as follows

where g and h contain all equality and inequality constraints, re-
spectively. The cost function within a predictive horizon Np can be 
computed via

where se represents the state error; k + i|k denotes the prediction of 
k + i time step at k time step; κ = In×n ⊗ 11×2; ‖⋅‖2

Q
 is defined as the 

Q-weighted norm; and Q, P, and R are related to the weight of vari-
ables. The first term on the right-hand side minimizes the state error 
over the prediction horizon. The second term reduces input varia-
tions, while the last term increases the sum of antagonistic inputs to 
control stiffness. The cost function is solved by MPC (see note S13 
for algorithm details). The last term can be improved to enable dif-
ferent stiffness levels as

where ud represents the desired input.

Deep Koopman feedforward compensator
To address the slow response of the robot during large deflections, 
especially in fluidic systems such as the antagonistic robot used in 
this study, we introduce a deep Koopman feedforward compensator. 
This approach diverges from the polynomial-based lifting function 

used in the solver, instead using a neural network with three hidden 
layers as the lifting function. This choice is motivated by the neural 
network’s superior predictive performance. The increased complex-
ity of the neural network makes it resource-intensive for use in the 
real-time solver. However, this complexity does not pose substan-
tial issues when used for feedforward operations. In particular, the 
state-input pairs used to train the neural network are collected by 
starting with the maximum antagonistic input and then gradually 
decreasing one side input. Meanwhile, an amplification factor α is 
used to activate the compensator in the large deflection. The feed-
forward input uf can then be calculated as

where Af is the trained weight matrix, Ψf is the neural network-
based lifting function, and sf is the target state.

PD controller
The PD controller for a single antagonistic soft robot is defined 
as follows

where ṡ denotes the differential of the state, kp and kd represent pro-
portional and derivative coefficients. Each chamber of the antago-
nistic robot is activated separately by using the following law

where u = u + ∆u, uL, and uR denote the left and right chamber in-
put, respectively. This control law ensures that only one side of the 
antagonistic soft robot is activated at any given time. Furthermore, 
two heuristic PD-based controllers with antagonistic stiffening are 
implemented as comparison baselines. The first strategy is a fixed-
input stiffening scheme, defined as

where uc represents the constant input. The second one is a symmet-
ric preload strategy, defined as

where us denotes the symmetric preload input. Additional heuristic 
PD stiffening strategies are described in the note S6.

Perception module
The cost function in the stiffness-driven solver includes a penalty 
term for input variation, designed to reduce robot chatter. It stabi-
lizes input changes as the robot approaches objects gradually. More-
over, it can be used to determine object contact. As the robot nears 
an object, the input variation term in the cost function promotes 
smooth, stable movements. However, upon contact with an object, 
the robot experiences damping, necessitating larger input variations 
to maintain its predefined path. This shift in behavior allows us to 
leverage the input variation as an indicator of object contact. Spe-
cifically, we define a contact detection criterion based on the magni-
tude of input variation
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where Δu represents the input variation and τ = 0.06% is a pre-
defined threshold value.
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Notes S1 to S15
Tables S1 to S8
Figs. S1 to S15
Legends for movies S1 to S4

Other Supplementary Material for this manuscript includes the following:
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