
11006 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 10, NO. 10, OCTOBER 2025

Structure-Preserving Model
Order Reduction of Slender Soft

Robots via Autoencoder-Parameterized Strain
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Thomas George Thuruthel , and Federico Renda

Abstract—While soft robots offer advantages in adaptability
and safe interaction, their modeling remains challenging. This
letter presents a novel, data-driven approach for model order
reduction of slender soft robots using autoencoder-parameterized
strain within the Geometric Variable Strain (GVS) framework.
We employ autoencoders (AEs) to learn low-dimensional strain
parameterizations from data to construct reduced-order models
(ROMs), preserving the Lagrangian structure of the system while
significantly reducing the degrees of freedom. Our comparative
analysis demonstrates that AE-based ROMs consistently outper-
form proper orthogonal decomposition (POD) approaches, achiev-
ing lower errors for equivalent degrees of freedom across mul-
tiple test cases. Additionally, we demonstrate that our proposed
approach achieves computational speed-ups over the high-order
models (HOMs) in all cases, and outperforms the POD-based ROM
in scenarios where accuracy is matched. We highlight the intrinsic
dimensionality discovery capabilities of autoencoders, revealing
that HOM often operate in lower-dimensional nonlinear mani-
folds. Through both simulation and experimental validation on a
cable-actuated soft manipulator, we demonstrate the effectiveness
of our approach, achieving near-identical behavior with just a
single degree of freedom. This structure-preserving method offers
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significant reductions in the system degrees of freedom and com-
putational effort while maintaining physical model interpretability,
offering a promising direction for soft robot modeling and control.

Index Terms—Modeling, control, learning, Reduced order
modeling, Strain parameterization, Deep Learning Methods,
Cosserat Rod.

I. INTRODUCTION

SOFT robots, inspired by biological organisms and evolu-
tionary designs [1], [2], offer advantages like adaptability

and safe interaction, making them ideal for applications in
agriculture, medicine, and inspection [3], [4], [5]. However, their
flexibility also complicates modeling and control, leading to
developments that benefit wider engineering and computational
applications.

Various modeling approaches have been developed for soft
robotic systems, including Finite Element Models (FEM), rod-
based models, and Machine Learning (ML) techniques [6],
[7]. FEM offers high accuracy but is often computationally
intensive due to its high-dimensional nature. ML methods can
capture complex nonlinear behaviors efficiently but may lack
interpretability and generalizability. Rod-based models strike a
balance between accuracy and computational efficiency, mak-
ing them a widely used alternative. Among these, the Piece-
wise Constant Curvature (PCC) model [8] was extended to the
Piecewise Constant Strain (PCS) model to include torsion and
shear [9]. The Geometric Variable Strain (GVS) model [10],
[11] further generalized this framework using a finite set of
possibly non-constant strain bases, with a recent formulation
supporting nonlinear, state- and time-dependent strains [12].
While more compact than FEM, these models can still result in
high-dimensional systems that are computationally demanding
to solve.

To address the high dimensionality of soft robotic models,
researchers have increasingly turned to structure-preserving Re-
duced Order Modeling (ROM) techniques [13]. These methods
aim to reduce computational cost while maintaining essential
physical behavior and interpretability, which is a hybrid ap-
proach that is neither purely physics-based nor purely data-
driven. A widely used ROM tool is Proper Orthogonal De-
composition (POD), which extracts dominant orthogonal modes
from data to project high-dimensional systems onto reduced
subspaces. POD has proven particularly effective when applied
to FEM, achieving significant speedups without sacrificing accu-
racy [14]. More recently, a hybrid approach combined POD with
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Fig. 1. Overview of our proposed model order reduction approach.

the GVS model by learning optimal strain bases directly from
data to construct compact dynamic models [15]. In addition to
POD, Autoencoder (AE) neural networks have emerged as pow-
erful tools for nonlinear dimensionality reduction, providing la-
tent representations that capture complex system dynamics. AE-
based ROMs have shown promise in modeling high-dimensional
mechanical systems [16], [17] and deformable solids [18], [19],
with growing interest in developing efficient latent spaces for
planar and 3D deformable objects to enable high-fidelity sim-
ulations at reduced computational cost [20], [21], [22]. To the
best of our knowledge, AE-based dimensionality reduction has
not yet been applied to strain-based rod models, leaving an open
opportunity for exploration in this direction.

In this letter, we employ autoencoders (AEs) to learn low-
dimensional strain parameterizations for slender soft robots.
These autoencoder-based parameterizations are then utilized
to construct the reduced-order model (ROM) while preserving
the Lagrangian structure of the GVS model. It is worth noting
that our proposed ROM method is neither purely physics-based
nor purely data-driven; rather, it adopts a hybrid approach that
leverages data-driven tools to enhance physics-based models.
We demonstrate that AE-based ROMs outperform Proper Or-
thogonal Decomposition (POD)-based approach [15], achiev-
ing lower errors for the same number of Degrees of Freedom
(DOFs). To further assess their effectiveness, we compare the
behavior of multiple systems under both AE and POD formu-
lations across different number of DOFs. We also show that
our method consistently reduces computation time compared to
the high-order models and outperforms the POD-based ROM
when evaluated at equivalent accuracy levels. Additionally, we
highlight the intrinsic dimensionality discovery capability of
AEs [23]. While Higher-Order Models (HOMs) operate in a
high-dimensional state space, their essential dynamics often
live in lower-dimensional nonlinear manifolds. We illustrate
this phenomenon through visualizations and discussions of the
lower-dimensional manifolds in the latent spaces of various
slender soft robotic systems. Finally, we experimentally vali-
date the AE-based ROM on a single-tendon soft manipulator,
demonstrating near-identical behavior with just a single DOF.

II. GEOMETRIC VARIABLE STRAIN MODEL

The GVS model is a strain-based reduced-order method for
modeling Cosserat rods (Fig. 2). The generalized coordinates
q of the model are parameters that define the rod’s strain
field. We provide a summary of the model’s kinematics and
the Lagrangian form of the governing equations. A detailed

Fig. 2. Cosserat rod and its discretization. The rate of change of g with respect
to X and t defines the local velocity twist η and the rod strain ξ. Rod cross-
section with the actuator routing, given by dk(X), is shown in the inset.

derivation of the model, along with analytical expressions for
all its components, is available in [12].

A. Kinematics

The kinematics involves determining the position and orien-
tation of a reference frame associated with the cross-sections of
the rod. We represent this using a homogeneous transformation
matrix g(X) ∈ SE(3), where, X ∈ [0, L], L being the length
of the rod. The rod strain ξ and the local velocity twist η are
defined by the rate of change of g with respect to X and time t
(Fig. 2).

g′ = gξ̂ , (1a)

ġ = gη̂ , (1b)

where, •̂ is the isomorphism from R6 to se(3). The rod strain
is typically represented as a linear function of the strain basis
Φξ(X).

ξ(X, q) = Φξ(X)q + ξ∗(X) , (2)

where, q ∈ Rn is the generalized coordinates of the robot and
ξ∗ represents the reference (stress-free) strain of the Cosserat
rod.

However, nonlinear or coordinate-dependent strain bases
were proposed in [12]. Accordingly, the strain field is param-
eterized as follows:

ξ(X, q) = Ψξ(X, q) + ξ∗(X) . (3)

Using (3) in (1a) and integrating in X we obtain the kinematic
map from q to g(X).
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Considering the equality of the mixed partial derivatives of
g, we obtain the derivatives of velocity and acceleration twists
with respect to X:

η′ = ξ̇ − adξη , (4)

η̇′ = ξ̈ − adξ̇η − adξη̇ , (5)

where ad(·) ∈ R6×6 is the adjoint operator of se(3) and the time
derivatives of ξ are given by:

ξ̇ =
∂Ψξ

∂q
q̇ , (6)

ξ̈ =
∂Ψξ

∂q
q̈ +

(
∂2Ψξ

∂q2
q̇

)
q̇ (7)

The integration of (4) and (5) leads to the definition of the
geometric Jacobian J(q, X) and its time derivative J̇(q, q̇, X).

B. Dynamics and Statics

The free dynamics of the Cosserat rod are projected onto the
space of generalized coordinates using the geometric Jacobian,
according to the D’Alembert-Kane method, to derive the La-
grangian form of the dynamic equations:

M(q)q̈ +C(q, q̇)q̇ +D1(q, q̇) +K1(q) = B(q)u+ F (q)
(8)

where, M is the generalized mass matrix, C is the generalized
Coriolis matrix, D1 is the generalized damping force, K1 is the
generalized elastic force, B is the generalized actuation matrix,
u is the vector of actuation forces, and F is the generalized
external force. The generalized static equilibrium equations are
obtained from (8) by setting q̈ = 0 and q̇ = 0.

K1(q) = B(q)u+ F (q) (9)

Since the free dynamics of the soft body are expressed in a
continuum (distributed) form, the projected quantities Q are
integrated along the rod domain using a quadrature method.∫ L

0

Q(X)dX =

np∑
i=1

wiQ(Xi) (10)

where, np is the number of quadrature points and wi are quadra-
ture weights.

C. Actuation With Frictional Dissipation

The actuation wrench in the local frame is obtained by cal-
culating the moment and force acting on the rod’s centerline:

Fa(X) =

na∑
k=1

[
dk × tk

tk

]
αkuk = Φa(q, X)u (11)

where Φa(q, X) ∈ R6×na is the actuation basis, na is the num-
ber of actuators,dk(X) ∈ R3 is the distance from the center-line
to actuator k, and tk(X) is the unit vector tangent to the actua-
tor’s path. In the presence of friction, the cable tension decreases
along the rod due to the interaction between the tendon and the
soft body. This effect has been studied in previous work [24]. In
such case, the reduction in cable tension is accounted for by an
attenuation factor αk(X) given by:

αk(X) = e−μ
∫ X
0 φk(s)ds (12)

where μ is the coefficient of friction, and φk(X) is the curvature
of the actuator.

III. REDUCTION VIA AUTOENCODERS

Our aim is to find the strain function Ψξ that would appropri-
ately describe the rod’s strain field. For generic soft rod systems,
selecting such a function is non-trivial. We propose to learn this
parameterization from strain data generated by a ground-truth
HOM. The decoder of a trained autoencoder then serves as the
nonlinear strain function Ψξ. An overview of our proposed
approach is summarized in Fig. 1. To integrate the reduction
approach with the discrete domain implementation of the GVS
model (see [12]), we sample the 6D strains at p points along
the Cosserat rod abscissa, a concatenated vector of strains and
twists can be defined as:

¯̄Ψξ :=
[
ξT1 − ξ∗T1 , ξT2 − ξ∗T2 , . . ., ξTp − ξ∗Tp

]T ∈ R6p (13)

where ξj − ξ∗j is the deviation from reference strain at the jth

computational point. The computational points include both the
quadrature points used for spatial integration in (10) and those
used for kinematic computations.

Now, multiple samples of ¯̄Ψξ generated by the HOM is the
data that will be used in training the AE. It is worth noting that the
proposed AE-based ROM is broadly applicable, requiring only
representative strain fields. The key requirement for the amount
of training data is to reflect the system’s expected operating
conditions -for instance, contact scenarios- and cover thoroughly
the actuation/input space. The AE’s function is to reconstruct the
input as follows:

¯̄Ψξ,rec = D(E( ¯̄Ψξ)), (14)

while minimizing the regularized reconstruction loss:

L = ‖ ¯̄Ψξ,rec − ¯̄Ψξ‖22 + λ
∑
i

‖W i‖22, (15)

where D is the decoder function, E is the encoder function, L
is the reconstruction loss, λ is the regularization parameter, and
W i is the weight matrix of the ith layer of the AE. We include
the L2 regularization term to avoid overfitting with λ = 10−4.

We use tanh activation functions for all layers in the AEs
we train. Such function is convenient as the first and second
derivatives are continuous, facilitating the use of numerical
solvers and avoiding potential issues that might arise when
using discontinous functions. We use two architectures as strain
parameterizations in our examples, mainly a shallow AE of 3
hidden layers, and a deeper AE of 7 hidden layers. To systemat-
ically evaluate their performance, we analyze the reconstruction
error (RMSE) across varying latent space dimensions (1, 2,
and 3 DOFs) and AE depths (3, 5, and 7 hidden layers). The
results of this study, conducted for the cases in Sections IV-A
and IV-B, are summarized in Table I. These two examples were
selected for their suitability for both analysis and visualization.
The findings illustrate how the theoretical minimum number of
DOFs required by a system influences the AE’s representational
capability. For example, using a single DOF for the inherently 2D
system in Section IV-B leads to a significant reconstruction error,
as evidenced by the sharp error reduction when increasing to 2
DOFs, unlike the 1D case in Section IV-A, which is effectively
captured even with a single DOF.

The encoder and decoder are symmetric, with layer sizes
following a geometric progression: the encoder halves the
size at each layer, while the decoder doubles it. For example,
the sizes of the decoder layers of the deeper AE variant are
r, 6p/8, 6p/4, 6p/2, 6p. The “six” here is due to the six strain
modalities in general, however it can be less if some strains are
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TABLE I
RMS RECONSTRUCTION ERRORS ACROSS THE FULL DATASET FOR DIFFERENT

AE ARCHITECTURES AND LATENT SPACE DIMENSIONS (DOFS) FOR THE

SCENARIOS IN SECTIONS IV-A AND IV-B

not excited. The latent space layer size is chosen based on the
reduced number of generalized coordinates qr , that is r. Then
the strain parameterization would be:

¯̄ξ(qr) = D(qr) +
¯̄ξ∗ , (16)

and from here the derivation for the whole model can begin. The
decoder’s first derivative and the vector product of the second
derivative with q̇r are needed as seen in (6) and (7). The first
derivative (the network jacobian) can be easily acquired analyt-
ically using the chain rule. To avoid computing the expensive
second derivative of the decoder (i.e., the network Hessian),
which is required in (7), we instead utilize the following relation:

∂2Ψξ

∂q2
q̇ =

∂ξ̇

∂q
, (17)

which is once again computed analytically using the chain rule.
The analytically computed strain gradients from smooth AE

decoders, combined with the differentiability of the GVS-based
Lagrangian formulation [25], ensured stable convergence across
all static and dynamic simulations presented in this work.

IV. SIMULATIONS

To evaluate the performance of the proposed AE-ROM
method, we conducted a series of simulation studies on three
different systems. For solving statics, we used MATLAB’s
fsolve with its default trust-region-dogleg algorithm with default
tolerances. Alternative algorithms like Levenberg-Marquardt
and trust-region were also tested and yielded identical results
with varying computation times. For dynamics, we used the
semi-implicit solver ode15 s, as explicit solvers like ode45 and
ode113 led to significantly slower simulations due to system
stiffness. The PC specifications for all computations presented
here are as follows: 13th Gen Intel(R) Core(TM) i9-13900HX,
2.20 GHz, 64.0 GB RAM. The MATLAB version used is
R2024a.

A. Single-Tendon Soft Manipulator

Here, we study the case of a soft manipulator actuated by
a single tendon under gravitational load in a cantilever posi-
tion. Table II includes the dimensions and material parame-
ters of the manipulator. Frictional effects are accounted for as
presented earlier in (11) and (12), with a coefficient of 0.88.
The cable path is linear, defined by d1(0) = [0, 0, 1]T cm and
d1(L) = [0, 0, 0.3]T cm at the base and tip of the manipulator,
respectively. As this is a planar deformation scenario, only three
strains will be excited: bending about y, shear along z, and
elongation. Each of these 3 strains is parameterized using a 10th

TABLE II
PARAMETERS OF THE CABLE DRIVEN SOFT MANIPULATORS

Fig. 3. Latent space visualization for the trained AE network using a) 2 DOFs
and b) 3 DOFs. Each black dot represents the latent space coordinates for a
training sample.

order Legendre polynomial, resulting in a total of 33 DOFs for
the manipulator.

Multiple strain snapshots are collected and organized accord-
ing to the methodology discussed in Section III. Each snapshot is
associated with an actuation value, with 1000 levels of actuation
ranging from−6 N to 3 N. We define an abscissa discretization of
102 points, making each snapshot of a vector of 306 dimensions.
The snapshots are then used as the training samples for the AE
network. Three AEs are trained, with a latent space of dimension
1,2 and 3. The reconstruction errors for multiple AE depths and
latent space dimensions are detailed in Table I.

Before using the decoder of the AE as a reduced nonlinear
basis, we infer the encoder with the training samples to inspect
the latent space. We know that in the presented case of static
equilibrium that a single DOF is capable of describing the
behaviour of the system. Indeed we observe, as seen in Fig. 3(a)
and (b), that the latent space coordinates of the training samples
form a 1D curve in 2D and 3D spaces. This behaviour arises
naturally with complete unsupervision in the training process,
hinting at the AE’s ability to discover the intrinsic dimensionality
of the underlying system.

The single DOF AE is then utilized as the reduced nonlinear
basis for the manipulator, and the static equilibrium is solved at
different actuation levels. It can be seen from Fig. 4 that using
only one DOF, the ROM is able to produce almost the same strain
field as the HOM. The figure also shows how the AE-based ROM
shows superior performance compared to the POD-based ROM,
despite having 2 DOFs.

At 1 DOF, the AE-based ROM achieved less than 1% strain
error with respect to the HOM, with the Mean Absolute Error
(MAE) error evaluated at all quadrature points along the rod.
We used this as the accuracy threshold for a fair comparison and
increased the number of POD modes until the same criterion was
met. This occurred at 7 DOFs. The corresponding strain profile
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Fig. 4. Comparison between the AE-based 1 DOF and the POD-based 2, 7
DOFs ROMs to the HOM. As inset, the configurations of the manipulator at
different actuation levels using the AE ROM.

is also shown in Fig. 4. In this comparable accuracy setting, the
AE-based ROM completed the computation in 42 ms on average,
whereas the POD-based ROM required 165 ms on average,
resulting in a speed-up factor of 3.9. Both offer substantial gains
over the HOM, which took 670 ms on average.

B. Soft Beam Under External Moment

We move to a different system, where a soft beam under-
goes bending due to an applied external moment of different
magnitudes at different locations. The beam has a length of
0.8 m, a radius of 1.5 cm, and a Young’s modulus of 1 MPa.
The beam is only subjected to a moment that acts along the
local y-axis and is distributed in the shape of a triangular pulse,
centered at a specific point with a base width equal to 10% of
the beam’s total length. The analytical strain solution to this
problem is a sigmoid function. Thus, in order to capture this
highly nonlinear strain profile, we employ local strain bases that
resemble linear FEM shape functions. Correspondingly, a 50
DOFs local strain parameterization is used to generate the HOM
strain data used for the AE training. The dataset is generated
from 5000 solutions of moment locations X/L ∈ [0, 1] and
magnitudes Me ∈ [−5, 5] N.m.

We then move forward to test the intrinsic dimension discov-
ery property of the AE. We train AEs to see how the resulting
manifold appears, and we report the reconstruction errors across
different numbers of hidden layers and latent space dimensions
in Table I. We see that the resulting latent space is indeed a
surface in 3D space, due to having two main contributors to
the data, location and magnitude. For simplicity, we show in
Fig. 5 the latent space of a simpler shallow AE as the surface
increases in complexity when the AE becomes deeper. However,
we employ a deeper AE as the ROM strain function with better
reconstruction capabilities, and proper visualization of it’s latent
space is present in the multimedia attachment of this letter.
Fig. 5(a) and (b) show how the training samples construct the sys-
tem’s intrinsic manifolds in both 2D and 3D space respectively.
We observe that the latent space coordinates form a perfectly 2D
surface in 3D space. Symmetry can also be seen around the origin
in both latent spaces, due to the positive and negative duality
in the dataset for positive and negative moments. Additionally,
this symmetry point is the bottleneck between both positive and
negative halves, and exhibits a high density of points around
it. That is due to the fact that sigmoids of small magnitudes

(close to zero) look similar regardless of the location, and
consequently mapped to a similar region to the zero magnitude
point. Particularly at zero magnitude, information about the
location is completely lost, and thus mapped to a singularity,
resulting in ill-conditioning of the problem. Similar issues arise
in nonlinear strain parametrization, where at some coordinates
the basis matrix can be singular as discussed in [12]. This issue
can be avoided by using an alternative strain parameterization,
such as global or local linear bases, although this typically comes
at the expense of introducing many additional DOFs.

The decoder of the deeper AE is then employed as the nonlin-
ear strain parametrization for the system, with a 2 dimensional
latent space. The same data used for the AE training is decom-
posed using POD and the bases are to build a 2 dimensional
POD-based ROM. We then compare the performance of both
ROMs for two different loading conditions, 4 N.m applied
at X/L = 0.25, and 2 N.m applied at X/L = 0.75. Both the
AE-based and the POD-based ROMs are then solved and the
performance is compared in Fig. 6. It can be seen that the
AE-based ROM is capable of producing strains very similar to
the HOM and much better than the POD-based one using the
same number of generalized coordinates.

We used the same evaluation metric as before to assess
computational speed. For this highly nonlinear strain profile,
19 POD modes were required to achieve a comparable strain
error (< 1%), as shown in Fig. 6. In this comparable accuracy
setting, the AE-based ROM completed the computation in 37ms
on average, whereas the POD-based ROM required 239ms on
average, resulting in a speed-up factor of 6.5. Once again, both
reduction approaches offered substantial gains over the HOM,
which took 810ms on average.

Additionally, we train the autoencoder on noisy strain data
to assess its impact on the resulting latent space manifold. We
find that noise locally introduces an additional dimension to the
manifold; however, it largely retains the same global structure as
in the noise-free case. Interestingly, the performance of the AE as
a strain parameterization remains almost unaffected, which we
attribute to the inherent denoising capabilities of autoencoders.
Visualizations of the latent space manifolds for the AEs trained
on noisy data, corresponding to the scenarios in Sections IV-A
and IV-B are provided in the video attachment accompanying
this letter.

C. Six-Tendon Multisection Soft Manipulator

This section introduces a six-actuator manipulator with a
different actuation configuration: three actuators span the entire
body, while the remaining three operate over half its length. The
actuators are arranged 60 degrees apart in an alternating pattern
of full- and half-body actuation domains, with straight paths
on the manipulator’s surface. The dimensional and material
parameters for the manipulator are summarized in Table II,
and the tendon interactions with the body is assumed to be
frictionless.

Strain discontinuities arise where cables terminate midway
along the manipulator. Since continuous approximation func-
tions may fail to capture these, the HOM framework partitions
the domain of the rod into two segments, each with independent
strain bases. Torsional, elongation, and shear strains use first-
order (linear) Legendre polynomials, while bending strains use
second-order (quadratic) ones. This parameterization yields 28
DOFs for the full manipulator.
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Fig. 5. Latent space visualization for the trained AE network using (a) 2 DOFs and (b) 3 DOFs for the soft beam under external moment. Each dot shows the
latent coordinates of a training sample, using a shallower AE than in simulation for ease of visualization. The color gradient is purely for visualization purposes
and is correlated with the value of q3. The surfaces resulting from deeper AEs can be seen in the accompanying multimedia material.

Fig. 6. Comparison between the AE-based 2 DOFs and the POD-based 2, 19
DOFs ROMs to the HOM. As inset, the configurations of the soft beam at when
subjected to two different moments at both X/L = 0.25 and 0.75 using the
AE-based ROM.

1) Statics: As demonstrated in [15], uniform sampling -or
grid sampling- of the actuation domain is the most effective
strategy for generating HOM data in the context of POD-based
ROMs, despite its inherent exponential complexity. However,
when applied to training an AE, this approach fails to adequately
describe the underlying manifold. To illustrate this, we trained
two AEs using the same amount of data but with different
sampling strategies: one with uniform sampling of the actuation
space and the other with random sampling, both having a 6D
latent space. We then visualized the latent space by projecting
the 6D points of the training samples onto the first three principal
components. As depicted in Fig. 8, the uniformly sampled
data produces a sparse manifold with significant uncharted
regions, with no guarantees that these regions result in the
proper behavior or not. Whereas the randomly sampled data
yields a more evenly parameterized manifold. This distinction is
critically important, as a well-parameterized manifold facilitates
the iterative load ramping approach for finding static equilibrium
solutions. An important aspect to note in such systems is the
critical role of the initial guess provided to the solver. Using
well-informed initial conditions can significantly improve con-
vergence and may eliminate the need for techniques like load
ramping altogether.

We adopt the random sampling approach to generate a static
equilibrium dataset comprising 20,000 samples, with actuation
forces randomly distributed within the range of [−30, 30]N . We
trained an AE with a 6D latent space—matching the system’s
six actuators—and compared it against a POD-based ROM

with 6 modes. Simulation results for five arbitrary actuation
inputs were used to evaluate the computational performance and
accuracy of both ROMs at equal DOFs. Fig. 7 illustrates the
resulting configurations and tip position errors for both ROMs
relative to the HOM (28 DOFs). While the POD-based ROM was
slightly faster, averaging 94 ms per static equilibrium evaluation
compared to 106 ms for the AE, the AE-based ROM achieved
significantly higher accuracy. The tip position error was 2.32 cm
(3.9% of the manipulator length) for AE, versus 4.95 cm (8.3%)
for POD. For reference, the HOM required 276 ms on average.

2) Dynamics: We adopt a similar approach to [15] and use
actuator babbling to generate the dynamic simulation dataset.
Random actuation values within the range [−15, 0]N are applied
to each actuator, with holding times randomly varied between
0.5 and 1s, independently for each actuator.

We simulate three minutes of variable-hold babbling, sam-
pling the strain field evolution at 100 Hz, which yields 18,000
strain snapshots. These snapshots are used to train multiple AEs
with varying latent space dimensions. The decoders of these
AEs are then integrated as the nonlinear strain parametriza-
tion. The resulting AE-based ROMs are evaluated on a new
random actuation sequence lasting 10 seconds, with changes
occurring every 1 s. Their performance is compared to that
of a POD-based ROM with the same number of DOFs and
the HOM. The results of these tests are summarized in Fig. 9,
which depicts the average tip position errors between the ROMs
and the HOM over the 10-second test. The AE-based ROM
consistently outperforms the POD-based ROM across all tested
DOFs, achieving reductions in average errors of up to 80%.
As shown in the inset of Fig. 9, the trace of the tip position
at 7 DOFs highlights the superior qualitative performance of
the AE-based ROM. In terms of computational speed, similar
trends to the static case were observed. For the same number
of DOFs, the POD-based ROM was consistently faster, with
evaluation time increasing almost linearly with the number of
modes. In contrast, the AE-based ROM exhibited comparable
runtimes at lower DOFs but showed a higher-order growth in
evaluation time as the DOFs increased. For instance, at 7 DOFs,
the POD-based ROM completed the simulation in 11.6 seconds,
while the AE-based ROM required 17.2 seconds, approximately
48% slower. However, this came with a significant improvement
in accuracy: the tip position error was reduced from 7% for POD
to 1.9% for AE. In comparison, the HOM simulation took 114.3
seconds, highlighting the substantial efficiency gains achieved
by both ROMs. Furthermore, a video comparison between the
proposed ROM and the HOM for the 10-second dynamics test
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Fig. 7. Comparison of the AE-based ROM (gold), POD-based ROM (red), and HOM (green) for the six-actuator manipulator’s static equilibrium under different
actuation force. Each figure is accompanied by the corresponding actuation forces and tip position errors of the ROMs relative to the HOM.

Fig. 8. Projections of the 6D latent space coordinates for the training samples
of the six-actuator manipulator, comparing uniform (grid) and random sampling
strategies. The color gradient is for visualization purposes and represents the
value of PC3.

Fig. 9. Comparison of computational times and average tip position errors
(expressed as a percentage of the body length) between the AE-based and POD-
based ROMs relative to the HOM, evaluated for varying numbers of DOFs1.
The inset illustrates the trace of the tip positions for the three models over a
10-second test, as discussed in Section IV-C2, specifically for 7 DOFs ROMs.

across multiple DOFs can be examined in the accompanying
multimedia material.

V. EXPERIMENTAL VALIDATION

In this section, the performance of the proposed ROM is
assessed in an experimental prototype in order to demonstrate
the validity of our approach in real scenarios. Material properties
for the prototype were identified experimentally, yielding the
parameters detail in Table II, and a friction coefficient of 0.88.

Fig. 10. (a) Snapshots of the experimental prototype taken at different actua-
tion values. (b) Resulting configurations of the ROM using a single DOF, with the
AE-based ROM (blue) and the POD-based ROM (red). The actual experimental
tip positions are indicated with the red circles.

TABLE III
SUMMARY OF AE- AND POD-BASED ROMS COMPUTATIONAL PERFORMANCE

UNDER DIFFERENT EVALUATION CRITERIA. TIME IS IN SECONDS. † INDICATES

7 DOFS

The actuation system consists of a Blue Bird BMS-A922+
servo motor and a highly accurate Micro S-type Load Cell
B313-20 N for tension measurement at the base. Specific servo
motor rotations were commanded to exert tensions measured
at (−1.12,−2.35,−3.7,−5.05) N. The resulting manipulator
configurations are illustrated in Fig. 10(a). Tip positions were
captured using a camera system for comparison with the ROM.

For the ROM, simulation data are generated over the same
range of actuation forces presented in Section IV-A, with both
gravity and friction taken into account. Once the AE was trained,
the ROM is constructed based on the decoder as the nonlinear
strain parametrization, and is solved and compared with the
experimental results. As seen in Fig. 10(b), the errors for the
AE-based ROM are small, with an average error of 0.87 cm
and a maximum error of 1.43 cm for the tip position, which
represents 3.48% and 5.72% of the body length respectively. In
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comparison, the POD-based ROM exhibits significantly higher
errors, with an average of 4.76 cm and a maximum of 6.42 cm,
representing 19.04% and 25.68% of the body length respec-
tively. This showcases state-of-the-art performance for modeling
such a system with a single DOF.

VI. CONCLUSION

In this letter, we introduced an autoencoder-based approach
for model order reduction of slender soft robots that preserves the
underlying Lagrangian structure of the system. By identifying
the nonlinear strain parameterizations through autoencoders,
the method achieved substantial improvements over POD-based
reduction across diverse test cases involving three systems: a
single-actuator soft manipulator, a soft beam under external
moments, and a six-actuator multisection manipulator in both
static and dynamic scenarios.

We highlighted the ability of autoencoders to naturally dis-
cover the intrinsic dimensionality of systems, as evidenced by
the emergence of lower-dimensional manifolds in the latent
space. This capability enables more efficient representations of
complex strain fields without requiring prior knowledge of the
underlying structure. Table III summarizes the performance of
the AE and POD ROMs. In the simulation studies, AE achieved
faster computation than POD when targeting the same strain
error relative to the HOM. In contrast, for the same number of
DOFs, POD was faster, but its accuracy was significantly lower
than that of AE, with both the AE- and POD-ROMs offering
speed-ups compared to the HOM.

Experimental validation on a single-cable, cable-actuated soft
manipulator demonstrated the practical applicability of our ap-
proach, achieving an average tip position error of just 3.48% of
the body length with a single DOF.

While the nonlinear parameterization inherent to AE-based
ROMs introduces additional computational complexity in
derivative calculations compared to linear models, our results
show that it performs better computationally at the same accu-
racy level, facilitating its applicability to real-time simulation
for control purposes. This trade-off, combined with the reduced
system dimensionality, is particularly beneficial for model-based
motion planning and shape estimation using limited sensing.
Future work may explore extending this approach to hybrid
soft–rigid systems, further broadening its practical impact.
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