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Abstract—The nonlinearity and hysteresis of soft robot
motions present challenges for control. To solve these is-
sues, the Jacobian controller has been applied to approx-
imate the nonlinear behaviors in a linear format. Accurate
controllers like neural networks (NNs) can handle delayed
and nonlinear motions, but they require large datasets and
exhibit low adaptability. Based on a novel analysis on these
controllers, we propose an adaptive extended Jacobian
controller, AdapJ, for soft manipulators. This controller re-
tains the concise format of the Jacobian controller but in-
troduces independent parameters. Similar to NNs, its ini-
tialization and updating mechanism leverages the inverse
model without building the corresponding forward model.
In the experiments, we first compare the performance of
the Jacobian controller, model predictive controller (MPC),
NN controller, iterative feedback controller (IFC), and AdapJ
in simulation. We further analyze how AdapJ parameters
adapt in response to the physical property change. Then,
real-world experiments have validated that AdapJ outper-
forms the NN controller, MPC, and IFC with fewer training
samples and adapts robustly to varying conditions, includ-
ing different control frequencies, material softness, and
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external disturbances. Future work may include online ad-
justment of the controller format and adaptability validation
in more scenarios.

Index Terms—Adaptive control, Jacobian controller, soft
robots.

I. INTRODUCTION

L EVERAGING the soft materials and flexible structures,
soft robots offer higher degrees of freedom than tradi-

tional rigid robots. As a result, soft robot manipulators have
been utilized in many applications, such as minimally invasive
surgery [1] and exploration in confined spaces [2]. Their inher-
ent compliance also reduces the risk of damaging objects, the
surrounding environment, or human collaborators during motion
and manipulation. For example, soft manipulators can be applied
for human–robot interaction and demonstrations [3], and some
can even be deployed as assistive robots for elderly individuals
during showering activities [4]. Complex soft manipulators, like
modular soft robots, can perform challenging tasks like shape
control [5] and high-level manipulation [6] utilizing dedicated
control strategies. Overall, soft manipulators represent a critical
component of soft robotics, offering distinct advantages such as
safety and adaptability, and have garnered significant attention
from researchers across a wide range of disciplines.

It is vital to propose suitable controllers for soft manipulators
to achieve challenging tasks. These controllers should be able to
cope with the nonlinearity and hysteresis of soft robotic systems,
and plenty of controllers have been introduced to address these
challenges [10]. For instance, Jacobian approaches are intuitive
and straightforward to implement. Although the linear and tran-
sient nature does not inherently accommodate the nonlinearity
and hysteresis of soft robot motions, high-frequency online
updates of the Jacobian matrix are applied to mitigate this issue.
Controllers based on physical models like Piecewise Constant
Curvature (PCC) [11] and Cosserat rods [12] are explainable,
but they are sophisticated and rely on theoretical assumptions
that may not hold in practice. Discrepancies between the actual
behavior of soft robots and their idealized models caused by
complex material properties and unpredictable deformations can
lead to control inaccuracies. Statistical controllers, including
the Gaussian mixture model [13] and the Gaussian process
regression [14], rely on statistical models, which require a mod-
erate amount of training data and yield moderate performance.
Neural networks (NNs), especially recurrent neural networks
(RNNs) [15], have gained popularity in soft robot control due

1083-4435 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and similar technologies.
Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html

for more information.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: Scuola Superio Sant'Anna di Pisa. Downloaded on October 07,2025 at 14:36:32 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0002-2839-924X
https://orcid.org/0000-0002-3566-7417
https://orcid.org/0000-0001-8589-0628
https://orcid.org/0000-0002-0855-7976
https://orcid.org/0000-0003-4975-3495
https://orcid.org/0000-0001-5581-3875
mailto:zixi.chen@santannapisa.it
mailto:gastone.ciuti@santannapisa.it
mailto:donato.romano@santannapisa.it
mailto:xuyang.ren.cn@gmail.com
mailto:yuya.hamamatsu@taltech.ee
mailto:Cesare.Stefanini@mbzuai.ac.ae
https://doi.org/10.1109/TMECH.2025.3612503


2 IEEE/ASME TRANSACTIONS ON MECHATRONICS

to their nonlinear activation functions and effective network
structures. Trained NNs can serve as global controllers across
the entire workspace; however, their large parameter sets make
real-time online updates challenging, limiting their adaptability.

Among all these controllers targeted at soft robotics men-
tioned above, the Jacobian controller is one of the simplest
controllers for soft robotics [2], [10]. Researchers were inspired
by the Jacobian controller in rigid robot control and employed it
in soft robots. Prior to actuation, the initial Jacobian matrix is re-
quired, and Yip and Camarillo in [2] estimate it by actuating each
actuator independently by an incremental amount. Then, the
actuation is determined by either optimization employing the Ja-
cobian matrix as the forward model [16] or calculation using the
inverse Jacobian matrix [17]. Following each actuation step, the
Jacobian matrix updates according to the previous robot states
and actions, allowing it to adapt to local dynamics. Once the
update finishes, the control loop proceeds with the next iteration.

Several modifications have been introduced to employ this
controller in real-world applications and achieve better perfor-
mance. For instance, robot states with a larger update interval are
utilized in [18] for the Jacobian matrix update. In this case, the
disturbance can be rejected, and such a controller can be applied
for complex cardiac ablation tasks. In [19], the Jacobian update
process is smoothed by averaging the previous Jacobian matrix
with the newly estimated one, resulting in more stable motion
control. To perform segmented soft robot control, Liu et al. [20]
bridge the gap between robot end position and actuation via
segment orientations instead of directly mapping between end
position and actuation. In this way, complicated nonlinear map-
ping functions are decomposed to fit the Jacobian matrix.

While the adaptations above have extended the Jacobian
controller’s capabilities to support complex tasks, they also
reflect a fundamental limitation: soft robots often deviate from
the original Jacobian model and its underlying assumptions.
Specifically, the Jacobian approaches suppose that the robot state
change �s is linear to the actuation change �a, expressed as
�s = J�a. However, considering the time delay in soft robot
motion, the robot state may continue to change (�s �= 0) when
the actuation remains unchanged (�a = 0). Due to the unsatis-
factory performance caused by misalignment, the Jacobian ma-
trix is primarily applied for motion description in principle, even
with the adaptations mentioned above, and other data-driven
controllers (NN in most cases) replace Jacobian controllers in
practice. For instance, the Jacobian matrix is referenced in [21]
for the theoretical soft robot modeling, but a NN is applied for
control to replace the Jacobian approach.

Compared to straightforward yet limited Jacobian controllers,
NNs have emerged as the most widely adopted approach in
soft manipulator control [10]. Their suitability stems from the
inherent nonlinearity and delay of soft robotic motion, which
aligns well with the nonlinear activation functions and complex
architectures of NNs. Moreover, the rich network structure
and the large number of independent trainable parameters are
suitable to cope with the intricate soft robot motion. Basic
NNs like multilayer perceptron (MLP) can be applied to handle
the delayed soft robot motion [22]. Furthermore, RNNs are
composed of recurrent structures developed specifically for

Fig. 1. Qualitative comparison of soft robot controllers. The proposed
controller maintains a low structural complexity and computational cost,
only slightly greater than that of the Jacobian controller, while outper-
forming the Jacobian controller [2], MPC [7], RNN controller [8], and
IFC [9] in terms of control performance considering accuracy and adapt-
ability.

sequential problems, such as hysteresis [23] and segment se-
quence [24] in soft robot control.

In this work, based on the novel analysis of the compact
Jacobian controller and accurate RNN controller, we introduce
an adaptive extended Jacobian controller, AdapJ, specifically
for soft manipulators. We retain the compact structure of the
Jacobian controller while relaxing the parameter constraints.
Also, we update the controller directly instead of the forward
model and detail the matrix initialization and update approach
learned from NN and model predictive controller (MPC). As
illustrated in Fig. 1, AdapJ requires significantly less training
data than most existing soft manipulator controllers owing to its
concise architecture. Despite its simplicity, AdapJ demonstrates
superior performance in the simulation and real-world experi-
ments, outperforming classical and state-of-the-art (SOTA) con-
trollers such as the Jacobian controller [2], MPC [7], RNN-based
controllers [8], and the iterative feedback controller (IFC) [9].
In addition, its capacity for online updates endows it with
adaptability to different frequencies, physical parameters, and
even external disturbances.

The contributions of this article are as follows.
1) Based on the insightful analysis of the Jacobian controller

and RNN controller, we propose an adaptive extended
Jacobian controller for soft manipulators. Inspired by
RNN, it relaxes the parameter constraints inherent in
traditional Jacobian methods to better address hysteresis.

2) We leverage the inverse dynamics, rather than the corre-
sponding forward model in the Jacobian controller, for
initialization and online updating. Inspired by RNN and
MPC, we apply motor babbling and the Gauss–Newton
algorithm for initialization and online updating.

3) We conduct simulation experiments to compare AdapJ
with existing controllers such as the Jacobian controller,
MPC, RNN-based controllers, and IFC. Also, we analyze
the controller parameter adaptation in response to vari-
ations in robot stiffness and damping properties. Real-
world experiments on a soft robot manipulator further
demonstrate the superior performance of our controller
over IFC, MPC, and RNN baselines. We also validate
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Fig. 2. Diagram of the standard Jacobian controller. Following initial-
ization of the Jacobian matrix, the Jacobian controller computes the
actuation aj,t (red) based on the previous robot state, actuation st, at−1
(green), and desired robot state sdt+1 (blue). Then the Jacobian ma-
trix updates according to the difference in robot state and actuation
�st+1,�at (green).

the controller’s adaptability under different frequencies,
physical properties, and external disturbances.

The rest of this article is organized as follows: Section II
introduces AdapJ, beginning with a novel analysis of the limi-
tations and advantages of the Jacobian and RNN controllers. It
also details the initialization and updating principles of AdapJ.
Section III describes the simulation and real-world experimental
setup, including robots, working spaces, and devices. Section IV
compares our controller with some existing controllers and
analyzes the controller parameter adaptation. Then, we demon-
strate the effectiveness of our controller through real-world
experiments. The adaptability is also validated across various
scenarios. Finally, Section V concludes this article.

II. CONTROLLER DESIGN

In this section, we begin by analyzing the original Jacobian
controller and RNN controller in Section II-A. Based on the
insightful analysis, we propose our adaptive extended Jacobian
controller for soft manipulators in Section II-B, followed by the
proposed initialization and update strategy in Section II-C.

A. Existing Controller Analysis

1) Jacobian Controller: The Jacobian controller in [2] is
shown in Fig. 2. First, the Jacobian controller is initialized by
moving each actuator independently by an incremental amount
while measuring the motion. In addition to this data collection
method, some researchers also initialize the Jacobian matrix via
a physical kinematics model [19]. After initializing the Jacobian
matrix J ∈ Rds×da , where ds and da denote the dimensions of
state and actuation, the following optimal control strategy is
implemented. Combining different strategies in [2], [16], [25],
the actuation aj,t is determined by

min
aj,t

α1‖aj,t‖2 + α2‖�aj,t‖2

s.t. �sdt+1 = J�aj,t

�sdt+1 = sdt+1 − pt

�aj,t = aj,t − at−1

(1)

Fig. 3. Diagram of the Jacobian principle. The nonlinear function z =
−(x2 + 1)/6 is approximated by (a) 3, (b) 5, and (c) 7 linear functions.
The blue dotted lines represent the linear approximation functions, and
the red lines represent the nonlinear function.

where st ∈ Rds , at−1 ∈ Rda represent previous robot state and
actuation at tth and t− 1th timestep, and the robot state s is
robot end position in most works [2] and bending angle in some
others [7]. sdt+1 denotes the desired robot state from the desired
trajectory. α∗ represent cost weights, where α1 = 1, α2 = 0
in [2] and α1 = 0, α2 = 1 in [25].

In addition to this optimal control strategy, the action can
also be decided by using the inverse Jacobian matrix J−1 ∈
Rda×ds[17], which can be denoted as

aj,t = J−1(sdt+1 − st) + at−1

= J−1sdt+1 + (−J−1)st + Iat−1.
(2)

After the action decision, the Jacobian matrix will be updated
according to the feedback. The strategy combined from [2], [16],
[26] can be denoted as

min
�J

β1‖�st − (J +�J)�at−1‖2 + β2‖�J‖2

s.t. �st = st − st−1

�at−1 = at−1 − at−2

(3)

where J +�J represent the new Jacobian matrix. β∗ repre-
sent cost weights, where β1 = 0, β2 = 1 in [2], β1 = 1, β2 = 0
in [16], and β1 = β2 = 1 in [26] for robust Jacobian estimation.

In addition to describing the controller, we aim to illustrate
the core principle of the Jacobian approach—approximating
nonlinear functions using multiple local linearizations—in
Fig. 3. Specifically, we approximate the nonlinear function
z = −(x2 + 1)/6 with multiple linear functions at local sam-
pling points. As the number of sampling points increases from
Fig. 3(a) to (c), the Jacobian strategy achieves better approxi-
mation performance, aligning with the high control frequency
(1 kHz) in the classical Jacobian controller work [2].

After introducing the Jacobian controller and its core princi-
ple, we analyze its shortcomings. First, the Jacobian assump-
tion �s = J�a does not suit soft robot motion because the
robot may move (�s �= 0) when the actuation keeps constant
(�a = 0), considering the delay of soft manipulator motion. In
other words, the change in state is not solely determined by the
actuation difference within a single timestep. In addition, there
are strong constraints on the partial derivatives in (2), which are

∂aj,t
∂at−1

= I
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Fig. 4. Diagrams of approximating a multivariable nonlinear function
using linear approximation with (a) coupling and (b) independent vari-
ables. The grey curved surfaces represent the multivariable nonlinear
function z = −(x2 + y2)/6, the red lines represent the nonlinear function
z = −(x2 + 1)/6, and the blue planes represent the linear approxima-
tion functions.

∂aj,t
∂sdt+1

= − ∂aj,t
∂st

= J−1. (4)

The parameter coupling may impair the approximation of soft
robot behaviors.

2) RNN Controller: We denote the RNN controller as

aRNN,t = fRNN(sdt+1, st ∼ st−n+2, at−1 ∼ at−n) (5)

wheren denotes the timestep of the recurrent layers.aRNN,t is the
actuation determined by the RNN controller and produced by a
fully connected layer following the recurrent layers. Unlike the
Jacobian controller, the RNN parameters are not subject to strong
structural coupling constraints imposed by the Jacobian formu-
lation, as described in (4). Based on the observed differences
in parameter coupling and the corresponding impact on control
performance, we hypothesize that parameter independence may
also influence the effectiveness of soft robot controllers. To
validate this, we propose a simple mathematical model.

Given the delayed response in soft robot motion, both mod-
eling and control can be formulated as multivariable nonlin-
ear functions that depend on states and actions over multiple
timesteps. We analyze how the parameter independence influ-
ences the approximation of multivariable nonlinear functions
and furthermore address hysteresis, as shown in Fig. 4. While
the effect of sampling density (or control update frequency) on
approximation accuracy has been discussed previously, here we
focus on comparing approximation quality at a single point.
To illustrate this, we approximate the multivariable nonlinear
function z = −(x2 + y2)/6 at the point (−2, 1,− 5

6 ) using linear
functions with and without parameter coupling. If we couple two
variables by imposing the condition ∂z

∂y = − ∂z
∂x , analogous to

the second Jacobian constraint in (4), the linear approximation
becomes z = 1

2x− 1
2y +

2
3 , shown in Fig. 4(a). If we do not im-

pose any coupling between ∂z
∂y and ∂z

∂x , the linear approximation

is z = 2
3x− 1

3y +
5
6 , as illustrated in Fig. 4(b).

To quantitatively evaluate approximation performance, we
compute the deviation between the linear approximation and
the true nonlinear surface at points sharing the same x

TABLE I
MULTIVARIABLE NONLINEAR FUNCTION APPROXIMATION ERRORS (1E-3)

Fig. 5. Diagram of our adaptive extended Jacobian controller. The
extended inverse Jacobian matrices A∗, B∗ are initialized with motor
babbling and batch optimization. Then, the actuation aaj,t (red) is com-
puted based on these matrices, previous robot states, actuations s∗, a∗
(green), and the desired robot state sdt+1 (blue). After execution, the
matrices A∗, B∗ are updated, and the control loop proceeds to the next
iteration.

and y coordinates. Specifically, we sample points with x ∈
[−2.4,−2.2,−2,−1.8,−1.6], y ∈ [0.6, 0.8, 1, 0.2, 1.4], cho-
sen for their proximity to the approximation point (−2, 1). The
average approximation errors for each linearization strategy are
presented in Table I. The results indicate that the independent
variable case outperforms the coupling cases, demonstrating that
independent parameters improve the accuracy of linear approx-
imations for multivariable nonlinear functions and soft robotics
modeling and control. Motivated by this insight, we propose
the extended adaptive Jacobian controller, which builds upon
the original Jacobian controller format but relaxes parameter
constraints.

B. Adaptive Extended Jacobian Controller-AdapJ

Based on the insights from the existing controller discussion,
we propose an adaptive extended Jacobian controller, AdapJ, as
shown in Fig. 5. It can be denoted as

aaj,t = A0sdt+1 +A1st +B0at−1 (6)

where A∗ ∈ Rda×ds , B∗ ∈ Rda×da represent independent ex-
tended inverse Jacobian matrices and aaj,t represent the
tth timestep actuation decided by our controller. Differ-
ent from the conventional Jacobian controller, the matrices
∂aaj,t

∂sdt+1
,
∂aaj,t

∂st
,
∂aaj,t

∂at−1
are independent and do not coupled follow-

ing the Jacobian assumption in (4). This adaptation is inspired
by the independent parameters in RNN, and initially validated
in the multivariable nonlinear function example in Fig. 4. The
proposed controller can be seen as an extended Jacobian con-
troller because it will degrade to the inverse Jacobian controller
in (2) when A0 = −A1 = J−1, B0 = I .
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C. Matrix Initialization and Update

Considering the parameter independence, it is impossible to
follow the initialization strategy in [2] by actuating each actuator
and directly calculating the matrices. Therefore, we collect data
from soft robots to initialize extended inverse Jacobian matrices
A∗, B∗ by utilizing the motor babbling strategy like RNN con-
trollers. Due to the proposed controller conciseness, it requires
far fewer samples (only 100 in our cases) than RNN controllers
(at least 5000), which means we collect a0 ∼ a99 and s0 ∼ s99

utilizing motor babbling strategy. The Jacobian control approach
in [2] initializes the forward Jacobian matrix. Similarly, MPC
in [7] leverages a forward model and optimization for actuation
determination. However, we omit the forward model and directly
initialize the inverse dynamics. The extended inverse Jacobian
matrices A∗, B∗ can be initialized as

min
A∗,B∗

‖aaj,t − at‖

s.t. aaj,t = A0st+1 +A1st +B0st−1

(7)

where t ∈ [1, 98]. For instance, when t = 1, we estimate aaj,1
based on the robot states and actuations s2, s1, a0. When
t = 98, we estimate aaj,98 based on the robot states and ac-
tuations s99, s98, a97. We learn from RNN and employ batch
optimization to stabilize the initialization process. By updating
the matrices online, AdapJ can approximate the real inverse
dynamics with the nominal one as an initial guess step by step,
endowing it with adaptability to fixed physical property changes
such as stiffness and damping changes.

Following the MPC updating principle in [7], the Gauss–
Newton method is applied for a short computational time, and
the updating strategy can be denoted as

ω =

{
ω +�ω, ‖�ω‖ ≤ �ωmax

ω + �ω
‖�ω‖�ωmax, ‖�ω‖ > �ωmax

(8)

where

�ω = ρ(φφT )
−1
φE

ω = [A0 A1 B0]
T ∈ R(2ds+da)×da

φ = [st+1 st at−1]
T ∈ R(2ds+da)×1

E = [at − aaj,t]
T ∈ R1×da

(9)

and �ωmax denotes the maximum parameter change allowed
at each update step for smooth update. The constraint endows
AdapJ with robustness to dynamic disturbance, which only
affects the manipulator in several timesteps. After at is executed
and st+1 is measured, the controller can be seen as an online
actuation estimator, and we can update matrices A∗, B∗ follow-
ing (8) to fit the current local situation. The model parameter
convergence utilizing the Gauss–Newton method for updating
has been proven in [7].

In our controller design, nonlinearity is addressed through on-
line updates, as illustrated in Fig. 3, while hysteresis is mitigated
by including previous state and actuation as input and relaxing
parameter coupling constraints, as shown in Fig. 4. Although

Fig. 6. (a) Two actuation units are placed symmetrically in the robot.
(b) The working space in the simulation. The first 100 samples (green)
are applied for the initialization of the matrices A∗, B∗. The 5000
samples (light blue) collected by the motor babbling strategy basically
show the robot working space and are applied to the other controller
initialization.

AdapJ is fundamentally a linear controller, it effectively approx-
imates the nonlinear and delayed dynamics of soft manipulator
behavior as validated in the following experiments. Compared
to Jacobian controllers, AdapJ removes parameter coupling to
improve multivariable nonlinear function approximation. Com-
pared to RNN controllers, AdapJ employs significantly fewer
parameters, enabling online updates and adaptability to fixed
physical property changes and dynamic disturbances. Compared
to MPC, AdapJ directly approximates the inverse dynamics
instead of the forward modeling, eliminating the necessity for
actuation decision through time-consuming optimization in [7].
Collectively, these design improvements result in an adaptive
and precise controller well-suited for soft manipulator applica-
tions.

III. EXPERIMENT SETUP

In this section, we introduce the experiment setup, devices,
and the corresponding working space in simulation and the real
world in Sections III-A and III-B, respectively.

A. Simulation Experimental Setup

In simulation, we aim to compare controllers preliminarily
and perform an intuitive parameter analysis. Therefore, we built
a simple soft robot finger based on the pseudorigid model in [11],
whose length is 200 mm. The bending stiffness is 0.4 Nm2

and the damping coefficient is 1 Nms. As shown in Fig. 6(a),
two actuation units are placed symmetrically in the robot and
actuated by ah ∈ R, where

aI = max{0, ah}
aII = max{0,−ah}.

(10)

We randomly actuate the robot and collect 5000 samples, shown
in Fig. 6(b), and only the first 100 samples are applied for
our controller initialization. The x position of the finger end
is applied as the robot state s ∈ R, whose range is [−131.9,
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(c) (d)

Vicon PC &

Control PC

Vicon camera

soft robot

valves

Arduino board

Ethernet switch

power supply

air compressor

ⅠⅡ
Ⅲ

Ⅳ

(b)

(a) 0.8 mm

0.4 mm0.6 mm

Fig. 7. (a) Pneumatic soft manipulator in real experiments. One ma-
nipulator is composed of four chambers, and one springer is inserted
inside the center for stiffness adjustment. Three kinds of springs (wire
diameter 0.4, 0.6, and 0.8 mm) are applied in our experiments. (b) The
experimental setup. The manipulator is actuated by an air compressor
and controlled by valves and an Arduino board. The optical tracking
system collects the motion. (c) Robot actuation diagram. The actuation
values in four actuation units aI , aII , aIII , aIV are controlled by the
actuation a = [ah, av ]. (d) The working space in the real experiment.
The first 100 samples (green) are applied for A∗, B∗ initialization, and
5000 samples (blue) are collected for the others.

131.9] mm. The actuation ah and the state s are rescaled to
[−1, 1] for RNN.

B. Real Experimental Setup

To validate our controller in the real world, we manufacture
a pneumatic silicone soft manipulator shown in Fig. 7(a). The
robot is made of Ecoflex 00-30 (Smooth-On, Macungie, PA),
and the length of each module is about 45 mm. There are four
symmetrical chambers placed at an interval angle of 90◦ along
the circumferential direction inside the manipulator as shown
in Fig. 7(c). The cotton line wraps the robot to constrain the
radial expansion. Springs (wire diameter 0.6 mm) are put inside
the robot center to adjust the stiffness, and we name it Robot 1.
The robot structure design can be found in [27]. To validate the
adaptability of our controller, we change the inner spring (named
Robot 2 for the wire diameter of 0.4 mm and Robot 3 for the
wire diameter of 0.8 mm) to change the robot stiffness. The state

s ∈ R2 is the robot end position and actuationa = [ah, av] ∈ R2

actuates four chambers following:

aI = max{0, ah}
aII = max{0,−ah}
aIII = max{0, av}
aIV = max{0,−av}.

(11)

Similar to simulation, they are rescaled to [−1, 1] for RNN.
The manipulator is actuated in the setup shown in Fig. 7(b).

An optical tracker ball is fixed at the end of the robot. Six
optical tracking cameras (VICON Bonita) and one data col-
lection computer named Vicon PC are used to track the robot
motion. An air compressor connects chambers, whose pressures
are controlled by valves (Camozzi K8P-0-E522-0). We control
chamber pressure via a control PC (Ubuntu 20.04, CPU i5-
12500H, and RTX 3050) and an Arduino MEGA board. Two
computers and six cameras communicate through an Ethernet
switch. Pytorch is applied for optimization and NN training.
The data collection and control frequency is 10 Hz without a
special statement. Similar to the simulation, we collect 5000
samples to train the RNN controller and show the working
space of Robot 1 in Fig. 7(d). The working space area is about
71.69 mm × 71.69 mm. The first 100 samples are employed for
A∗, B∗ matrices initialization.

IV. EXPERIMENT RESULTS

In this section, we first compare the original Jacobian con-
troller [2], MPC [7], RNN [8], IFC [9], and the proposed con-
troller in simulation in Section IV-A. The parameter adaptation
in response to the robot’s physical properties is also discussed.
Then we compare the proposed controller, MPC, IFC, and the
RNN controller in the real-world experiments in Section IV-B.
We validate the adaptability of our proposed controller in differ-
ent frequencies, physical properties, and external disturbances.

A. Preliminary Controller Analysis in Simulation

In this section, we aim to compare the original Jacobian
controller in (2), the MPC in [7], the RNN controller in (5)
and [8], IFC in [9], and our controller in (6). IFC is based
on RNN and leverages the discrepancy between the target and
actual states from previous steps for online compensation. In
addition, we train one RNN with only the first 100 samples
and name this controller “RNN_100” to validate the RNN data
requirement. Then, we test them in various scenarios and analyze
the parameter change of our controller under different stiffness
and damping factors. The experiments are carried out in the
simulation environment mentioned in Section III-A.

1) Controller Comparison: First, we evaluate the controllers
on a task involving sinusoidal tracking followed by stabiliza-
tion at selected target angles, as shown in Fig. 8(a). This task
includes dynamic following, abrupt transition, and steady-state
maintenance. The tracking errors, computational times per step,
number of parameters, and training times are reported in Ta-
ble II. All the errors included in this work are mean average
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Fig. 8. (a) The target trajectory (dotted black) and the robot motion under the control of the original Jacobian controller [2] (yellow), MPC [7]
(magenta), RNN [8] (blue), IFC [9] (green), RNN_100 (cyan), and our controller (red). (b) and (c) show zoomed-in views of the regions highlighted
by red boxes in (a), illustrating detailed behavior on (b) maintaining a static state at 26 mm and (c) abrupt target transition from −52 mm to 78 mm,
respectively.

TABLE II
AVERAGE ERRORS, STANDARD DEVIATIONS, COMPUTATIONAL TIMES PER

STEP, PARAMETER NUMBERS, AND TRAINING TIMES IN SIMULATION

errors. Compared to RNN, RNN_100 exhibits reduced accuracy
in both sine wave tracking and -105 mm maintenance tasks,
as shown in Fig. 8(a), demonstrating the necessity of a large
amount of data for RNN. However, with the same amount of
training data (100), AdapJ obviously outperforms any other
controllers on all the various tasks, leveraging a concise linear
format and online updating. The initial parameters are A0 =
2.89, A1 = −1.86, B0 = −0.55. This result indicates that soft
robot motions do not follow the Jacobian principle, which is
A0 = −A1 = J−1, B0 = 1.

Fig. 8(b) and (c) illustrates the controller performance under
steady-state maintenance and abrupt target transition with large
deformation, respectively. As shown in Fig. 8(b), the Jacobian
controller oscillates while gradually approaching the steady-
state target, whereas MPC shares a similar behavior with reduced
error. Both RNN and IFC stabilize around 26 mm, with IFC
achieving a lower error due to its online error compensation
mechanism. However, RNN_100 exhibits persistent oscilla-
tions, indicating that RNN fails to capture inverse kinematics
with limited data. The degraded performance of RNN_100
underscores a key limitation of offline data-driven approaches:
their strong dependence on the quantity and coverage of training

data, and insufficient data results in a significant loss of control
accuracy. Meanwhile, our AdapJ successfully accomplishes the
steady-state maintenance task with the lowest error.

In the abrupt target transition shown by Fig. 8(c), the Jacobian
controller still exhibits severe oscillations during the transition
phase, and hence, a high deviation. Under MPC control, the
robot leaves the original target (−52 mm) before the target
transition due to the predictive nature of MPC. MPC, RNN,
RNN_100, and IFC reach the new target (78 mm) with noticeable
delay, exhibiting overdamped responses and the soft robotics
hysteresis. Meanwhile, our proposed controller, trained with
the same limited dataset, closely follows the target with min-
imal overshoot and fast convergence, demonstrating its superior
convergence speed, high tracking precision, and strong data
efficiency.

Considering both online computational cost and initialization
time shown in Table II, the Jacobian approach is the fastest due
to its simple structure, proving that it is one of the simplest
controllers in soft robotics. In the Jacobian controller, only a
single matrix J is required to be initialized and updated, whereas
our controller updates three matricesA∗, B∗ sharing comparable
size. Although RNN, RNN_100, and IFC contain significantly
more parameters than MPC and require longer initialization
times (> 70 ms), they do not perform online updates. In contrast,
the model update and actuation decision via optimization in
MPC [7] results in a longer time than direct actuation decision
using RNN in (5). Meanwhile, our controller achieves a shorter
online computational time than all other controllers except the
Jacobian controller, aligning with the statement in Fig. 1, and
requires a short initialization time similar to MPC (<3 ms).
The computational time is the average obtained from the entire
motion simulation process, which lasts 500 s in the simulation
environments and is performed on the PC described above.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: Scuola Superio Sant'Anna di Pisa. Downloaded on October 07,2025 at 14:36:32 UTC from IEEE Xplore.  Restrictions apply. 



8 IEEE/ASME TRANSACTIONS ON MECHATRONICS

Fig. 9. Robot motion error under (a) stiffness and (c) damping change.
The A∗, B∗ adjustment in response to the (b) stiffness and (d) damping
change. The ratio 1 represents the original scenario, and a bigger ratio
represents a higher stiffness/ damping coefficient.

2) Adaptability Validation: After controller comparison in
the default situation, we evaluate controller adaptability un-
der different scenarios. Specifically, we modify the stiffness
and damping based on the stiffness and damping ratios, and
the average errors are depicted in Fig. 9(a) and (c). The ra-
tio 1 represents the default physical parameter, and a higher
ratio represents a higher parameter. RNN and RNN_100, as
offline controllers, induce higher tracking errors under differ-
ent physical properties, especially with the stiffness change.
The online updating Jacobian controller fails under some ex-
treme situations, reflecting its limited adaptability. Leveraging
the online error compensation component, IFC outperforms
the original RNN in most adaptability tests, and MPC also
exhibits some adaptability to a certain extent, as indicated
by the robust errors. However, our controller still obviously
outperforms the other controllers with low errors in all cases
(<5 mm).

We further analyze the adaptation of the parameters A∗, B∗ in
response to the physical property change, as shown in Fig. 9(b),
(d). A simple soft robot finger is applied because its 1-D
parameter space enables direct visualization. The parameter A0

corresponds to the feedforward term, and higher actuation is
required in systems with higher stiffness or damping. Conse-
quently, A0 roughly increases as stiffness and damping coeffi-
cients rise. For the discussion of A1, we consider the simplified
control expression aaj,t = A00 +A1st +B00, where the robot
is expected to return to the original state 0 from the current state
st. A high-stiffness system tends to return to the equilibrium
(0), hence ‖A1‖ decreases. Meanwhile, a high-damping system
tends to resist motion and maintain the current state (st),
and ‖A1‖ should be larger. Regarding B0, we consider the
case aaj,t = A00 +A10 +B0at−1, and the feedforward term
B0at−1 serves as hysteresis compensation. In high-damping
systems, motion is heavily constrained, leading to a lower
‖B0‖. In contrast, high-stiffness systems store more energy and
exhibit stronger memory effects, necessitating a larger ‖B0‖ for
effective compensation.

TABLE III
COMPUTATIONAL TIME PER STEP (MS), AVERAGE ERRORS AND STANDARD

DEVIATIONS (MM) IN THE REAL EXPERIMENTS

B. Real Experiment Results

1) Controller Comparison: Using the real experiment setup
in Section III-B, we compare the control accuracy of MPC,
RNN, IFC, and AdapJ. We first initialize the controller matrices
A∗, B∗ following (7) with only 100 samples and the other
controllers with 5000 samples, as illustrated in Fig. 7(d). The
initial extended inverse Jacobian matrix A∗, B∗ are

A0 =

[
3.01 0.06
−0.03 3.00

]
, A1 =

[−1.79 −0.08
0.01 −1.77

]

B0 =

[−0.49 0.00
0.02 −0.57

] (12)

which are much different from the Jacobian controller con-
straints, which areA0 = −A1 = J−1, B0 = I mentioned in (4).
Such a misalignment demonstrates that the original Jacobian
controller is not suitable for soft robots.

We evaluate the controllers on trajectory-following tasks us-
ing both a spiral and a star-shaped path, as shown in Fig. 10.
These trajectories are chosen to assess controller performance
across curved segments, straight lines, and sharp turns. The robot
motions are shown in Fig. 10(a), and each experiment is repeated
for three trials, as in the following experiments. The average
tracking errors, standard deviations, and the computational time
per step are included in Table III. Our controller is linear in struc-
ture and employs only 100 samples for initialization, far fewer
than the samples used for RNN training (5000). Despite this,
AdapJ achieves lower tracking errors than MPC, RNN, and IFC.
Meanwhile, AdapJ achieves the shortest computational time.
The lower errors and shorter computational times are consistent
with the simulation results and structure simplicity statement in
Fig. 1. The computation times in the real-world experiments are
longer than in the simulation due to the increased dimensionality
of both the state and actuation spaces.

2) Adaptability Validation: The simple structure of our con-
troller makes it possible to update the matrices A∗, B∗ online
and adjust to situations different from the initial one, which
cannot be achieved by offline controllers like RNN. In this case,
we include different frequencies (8 and 15 Hz) and different
stiffnesses (Robots 2 and 3) to validate the adaptability of our
controller. The robot motions under the control of MPC, RNN,
IFC, and the proposed controller are shown in Fig. 10(b)–(e).
The errors and standard deviations are included in Table III.
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(a) (a) (c) (d) (e)

Fig. 10. Target trajectory (black) and measured robot motion of the (a) Robot 1 under 10 Hz, (b) Robot 1 under 8 Hz, (c) Robot 1 under 15 Hz, (d)
Robot 2, and (e) Robot 3 under the control of MPC [7] (purple), RNN [8] (blue), IFC [9] (green), and AdapJ (red). The light blue dots show the robot’s
working space. 4 (controller number) × 2 (trajectory number) × 5 (scenario number) × 3 (trial number for each condition) = 120 experiments are
included.

Frequency changes induce misalignment between the training
and the test situation. With limited inference ability and a lack
of online updating, the RNN controller can roughly follow the
trajectories but produces aggressive motions and higher errors,
as shown in Fig. 10(b) and (c). IFC, composed of RNN and
an online compensation mechanism, achieves adaptability with
lower errors than the original RNN. Meanwhile, MPC and our
controller can update online and follow the trajectories with
different frequencies and lower errors, while AdapJ achieves
the lowest tracking errors in these controllers.

Robot 2 is softer than Robot 1, and Robot 3 is harder than
Robot 1. Therefore, in the trajectory following tasks, the RNN
controller trained on Robot 1 will produce larger real trajectories
on Robot 2 and smaller real trajectories on Robot 3, as shown in
Fig. 10(d) and (e). Similarly, AdapJ achieves better tracking
accuracy than the other controllers in the physical property
adaptability experiments. Overall, under these diverse scenarios
(different frequencies, different stiffness, and different damping
in simulation), our controller can update online and follow
trajectories with the lowest errors, demonstrating its adaptability.

3) Disturbance and Obstacle Rejection: In addition to the
frequency and physical property adaptability, we also conduct
experiments to validate the robustness of our controller under
dynamic disturbance and fixed obstacles. In this experiment,
the manipulator is controlled to follow a Lissajous trajectory
for five rounds, as shown in Fig. 11(a). In the first round, the
manipulator can follow the trajectory. In the second round, we
continuously and randomly pitch the manipulator. Under the dy-
namic disturbance, the manipulator can still roughly follow the
trajectory and recover the following accuracy in the third round
without disturbance. In the fourth round, we fix an obstacle near
chamber III, as shown in Fig. 11(b). In this case, AdapJ follows
the trajectory by online updating and decides on a larger av ,
as illustrated in Fig. 11(c). After the adaptation to the obstacle,
we remove it in the fifth round, and AdapJ can still follow the

Fig. 11. (a) The target (red) and measured (purple) trajectories under
the control of AdapJ in five rounds. (b) The soft manipulator deformation
with and without an obstacle. (c) The average av in the 1st, 3rd, and 5th
rounds without obstacle (red) and av in the 2nd round under dynamic
disturbance (blue) and in the 4th round with an obstacle (purple).

target trajectory. The experiment results in Fig. 11 demonstrate
that the AdapJ is adaptive to dynamic disturbances and fixed
obstacles with the help of the extended Jacobian format and the
online updating strategy. The experiment video is included in
the Supplemental Video.

V. CONCLUSION

In this work, we return to one of the simplest soft manipulator
controllers, the Jacobian controller, and propose an extended
Jacobian controller adaptive to different situations. Such a con-
troller is inspired by the linear format of the Jacobian controller
and the parameter independence of the RNN controller. We also
employ motor babbling and batch optimization as the controller
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initialization strategy following the RNN controller and the
Gauss–Newton method as the updating strategy following MPC.
As mentioned in Fig. 1, this controller is simpler than any
controller except the Jacobian controller and outperforms any
other controllers on trajectory following tasks. In addition, such
a controller demonstrates its adaptability in various scenarios,
like different physical properties, frequencies, and even exter-
nal disturbances. AdapJ achieves internal adaptability defined
in [28], demonstrating adaptability across different robots. As a
soft manipulator controller, this controller addresses hysteresis
by including previous states and actuations as input and relaxing
the parameter coupling, and addresses nonlinearity by updating
online. As mentioned in [10], soft robot control researchers may
blame the Jacobian controller’s low efficiency and limited ap-
plication on the linear format. However, this work demonstrates
that a linear controller can achieve satisfying performance on
soft robots. All we need is a proper linear format, not the one
directly transferred from the rigid robot research.

Although the proposed AdapJ outperforms most controllers in
terms of control accuracy, computational time, and adaptability,
there are still limitations to this strategy. First, theoretical
guarantees remain underdeveloped. The coverage of parameter
updating leveraging the Gauss–Newton method has been
proven in [7]. However, providing formal proofs of coverage
and robustness for data-driven controllers in soft robotics is
still an open challenge. A key difficulty lies in establishing
an appropriate forward model that can adequately capture
the complex dynamics of soft robots. Although some
studies have employed the Jacobian forward model for
soft robotics [26], such a model is inherently limited due
to the simplifying assumption (�s = J�a), which does
not hold in soft robotic systems as discussed before. Also,
data-driven approaches, such as the statistical controllers [13],
[14] and RNN controllers [8], [15], always meet challenges
with theoretical validation due to the large parameter spaces
and reliance on empirical training. Although the parameters
in our controller A∗, B∗ have been explained roughly in
Section IV-A2, providing better explainability than RNN, a
rigorous theoretical analysis of their behavior and guarantees
is still absent. Enhancing the interpretability and provability of
such adaptive data-driven controllers remains a vital direction
for future work. Second, this study primarily proposes this con-
cept and initially validates its accuracy and adaptability in soft
manipulators. In future work, we would like to extend and adapt
this controller to more complex soft robots, such as modular
soft robots and mobile soft robotic platforms. The high dynamic
behaviors of modular soft robots caused by the modularity may
require more previous terms. Also, the nonhomogeneous matrix
induced by the higher degrees of freedom may be a challenge.
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