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Anchoring Morphological Representations Unlocks Latent

Proprioception in Soft Robots

Xudong Han, Ning Guo, Ronghan Xu, Fang Wan,* and Chaoyang Song*

This research addresses the need for robust proprioceptive methods that capture
the continuous deformations of soft robots without relying on multiple sensors
that hinder compliance. The authors propose a vision-based deformation
learning strategy called latent proprioception, which anchors the robot’s overall
deformation state to a single internal reference frame tracked by a miniature
onboard camera. Through a multi-modal neural network trained on simulated
and real data, the authors unify motion, force, and shape measurements into
a shared representation in latent codes, inferring unseen states from readily
measured signals. The experimental results show that this approach accurately
reconstructs full-body deformations and forces from minimal sensing data,
enabling soft robots to adapt to complex object manipulation or safe human
interaction tasks. The proposed framework exemplifies how a vision-based
deformable learning approach can inform and enhance robotics by reducing
sensor complexity and preserving mechanical flexibility. The authors anticipate
that such hybrid system codesign will advance robotic capabilities, deepen
the understanding of natural movement, and potentially translate back into
healthcare and wearable technologies for living beings. This work paves the
way for soft robots endowed with greater autonomy and resilience. All codes
are available at GitHub: https://github.com/ancorasir/ProSoRo.

1. Introduction

Soft robotics has emerged as a transforma-
tive field that leverages highly deformable
materials, such as elastomers, gels, and
flexible polymers, to construct robots
capable of safe and adaptive interactions
with complex environments.!"™ These soft
robots excel in tasks requiring compliance
and adaptability, allowing them to conform
to unstructured terrains,®™ manipulate
delicate objects,'>"*) and perform chal-
lenging functions for rigid robots.**~*")
Applications span from medical and wear-
able devices that safely interact with human
tissuel’® 2 to exploration robots that navi-
gate unpredictable terrains.*!*? The inher-
ent compliance of soft materials enhances
safety and enables a new class of robotic
functionalities unattainable with traditional
rigid designs.[*%*!

Despite these advantages, soft robots’
continuous and high-dimensional defor-
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mations present significant challenges
in modeling, control, and sensing.**?!
Traditional robotic proprioception relies
on joint encoders and discrete sensors to measure positions
and forces at specific points, providing precise control over rigid
structures.”®2® In contrast, soft robots lack discrete joints
and exhibit infinite degrees of freedom, making it difficult to
accurately measure and model their state using conventional
rigid-body models and sensing techniques.?*% The nonlinear
and often unpredictable behavior of soft materials complicates
the development of accurate models necessary for control
and sensing, hindering the deployment of soft robots in
applications.**2%31
To address these challenges, researchers have explored
embedding numerous sensors within the soft materials, such
as stretchable strain sensors,*>** fiber optics,****! or conductive
composites,?®3”! to capture detailed deformation information
throughout the robot’s body.”®*! While effective in increasing
observability, this approach can disrupt the mechanical proper-
ties of the soft materials, add significant complexity, and reduce
the overall robustness of the system due to sensor fragility.*>*"!
Another avenue involves leveraging advancements in machine
learning to infer internal states from limited sensor data.[*'*?!
Deep learning and latent space modeling have been employed
to extract meaningful representations from high-dimensional
sensory inputs.[4345] Latent representations compress complex
deformation data into lower-dimensional spaces, capturing
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essential features without exhaustive sensing.[46"48] However,

these methods often require extensive training data and compu-
tational resources and may lack interpretability, limiting their
practicality for real-time control and interaction in soft robot-
ics.*®*1 Recent works**! on variational autoencoder present
their potential applied to multimodal learning, but mainly lim-
ited to supervised image data and lack of relation analysis among
latent codes and explicit modalities.

This paper introduces a new proprioceptive method for
soft robots by anchoring their morphological representations
to a single internal reference frame. At the core of this approach
is ProSoRo, a generalizable method that encodes the interactions
of the robot’s deformable structure by tracking a single internal
reference frame using miniature vision. The method captures
essential information about overall robot deformation while
significantly reducing sensing complexity by tracking how the
reference frame moves relative to a fixed boundary. To interpret
these measurements, a multimodal variational autoencoder
(MVAE) unifies motion, force, and shape data into a shared latent
space called latent proprioception. This enables crossmodal
inference, allowing the estimation of internal forces and full-
body deformations from more straightforward motion-based
measurements. Within the latent representation, the robot’s fun-
damental morphing primitives naturally emerge, offering inter-
pretable insights into its deformation patterns. Validation in
simulations and real-world experiments demonstrates robust
force and shape estimation across various soft robotic structures
with high sim-to-real transferability. ProSoRo’s capabilities are
further showcased through the digitalization and synthesis of
complex movements, as well as the execution of sequential con-
tact reasoning during manipulation tasks using a soft-rigid
hybrid arm. Altogether, this method provides a scalable and prac-
tical solution for soft robot proprioception, bridging the gap
between continuous deformations and efficient control strategies
and opening avenues for advanced, adaptive robotic systems. The
main contributions of this work are listed as follows: A general-
izable vision-based approach encoding the interactions of the
robot’s deformable structure by tracking a single internal refer-
ence frame, drastically simplifying sensing requirements while
preserving essential information about the deformation state. A
multimodal variational autoencoder (MVAE) model integrating
motion, force, and shape data into a shared latent space, enabling
crossmodal inference and interpretable morphing primitives.
Systematic validation on six different structures in both simu-
lated and real-world settings shows robust sim-to-real transfer
and effectiveness with these soft robot modules demonstrated
in a soft-rigid hybrid arm for delicate manipulation.

Section 2 proposes the method to anchor soft robotic motion
to a single internal frame, leading to the design and characteri-
zation of ProSoRos. Section 3 introduces a multimodal
variational autoencoder (MVAE) that fuses motion, force, and
shape data into shared latent codes capturing key morphing
primitives. Section 4 evaluates Sim2Real transfer by assessing
the MVAE’s shape and force estimations. In Section 5, we dem-
onstrate the utility of latent proprioception using a tendon-driven
platform. Section 6 showcases sequential contact reasoning in a
soft-rigid hybrid arm during pivoting manipulation. Finally, the
concluding section discusses this work’s limitations, potential
refinements, and implications.
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2. Anchoring Soft Robotic Motion for
Proprioception

2.1. Design & Fabrication of ProSoRo

This study introduces an anchor-based approach that leverages a
single internal reference frame to infer the full proprioceptive state
of a soft robot, encompassing motion, force, and shape. Our design
strategy begins with fundamental geometric primitives, cylinders,
octagonal prisms, and quadrangular prisms, foundational ele-
ments for soft robotic structures in Figure 1(a). The proprioceptive
soft robot (ProSoRo) consists of the top frame, marker, metastruc-
ture, bottom frame, fill light, camera, indicator light, and mounting
base, shown as Figure 1(b). The top frame, bottom frame, and
mounting base are fabricated using resin by stereolithography
(SLA) 3D printing. The camera (WX605, VISHINSGAE) is
mounted in the bottom frame, with an FOV of 150, a resolution
of 1280720 x pixels, and a frame rate of 120 frames per second
(fps). By manually adjusting the lens, the focus position falls on
the marker (ArUco) pasted on the top frame. The ambient and indi-
cator lights are printed circuit boards (PCBs) with several program-
mable light-emitting diodes (LEDs).

We fabricated prototypes of six ProSoRo variants to achieve
transparency and compliance using clear silicone and polyure-
thane (Supplementary Movie S1). Figure 1(c) shows prototypes
of ProSoRos and images captured by inner cameras. The cylinder,
octagonal prism, and quadrangular prism are molded with clear
silicone (Solaris, Smooth-On) whose hardness is 15 A, while the
omni-neck, origami, and dome are molded with polyurethane rub-
ber (Hei-Cast 8400, H & K) whose hardness is 70 A. They are all
molded following similar steps shown in Figure 1(d): first, the
mold box is assembled, several pour spouts are placed at the bot-
tom of the box, and a 3D-printed model is pasted on them; second,
the silicone rubber is poured into the box and completely envelops
the model; third, after the mold cures, the model and the spouts
are removed, and the mold is cleaned preparing for molding;
fourth, the mold is tied up with a strap and the soft material
selected for the metastructure is poured into the mold; finally, after
the material cures, we get the metastructure. The metastructure is
bonded with the top and the bottom frames using epoxy adhesive,
and other parts are assembled with fastening pieces.

These structures exhibit intricate deformation patterns and
mechanical responses that are challenging to model and control
using conventional methods. The idea is to anchor the robot’s
morphological representation to a single reference frame within
the structure, depicted as a purple point in Figure 1a. This ref-
erence frame is a surrogate for the robot’s overall deformation
state, capturing essential information about its motion relative
to a fixed boundary. We can infer high-dimensional propriocep-
tive data from low-dimensional observations by establishing a
consistent relationship between the anchor frame’s motion,
the forces exerted at the base, and the global shape deformation.
We developed Proprioceptive Soft Robots (ProSoRo), an inte-
grated system that combines soft materials with embedded sens-
ing capabilities to realize this concept. Each ProSoRo features a
metastructure mounted between a top and bottom frame, with a
marker affixed to the top frame as the anchor frame. A miniature
monocular camera in the bottom frame tracks the marker’s
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Figure 1. ProSoRo’s vision-based anchoring design. a) Exemplified
designs of ProSoRo with their proprioception anchored by a single refer-
ence frame. b) Integrated design to visually track the spatial deformation
anchored at a marker inside. c) Prototypes of ProSoRos and images
captured by inner cameras. d) Fabrication process of the ProSoRo’s
metastructure.

— 3D printed model
-

Soft material

real-time movement. Including programmable fill lights ensures
consistent illumination, enhancing the reliability of visual track-
ing, while indicator lights provide immediate feedback on
motion direction and magnitude.

2.2. Mechanical Robustness Characterization

To assess the mechanical robustness of these designs, we con-
ducted a half-million-cycle compression test on the omni-neck
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ProSoRo. The force versus time curve remained stable between
—60 and 20N throughout the test, demonstrating excellent
durability and suitability for long-term applications. The cyclic
compression test of the omni-neck ProSoRo was measured
with a linear dynamic test (ElectroPuls E3000, Instron) under
a cyclic frequency of 5Hz. The forces along the z-axis were
collected under a maximum compressing displacement of
3mm during 0.5 million cycles, plotted versus time as shown
in Figure 2a.

To test the performance under a single translation or rotation,
we used a robot arm (UR10e, Universal Robots) to drive the top
surface of the six metastructures, translating and rotating along
the x-axis. The forces were measured by a force/torque sensor
(Nano 25, ATT) mounted under the metastructures, and the val-
ues of translations or rotations were read from the robot arm in
Figure 2b. Simple geometries exhibited approximately linear
force—displacement relationships, whereas complex metastruc-
tures like the origami, omni-neck, and dome displayed pro-
nounced nonlinear behaviors. These nonlinearities arise from
factors such as hyperelastic material properties, large deforma-
tion ranges, and geometric complexities,”** highlighting the
limitations of traditional models and underscoring the need
for advanced proprioceptive frameworks. Anchoring the mor-
phological representation to a single internal frame simplifies
the sensing and computational requirements associated with
soft robots. By reducing the dimensionality of the data needed
to characterize the robot’s state, we circumvent the challenges
posed by infinite degrees of freedom and continuous
deformation.
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Figure 2. Mechanical robustness and force—displacement behavior of
the ProSoRos. a) A half-a-million-cycle compression test along the
omni-neck’s z-axis, demonstrating reliable performance over repeated
loading. b) Force-displacement curves for single translation along and
rotation about the x-axis, revealing distinct force and torque responses
under different deformation modes for various ProSoRos.

© 2025 The Author(s). Advanced Intelligent Systems published by Wiley-VCH GmbH

85U801 7 SUOWILLOD BAII1D) 8 ealdde au Aq pausenod ae sejoile YO ‘9sn JO S9|NJ J0j Aeud1 78Ul UQ AB]IA UO (SUOTIPUOD-PUR-SWLBIWO0 A8 1M Akeid 1jeuljuo//sdny) SUonIpuoD pue swie 1 8y 8es *[9202/20/TT] uo AriqiTauluo A8|IM ‘vrb00S202 AS1e/200T 0T/I0p/W0D A8 | 1M Aed 1 jeuljuo peoueApe;/:Sdily Woi) pepeoiumod ‘2T ‘5202 'L9Sr0voT


http://www.advancedsciencenews.com
http://www.advintellsyst.com

ADVANCED
SCIENCE NEWS

www.advancedsciencenews.com

2.3. A Multimodal Learning Framework for ProSoRo

To harness the full potential of this anchor-based approach, we
developed a multimodal learning framework to align ProSoRos’
motion, force, and shape into a unified representation based on
an anchored observation. It involves three stages of material
identification, latent proprioceptive learning, and crossmodal
inference in Figure 3.

2.3.1. Material Identification with Evolutionary Optimization

Recognizing the impracticality of collecting extensive physical
datasets for soft robots, we leveraged finite element analysis
(FEA) simulations to generate high-quality training data in the first
stage. To evaluate the material properties in the metastructure,
stress versus strain curves were measured through uniaxial tensile
testing with an electromechanical universal test system (E45.105,
MTS). We fitted the curves using different hyperelastic models. To
minimize the error of mechanical performance compared with
real-world values, an evolution strategy optimization algorithm
for material identification has been developed based on the covari-
ance matrix adaptation evolution strategy (CMA-ES).’? We first
deformed the physical ProSoRo to 10 different poses using a
robotic arm (Panda, Franka Emika) and recorded boundary con-
ditions on the top surface of the ProSoRo by the tool central point
(TCP) of the robot arm and the force on the bottom surface by a
force/torque sensor (Nano25, ATI). In Figure 3a, the initial param-
eters of the material model and the anchor frame’s motion from
the physical experiment are combined to generate FEA results.
The force [F, T|T read from the FEA results and the ground truth
[Fgi, Tg:| " measured from physical experiments are compared
to calculate the normalized error for updating the material
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Figure 4. FEA errors on evolutionary optimization for material parameters.

parameters by the ES sampler. After several trials, if the normal-
ized error E is less than the expected threshold E., or if the num-
ber of trials reaches the maximum value, the optimization should
be stopped, and the final optimized parameters are obtained. FEA
error comparison between with and without optimization can be
found in Figure 4, showing the effectiveness of reducing the sim-
to-real errors, which critically affects the sim-to-real transferability
during the following stages.

2.3.2. Latent Proprioceptive Learning via MVAE
At the second stage, the simulation dataset was generated using

the optimized material parameters, which consists of the anchor
frame motion [D,, Dy, D,, R,, Ry, R,|T, the resultant force
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Figure 3. Overview of ProSoRo’s learning framework for anchored proprioception in three stages: a) material identification with the evolution strategy
optimization, b) latent proprioceptive learning through multimodal variational autoencoder, and c) cross-modal inference for versatile applications.
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[FX, Fy, F,, Ty, Ty, TZ}T, and shape deformation represented by
displacements of nodes [ny, ny,n,|] where n is the number
of simulated nodes, as the training inputs. To learn these modali-
ties of explicit proprioception, we developed a multimodal
variational autoencoder (MVAE) to encode the ProSoRo’s propri-
oception via latent codes that contain the unified representation
of proprioception, which can be further decoded to all modalities.

As shown in Figure 3b, the explicit proprioception
{(xm,xf,x5)}N | are independent and identically distributed as
the inputs of MVAE, where x™, xf, and x® are motion, force,
and shape, respectively. We first utilized three encoders g,
q, and g to extract latent codes z", 2!, and z € R"*P, respec-
tively

2! =qy(x), ne{mfs} 1)

where ¢ is the parameters of encoders, N is the size of data
pairs, and D is the latent dimension. Similar to the origin
variational autoencoder,®? the prior over the latent code is
assumed to be the centered isotropic multivariate Gaussian
ph(z") = N (2% 0,1). We let the variational approximate posterior
be a multivariable Gaussian with a diagonal covariance

log g5 (2" [x") = log N (2% ", 6™),  n € {m,f,s} )

where p" and 6" are the mean and standard deviation of the
approximate posterior, which are outputs of the encoders. To
encourage the approximate posterior to be close to the prior,
the Kullback-Leibler (KL) divergence Dy (qj(z"[x")[pp(z")),

n € {m,f,s} is introduced and can be reformatted as
Dy (N (2% p", 6"T)|| N (2;0,1)), ne {m,f,s} (3)

Since the data pairs {(x™,x{,xf)}N  described the same

semantics of ProSoRo with different modalities, the three latent
codes z", z{, and z} should be aligned to one shared code Z; by
minimizing the discrepancies

n € {m,f,s}. 4)

The shared code z; contained the fused features from all three
modalities, denoted as latent proprioception, and could recon-
struct origin modalities of explicit proprioception through three
specific decoders pf, ph, and pj, respectively

ne{mf,s} ()

where 0 is the parameters of decoders. Finally, the objective func-
tion contained three parts, including reconstruction loss, KL
divergence, and latent loss

— 3 — aDu (W (], 67T) ||V (0,1))
—_———

min ||z — zf||3,

% = py(z),

. — n
Z(0,¢;x") = ||xt
reconstruction loss

+ plz — 2|3
—_——

KL divergence ( 6)

latentloss

In all experiments, a is 0.1, and g is 1. The reconstruction loss
guarantees that the shared code encoded from all modalities can
still be decoded to each modality. The KL divergence is used to
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avoid posterior collapse. The latent loss helps converge all modal
information into one unified code shared among different
modalities. Therefore, we formulated MVAE with multimodal
input and a shared code containing the latent proprioception
knowledge of ProSoRo. During training, the latent code is
encoded from all modalities and decoded to reconstruct the
original features. However, during the deployment, it is flexible
to encode from one selected modality and decode to others, real-
izing crossmodal inference.

2.3.3. Crossmodal Inference for Versatile Applications

Based on the advances of MVAE, we introduce a third stage to
enable crossmodal inference where we could use one observed
modality as input to infer the other two modalities. As an exam-
ple of real-world deployment, the anchor frame motion is easy to
capture by computer vision. Hence, we use it to obtain z,,, in the
shared latent space and estimate the shape modality, which is
usually challenging in real-time interactions in soft robotics.
We visually capture the ProSoRo’s anchor frame as MVAE’s
input to estimate the force and shape modalities based on the
latent knowledge learned from simulation in Figure 3c.

3. Learning Latent Proprioception with Key
Morphing Primitives

3.1. Training a Multimodal Variational Autoencoder

Understanding and controlling the complex deformation behav-
iors of soft robots requires an efficient representation of their
high-dimensional proprioceptive states. The multimodal varia-
tional autoencoder (MVAE) serves this purpose by encoding
motion, force, and shape data into a shared latent space, referred
to as latent proprioception. Using the optimized simulation data-
set, we trained the MVAE to learn the nonlinear relationships
among the proprioceptive modalities. To train the MVAE, we
generated simulation data using FEA. The material model was
neo-Hookean, whose parameters were based on the optimization
results. The mesh type was a four-node tetrahedral element
(C3D4). For each ProSoRo, the bottom surface was configured
to be completely fixed, and the anchor frame was randomly
assigned 100000 distinct motions (ranging: D, of (—10, 10)
mm, D, of (—10, 10) mm, D, of (-3, 3) mm, R, of (—0.3,
0.3) rad, Ry of (—0.3, 0.3) rad, and R, of (—0.3, 0.3) rad), which
drove the displacements of coupled nodes. Both of these consti-
tuted the boundary conditions for FEA. Details of FEA setup can
be found in Supplementary Table S1, Supporting Information.
The motion of the anchor frame, the force on the bottom surface,
and the displacements of surface nodes were collected together
as datasets. The datasets were standardized and divided into
training and testing datasets with a ratio of 8:2. MVAE was
trained for 2,000 epochs on a computer with an NVIDIA
Tesla V100 GPU, the Adam optimizer, a batch size of 128,
and a learning rate of 0.0001.

During inference, the model takes the motion of the anchor
frame as input and estimates the corresponding force and shape
states. For the omni-neck ProSoRo, the MVAE’s force, torque,
and shape estimation closely match the ground truth from the
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testing dataset in Figure 5, achieving R? scores above 0.98, 0.99,
and 0.99 and low root mean square errors (RMSE) of less than
1.4558 N, 32.6100 Nmm, and 0.1985 mm for forces, torques, and
node displacements ranging approximately 36 N, 1,200 Nmm,
and 19 mm.

3.2. Key Morphing Primitives Learned for Omni-Neck ProSoRo

To delve deeper into the latent proprioception space, we analyzed
the correlations among the latent codes z,,,, z¢, and z, generated
from motion, force, and shape inputs for omni-neck in
Figure 6(a). Six components of the latent code, namely zg, 29,
250, 222, 231, and z3,, exhibited high correlation coefficients
across the modalities and were identified as “key morphing prim-
itives.” The identical set of key morphing primitives in z,,, z,
and zg also indicates that they have been successfully converged
to a shared latent space. These primitives are pivotal in encoding
the robot’s deformation behaviors and are instrumental in cross-
modal inference. We visualized the relationships between
explicit proprioceptive modalities and the latent codes z,, =
[21,23, ..., 23, using a chord diagram in Figure 6(b). The width
of each connection represents the strength of the correlation to
the three modalities, which are uniform and equivalent by nor-
malization, ensuring consistent weights to observe the impact on
the latent code. The six key morphing primitive components
explain 14.1%, 8.8%, 12.3%, 8.1%, 8.0%, and 13.3% of the vari-
ance in the latent proprioception space, respectively, and 64.5%

www.advintellsyst.com

in total. We generated a series of deformation modes for the
omni-neck ProSoRo in Figure 6(c) by systematically varying these
six latent components.

3.3. Generalization for ProSoRos with Different Designs

The proprioceptive learning performance of all ProSoRo variants
tested in this study can be found in Figure 7, where all the R?
scores are above 0.98. This high accuracy confirms the model’s
ability to capture the essential dynamics of the soft robot’s behav-
ior. The error distributions for forces, torques, and shapes across
different ProSoRo types follow Gaussian patterns with near-zero
means and standard deviation (SD) ranges within [0.17, 1.46] N
for forces, [1.46, 46.73] Nmm for torques, and [0.10, 0.20] mm for
shapes. While the SDs increased with the structural complexity,
the errors remained within acceptable limits for practical
applications due to increased nonlinearity and stiffness varia-
tions. The performance evaluations indicate that the proposed
MVAE framework has successfully learned the three propriocep-
tive modalities into a shared latent space and could transfer the
information from one modality to another, achieving multimodal
proprioception inference. The correlation heatmaps and
generated meshes for other ProSoRos can be found in
Supplementary Figures S1 and S2, Supporting Information.
Each key morphing primitive influences the shape in a distinct
manifold, providing intuitive interface for manipulating complex
deformations.
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Figure 5. Linear plot comparison of force, torque, and shape (node displace
by FEA for omni-neck ProSoRo.

Adv. Intell. Syst. 2025, 7, 2500444 2500444 (6 of 15)

Ground truth (mm)

Ground truth (mm)

ments) estimated by MVAE with motion input versus those from testing data

© 2025 The Author(s). Advanced Intelligent Systems published by Wiley-VCH GmbH

85U801 7 SUOWILLOD BAII1D) 8 ealdde au Aq pausenod ae sejoile YO ‘9sn JO S9|NJ J0j Aeud1 78Ul UQ AB]IA UO (SUOTIPUOD-PUR-SWLBIWO0 A8 1M Akeid 1jeuljuo//sdny) SUonIpuoD pue swie 1 8y 8es *[9202/20/TT] uo AriqiTauluo A8|IM ‘vrb00S202 AS1e/200T 0T/I0p/W0D A8 | 1M Aed 1 jeuljuo peoueApe;/:Sdily Woi) pepeoiumod ‘2T ‘5202 'L9Sr0voT


http://www.advancedsciencenews.com
http://www.advintellsyst.com

ADVANCED
SCIENCE NEWS

www.advancedsciencenews.com

www.advintellsyst.com

(a) = -1 (b) Latent code
24 -,
Z19 220
g
8 0.5
Y
=l
3
Eﬁu» 0
L
Ev; 8|
24 ‘05 | X
N \X
519 Motion . R« N
N R,~~4"-
8] R.
R
! 1 8 16 24 321 8 16 24 321 8 16 24 32 =" 1 :
Zn Z Z
Latent codes Force
(c) _ 12
)
b |
1S4
_ 2
<20 a
w W W
[+
2
g
1" S~
: ' 3 8 8 8 8 0
" W @ O :
b
-1 -0.5 0 1 \

Normalized value

Figure 6. Learning latent proprioception of omni-neck ProSoRo with key morphing primitives. a) Correlation heatmap of latent codes z,,, z;, and z,
generated by motion, force, and shape, respectively. b) Chord diagram between the explicit and latent proprioception, of which the components with the
six most significant widths are key morphing primitives. c) Mesh results generated by normalized values of the six key morphing primitives.

4, Sim-to-Real Transfer for Crossmodal Inference

4.1. Experiment Setup

The sim-to-real gap is a significant challenge in robotics, and it is
essential to ensure that models trained on simulated data per-
form reasonably well in real-world scenarios.®*>% To evaluate
the MVAE’s real-world applicability, we conducted experiments
using physical ProSoRo prototypes. Our experimental setup
included a robotic arm for controlled manipulation, a 3D scanner

Adv. Intell. Syst. 2025, 7, 2500444 2500444 (7 of 15)

for capturing shape data, a camera for tracking the anchor frame,
a pose tag for precise motion measurement, and a force/torque
sensor for ground truth force data in Figure 8a. We fixed the
ProSoRo on a force/torque sensor (Nano 25, ATI) and moved
the top surface of the ProSoRo to different positions using a
robotic arm (Panda, Franka Emika). A pose tag (AprilTag) was
fixed to the flange of the robotic arm and tracked by a camera
(D435i, Intel RealSense) on the top, representing the motion
of the ProSoRo. A 3D scanner (Mini, Revopoint) is placed on
a support arm that can rotate 360 degrees around the center
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Figure 8. Setup for sim-to-real evaluation of crossmodal inference by
MVAE. a) Experiment setup, including robotic arm, 3D scanner, camera,
pose tag, force/torque sensor, LED panels, and ProSoRo. b) Range image,
single-shot frame (green), overlapping previous point cloud (blue), and
fused point cloud of ProSoRo by the 3D scanner. c) Relation among the
force/torque sensor’s coordinate {F}, the pose tag’s coordinate {P}, the
anchor frame’s coordinate {M}, and the ProSoRo’s coordinate {S}.
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to capture point clouds of ProSoRo. We measured the ground
truth force using the force/torque sensor. The point clouds were
captured under 30 different top surface positions, and the forces
were collected when the robotic arm continuously moved for
30s, respectively. With the ProSoRo’s motion measured by
the camera and MVAE estimated the shape and force, we
compare them with the measured ground truth.

We programmed the robotic arm such that its tool center point
(TCP) reached 30 random poses for each ProSoRo and collected
corresponding motion and shape data. The ground truth of the
ProSoRo’s 3D shape is measured by a fused point cloud of its
surface, which is obtained by concatenating sequentially cap-
tured range images (single-frame accuracy 0.05 mm) while rotat-
ing the 3D scanner 360" around the ProSoRo in Figure 8(b). We
show the relation among different coordinates, including the
force/torque sensor’s coordinate {F}, the pose tag’s coordinate
{P}, the anchor frame’s coordinate {M}, and the ProSoRo’s
coordinate {S} in Figure 8(c).

4.2. Results for Morphing Estimations in Shape and Force

The motion of the anchor frame was measured by the pose tag,
which is captured by the camera on the top and converted to the
ProSoRo’s coordinate {S}. The force/torque sensor readings
were converted to {S}. To compare the shapes estimated by
MVAE (purple) and the point clouds (yellow) measured by the
3D scanner in Figure 9(a), coarse global registration was first
applied based on the relation between the 3D scanner and the
ProSoRo’s coordinates. Then, the iterative closest point (ICP)

(a) Estimated shape

Measured point cloud

Cylinder Octagonal prism Quadrangular prism
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|
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Figure 9. Sim-to-real evaluation of shape estimation by MVAE.
a) Examples of shape estimated by MVAE and point cloud measured
by the 3D scanner. b) lIterative closest point (ICP) errors between the
estimated shape and measured point cloud for the six ProSoRos.

© 2025 The Author(s). Advanced Intelligent Systems published by Wiley-VCH GmbH

85U801 7 SUOWILLOD BAII1D) 8 ealdde au Aq pausenod ae sejoile YO ‘9sn JO S9|NJ J0j Aeud1 78Ul UQ AB]IA UO (SUOTIPUOD-PUR-SWLBIWO0 A8 1M Akeid 1jeuljuo//sdny) SUonIpuoD pue swie 1 8y 8es *[9202/20/TT] uo AriqiTauluo A8|IM ‘vrb00S202 AS1e/200T 0T/I0p/W0D A8 | 1M Aed 1 jeuljuo peoueApe;/:Sdily Woi) pepeoiumod ‘2T ‘5202 'L9Sr0voT


http://www.advancedsciencenews.com
http://www.advintellsyst.com

ADVANCED
SCIENCE NEWS

www.advancedsciencenews.com

algorithm was used to minimize the difference between the two-
point clouds, and the ICP error represented the mean point-to-
point distance. We calculated the ICP errors of all cases for six
ProSoRos shown as grey points in Figure 9(b), where all ICP
errors are lower than 0.9 mm, the mean is between 0.4 to
0.6 mm, and the standard deviation is under 0.2 mm.

4.3. Evaluating Force Estimated Using MVAE

We also pulled the ProSoRo’s top surface with a robotic arm. We
recorded motion and force/torque in 60 s and found that force/
torque estimations from the MVAE closely matched the ground
truth measurements. Figure 10(a) compares the force estimated
by MVAE and the ground truth measured by the force/torque
sensor with the omni-neck ProSoRo. Results for other
ProSoRos can be found in Supplementary Figure S3,
Supporting Information. Although there are some local devia-
tions between the estimated values and the ground truth, the
overall trend remains highly synchronized. Figure 10(b) shows
the RMSE of force estimation for all six ProSoRos. Through
the above evaluation experiments, even though the errors of
force/torque and shape become slightly larger from simulation
to reality, the results verify that the latent proprioception of
MVAE trained by simulation data is transferable to estimate
reliable states of ProSoRo in reality, confirming the
model’s effectiveness in cross-modal inference and Sim2Real
transferability.

5. Digitalizing and Synthesizing Omni-Directional
Motions

5.1. Experiment Setup with a Tendon-Driven Platform

The capacity to replicate complex motions across different plat-
forms is a powerful tool for advancing soft robotic applications,
such as teleoperation and coordinated multirobot systems. We
demonstrated this capability by digitizing the motion of a man-
ually operated ProSoRo and synthesizing it on an active ProSoRo
mounted on a tendon-driven platform. Our system comprised
three synchronized ProSoRos: a manual ProSoRo manipulated
by a human operator in Figure 11(a), a digital ProSoRo for
real-time visualization in Figure 11(b), and an active ProSoRo
driven by the tendon platform in Figure 11(c).

The tendon-driven platform for actively driving ProSoRo com-
prises a mounting base, actuators, tendons, driving drums, and
pulleys, as shown in Figure 11(c) and Supplementary Movie S2.
The eight actuators (XW540-T140-R, Dynamixel) are uniformly
arrayed in a circular configuration and securely fixed to the
3D-printed mounting base. Each actuator has a 3D-printed driv-
ing drum installed on its wheel, and all the drums are wrapped
with several loops of tendons. The flat shape of the drum is ben-
eficial for maintaining the consistency of the tendons’ direction,
thereby avoiding friction and enhancing the control precision of
the tendons’ length. Tendons are polyethylene braided lines with
a diameter of 0.36 mm and a strength of 501b, which is strong
enough to drive the ProSoRo fixed on the center of the mounting
base. Unlike the original design shown in Figure 1(b), several
circular holes are added to the top and bottom frames of the
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Figure 10. Sim-to-real evaluation of force estimation by MVAE.
a) Comparison of force estimated by MVAE and ground truth measured
by the force/torque sensor on six dimensions for the omni-neck ProSoRo.
b) RMSE of estimated forces on six dimensions for the six ProSoRos.

ProSoRo. Eight pulleys, whose main parts are V-groove bearings
with limiters, are fixed on the mounting base along the directions
of tendons from the driving drums’ outlets. As shown in
Figure 11(c), tendons passed through the holes on the bottom
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Figure 11. Digitalizing and synthesizing motions of ProSoRos by MVAE. a) Digitalization of ProSoRo’s captured anchor motion caused by external
manual action. b) Visualization of the proprioception inference on the digital ProSoRo. c) Synthesis of the same omnidirectional motion on the active

ProSoRo.

frame, crossed in pairs, and were tied in knots at the holes on the
top frame. This tendon layout enables the platform to drive
ProSoRo in all six dimensions, including D,, Dy, D,, Ry, R,
and R,.

The control of the tendon-driven platform, designed for the
active manipulation of the ProSoRo, can be articulated as
follows: given the observed motion of the manual ProSoRo
x = [D,, Dy, D,, R, R, R,]T € RE, the lengths of the tendons
of the active ProSoRo L = [Ly,L,, L3, Ly, L5, Ly, Ly, Lg]T € RS,
their relationship can be expressed as

L=f(x) f:R®— RS 7)

The calculation of the tendon lengths is given by

L = |STy MOT; —SOBy||, i=1,2,...,8, (8)

where MOT; and SOB,; are fixed vectors from the knots on the top
and bottom frame to the origin of their respective reference
frames, defined in top frame {M} and bottom frame {S}, and
STy is the relation between the two frames. Since the motion
can be tracked, it is feasible to calculate STy, and further the ten-
don lengths L.

To evaluate the performance of the tendon-driven platform,
we applied step signals to the platform on six dimensions, respec-
tively, and recorded the motion of the ProSoRo by MoCap
(Mars2H, NOKOV), as shown in Figure 12. The step translations
along the x and y axes vary with a step size of 2 mm, increasing
from 0 to 10 mm, then decreasing to —10 mm, and finally return-
ing to 0 mm, while that along the z axis varies with a step size of
1mm, decreasing from 0 to —5mm, and then returning to
0 mm. Similarly, the step rotation in each direction varies with
a step size of 5°, increasing from 0° to 25°, then decreasing to
—25°, and finally returning to 0°. A pole with four markers
was fixed on the ProSoRo, and MoCap captured the positions
of the markers, which were then converted into the motion of
the ProSoRo.

Adv. Intell. Syst. 2025, 7, 2500444 2500444 (10 of 15)

5.2. Results for Synthesizing Omnidirectional Motions

When the manual ProSoRo was applied with external action by a
human operator, the motion of the anchor frame captured by the
inner camera was fed to the MVAE to estimate real-time force/
torque and shape. The motion was also sent to the light driver to
show the direction and magnitude with the indicator light of
ProSoRo as visual feedback to the operator. Detailed propriocep-
tion is displayed in digital ProSoRo, a user interface that synchro-
nously receives the motion, force/torque, and shape from MVAE.
At the same time, the action of the tendon-driven platform was
generated based on motion and force from MVAE and executed
through actuators to drive the active ProSoRo to the target
motion. To compare the manual and active ProSoRo motions,
we added markers to them, as shown in Figure 13(a), and
recorded their trajectories using the motion capture (MoCap) sys-
tem. We evaluated the motion replication fidelity using the
MoCap system by tracking trajectories for various motion pat-
terns, including circular, square, four-leaved rose, and spiral
paths in Figure 13(b)—(e) and Supplementary Movie S3. The tra-
jectories are plotted in the x—y plane and recorded based on the
geometric center of the markers. The results show reliable
motion performance with RMSE of 2.510, 2.296, 2.076, and
1.596 mm for the four trajectories. Taking the spiral trajectory
as an example, Figure 13(f) shows displacements on both x
and y axes, and Figure 13(g) shows snapshots every 4s, corre-
sponding to the purple points in Figure 13(i). The result shows
accurate and robust performance for digitalizing and synthesiz-
ing ProSoRo’s omnidirectional motion empowered by MVAE
with latent proprioception knowledge.

6. Applicability to Sequential Contact Reasoning
6.1. Experiment Setup with a Soft-Rigid Hybrid Arm

We reused core components in the tendon-driven platform to
build a soft-rigid hybrid arm within a compact design shown
in Figure 14(a). Eight actuators (XW540-T140-R, Dynamixel)
with driving drums were arranged staggered on the upper and
lower layers, and the tendons went through the top surface of
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Figure 12. Performance of the tendon-driven platform with single translation a) D,, b) Dy, c) D,, and single rotation d) R,, e) R, f) R, on the ProSoRo,
respectively, comparing the input value as a reference and the actual value measured by MoCap.
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the mounting base, as shown in Figure 14(b). ProSoRos could be
mounted on the tendon-driven platform connected by rigid hol-
low connecting beams. A soft-rigid hybrid gripper was mounted
to the end. The gripper comprises a mounting base, two actua-
tors (DG-3150, XUNLONGZHE), two swinging beams, and three
dome ProSoRos. The three ProSoRos have adaptive interacting
surfaces against the environment. The two actuators, respec-
tively, drove the two swinging beams, and their large swinging
ranges in Figure 14(c) allowed flexible manipulation according to
objects and environments.

6.2. Sequential Contact Reasoning with ProSoRos

Understanding contact interactions is crucial for soft robots
engaged in manipulation tasks, especially in unstructured or
dynamic environments. We explored the MVAE’s capability to
infer contact states during a pivoting manipulation of a wine
glass using a soft-rigid hybrid arm in Figure 15a.

The dome ProSoRos interacted with the wine glass, deforming
in response to contact forces. The anchor frame motions
captured by the internal cameras were input into the MVAE to
estimate the deformation states. All ProSoRos’ proprioceptions
were estimated by MVAE and visualized on a user interface
for a human operator, including the reconstructed whole-arm
state in 3D, third-person point of view from the outer camera,

(Visual interface

Virtual

»

Gripper Interacting

ProSoRo

Proprioceptive estimation

14

Visualizing

Displacement (mm)
() 3

(dome) lii MVAE  Code |
o [72] i e &

¢ = e

A X oll S F>23

W >

Displacement: () n—— 3 (mm)

Figure 15. Setup and process for pivoting manipulation using the soft-rigid hybrid arm. a) Setup for pivoting manipulation of a wine glass, where
proprioceptive states of ProSoRos are estimated by MVAE and transferred to the visual interface, assisting motion control of the soft-rigid hybrid
arm. b) Snapshots of the gripper interacting with the wine glass and estimated shapes of ProSoRos.
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Figure 16. Sequential contact reasoning with latent proprioception. a) Latent proprioception inference from anchor motion by MVAE. b) Plot of
normalized values of latent code versus time. c) Cluster distribution of latent codes, representing different contact states. d) Line plots of translation
and rotation of ProSoRo’s motion versus time, and the whole sequential process is separated into various contact states according to clustering.

and deformed shapes of dome ProSoRos colored by node dis-
placements. Since the wine glass was transparent, estimating
the contact states only through the camera view was difficult.
Therefore, the estimated shape of the dome was crucial for
maintaining an appropriate contact extent. Based on the contact
information, the operator sent the following action to the arm to
manipulate the wine glass from lying to standing.

In Figure 15b, the first row shows time-sequential snapshots
of the gripper interacting with the wine glass, and the second row
shows the deformed shapes of the dome ProSoRos estimated by
MVAE. Initially, the arm was naturally downward, and the
gripper was open. Then, the gripper closed to catch the lying
wine glass, and the two dome ProSoRos were compressed with
a specific contact extent, allowing the wine glass to rotate in the
hand. The colors represented the displacements of each node,
facilitating the operator’s intuitive judgment. The gripper
dragged the wine glass on the plane when the arm rolled up.
After the wine glass was lifted to the appropriate height, it rotated
to a standing state in the gripper. Then the gripper opened, and
the two dome ProSoRos were relaxed. Supplementary Movie S4
shows the complete process.

In Figure 16(a), during the sequential contact process, the two
dome ProSoRos on the gripper were deformed when contacting
with the wine glass, and the motion captured by the inner camera
was encoded to latent code z; to z3, by MVAE. By analyzing the
temporal evolution of the latent codes, we observed distinct pat-
terns corresponding to different contact states. Taking the right

Adv. Intell. Syst. 2025, 7, 2500444 2500444 (13 of 15)

dome ProSoRo as an example, Figure 16(b) plots the normalized
values of latent code versus time, showing that the behavior of
each component was different and the time sequence could be
separated into several distinct stages. Clustering these latent
codes revealed four primary interaction phases: relaxed, com-
pressed, sliding, and deforming in Figure 16(c). We used the
k-means clustering algorithm to classify the latent codes into four
categories. We visualized them by t-distributed stochastic neigh-
bor embedding (-SNE). Mapping these clusters onto the motion
sequence provided insights into the manipulation process in
Figure 16(d), enabling more precise control and adaptation.
The dome ProSoRo’s motion in terms of translation and rotation
versus time is separated into six stages sequentially: relax,
deforming, compressed, sliding, deforming, and back to relax.
It is observed that the four categories obtained from clustering
correspond to the actual interactions on the dome ProSoRo. The
results show the contact reasoning capability of the latent propri-
oception during sequential contact manipulation, providing
strong support for researchers to identify contact states and apply
them to control strategies.

7. Discussion and Conclusion

In this study, we introduce ProSoRo, a proprioceptive soft robotic
system that addresses one of the fundamental challenges in
soft robotics: capturing and utilizing the complex, continuous
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deformations inherent in soft materials for precise control and
adaptive interaction. By anchoring the robot’s morphological
state to a single internal reference frame and leveraging a
multi-modal variational autoencoder (MVAE), we have demon-
strated that it is possible to infer high-dimensional propriocep-
tive data, encompassing internal force and whole-body
shape, from low-dimensional observations like the motion of
the reference frame.

Minimizing the sensing requirements to a single internal
frame significantly reduces the design and sensing complexity
traditionally associated with soft robots. These robots often
require extensive sensor arrays or external measurement systems
to monitor their infinite degrees of freedom. By simplifying the
sensing to a single internal frame, we preserve the robot’s com-
pliance and softness while enabling real-time, accurate estima-
tion of its state. This method provides a practical and efficient
solution for proprioception in soft robots, which is crucial
for tasks requiring precise control in complex and dynamic
environments.

The MVAE framework is central to our system, effectively
aligning multiple proprioceptive modalities into a unified latent
code termed latent proprioception. We ensured high-quality
learning while minimizing the sim-to-real gap by training the
MVAE on simulation data generated through finite element anal-
ysis (FEA) with optimized material parameters. The MVAE’s
ability to perform crossmodal inference allows for estimating
difficult-to-measure modalities, such as internal forces and
whole-body deformations, from easily accessible measurements
like the motion of a single internal frame. This enhances the
robot’s adaptability and functionality, allowing for more complex
tasks without additional sensing infrastructure.

One insight from our study is the identification of key morph-
ing primitives within the MVAE’s latent code. These primitives
represent fundamental deformation modes of the soft robot and
serve as intuitive control handles for manipulating complex
deformations. We can generate a spectrum of deformation
behaviors by systematically varying these latent components,
offering a novel perspective on soft robotic systems’ intrinsic
dimensionality and controllability. Although this motion cannot
be decomposed into conventional displacements or rotations
along the x, y, or z axes in the Cartesian space, it can be clearly
seen that the motion spaces generated by different key morphing
primitives have specific manifolds. This understanding enhances
the interpretability of the latent code and facilitates the develop-
ment of more sophisticated control strategies and advanced
human-robot interfaces.

Our experimental results underscore the effectiveness and
versatility of the proposed approach. We validated the MVAE’s
ability to transfer learned proprioceptive representations from
simulation to real-world scenarios. The estimated forces and
shapes closely matched real-world measurements across
different ProSoRo variants, achieving high accuracy despite
the inherent challenges of soft robotic materials and complex
deformations. Furthermore, the framework applies to various
soft robotic designs and tasks, from motion replication to
advanced manipulation, highlighting its broad utility in assistive
technologies, exploration, and industrial automation. By
enabling precise, synchronized actions between a manual
ProSoRo and an active ProSoRo on a tendon-driven platform,
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we showcased the system’s ability to facilitate intuitive human—
robot interfaces and coordinated control. We also demonstrated
ProSoRo’s ability to infer contact states during a soft-rigid
hybrid arm’s pivoting manipulation of a wine glass. By analyzing
the temporal evolution of latent codes, we identified distinct pat-
terns corresponding to different contact states, including relaxed,
compressed, sliding, and deforming, enabling more precise con-
trol and adaptation in real time.

While our approach offers significant advancements, certain
limitations exist. The effectiveness of using a single internal ref-
erence frame assumes that this frame’s motion can adequately
capture the robot’s deformations. For structures with complex,
localized deformations or distributed contacts, this assumption
may not hold. Future work could explore incorporating addi-
tional reference frames or distributed sensing to enhance the sys-
tem’s ability to capture localized behaviors. The quality of the
MVAE’s learning is contingent on the accuracy of the simulation
data. While we optimized material parameters to reduce the sim-
to-real gap, unmodeled phenomena or simplifications (e.g., vis-
coelasticity, hysteresis) in the FEA could lead to discrepancies.
Integrating adaptive modeling techniques or online learning
algorithms that update the MVAE based on real-world feedback
could enhance performance. In addition, the ablation study on
MVAE could help us better understand the key factors involved
in latent proprioception learning. Our current framework
focuses on motion, force, and shape. Expanding the MVAE to
include other modalities such as temperature, distributed stress,
or acoustic signals could enrich the latent proprioceptive space
and enable the robot to interact with its environment more
nuancedly.

Notwithstanding the above limitations, our study presents a
significant step toward enabling soft robots to achieve proprio-
ceptive awareness and control comparable to their rigid counter-
parts while retaining the inherent advantages of softness and
compliance. By anchoring morphological representations and
leveraging latent proprioception through the MVAE, we provide
a practical and scalable solution to one of the core challenges
in soft robotics. This work lays the foundation for future
developments where soft robots can become more autonomous,
intelligent, and capable of complex interactions with their
environment.
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