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ABSTRACT
Task-driven design of soft robots requires models that are physically accurate and computationally efficient, while remaining

transferable across actuator designs and task scenarios. However, existing modeling approaches typically face a fundamental

trade-off between physical fidelity and computational efficiency, which limits model reuse across design and task variations

and constrains scalable task-driven optimization. This paper presents a unified reduced-order finite element method (FEM)-based

surrogate modeling pipeline for generalized task-driven soft robot design. High-fidelity FEM simulations characterize actuator

behavior at the modular level, from which compact surrogate joint models are constructed for evaluation within a pseudo-rigid

body model (PRBM). A meta-model maps actuator design parameters to surrogate representations, enabling rapid instantiation

across a parameterized actuator family. The resulting models are embedded into a PRBM-based simulation environment, sup-

porting task-level simulation and optimization under realistic physical constraints. The proposed pipeline is validated through

sim-to-real transfer across multiple actuator types, including bellow-type pneumatic actuators and a tendon-driven soft finger, as

well as two task-driven design studies: soft gripper co-design via reinforcement learning and 3D actuator shape matching via

evolutionary optimization. The results demonstrate high accuracy, efficiency, and reliable reuse, providing a scalable foundation

for autonomous task-driven soft robot design.

1 | Introduction

Soft robots are increasingly valued for their adaptability, compli-
ance, and ability to achieve a wide range of behaviors through the
combination of material properties, morphology, and control
[1–3]. However, these advantages also make the design of soft
robots a significant challenge, leading to vast and complex design
spaces where manual or heuristic approaches are typically insuf-
ficient to ensure optimal performance in many task applications.
This has led to an increasing focus on task-driven design, wherein
morphology and control are systematically tailored to meet spe-
cific application objectives via computational approaches [4, 5].

Such approaches rely heavily on accurate and scalable modeling
to explore large design spaces. However, soft systems pose

particular difficulties in this context, especially when predicting
forces and self or environmental interactions, due to their inher-
ent softness and material nonlinearity. This not only challenges
the commonly discussed issue of accuracy and efficiency, but also
reveals a critical modeling bottleneck: the lack of generalizable
models that can be reused across parameterized geometries, actu-
ation types, and task scenarios. Here, generalization refers to the
ability of a model to retain accuracy across variations within a
parameterized design space and across different task-level con-
ditions represented in simulation, rather than being confined
to case-specific configurations.

This limitation stems from a fundamental trade-off in modeling
soft robots. Despite a wide variety of modeling techniques having
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been explored, including first-principles-based methods, physics-
based simulation, and data-driven or reduced-order models, most
approaches follow one of two dominant directions: high-fidelity
modeling and simplified or reduced-order representations.
Approaches based on high-fidelity modeling, such as finite ele-
ment method (FEM), offer accurate predictions but are often too
computationally expensive for repeated task-level evaluation,
which in practice encourages the use of simplified or proxy objec-
tives tied to specific tasks and assumptions [6, 7]. In contrast, sim-
plified or reduced-order models are computationally efficient, but
typically rely on assumptions and approximations for particular
designs or operating conditions, limiting their transferability to
new geometries, loading regimes, or task settings [8, 9].

As a result, existing approaches fall short of providing models
that are simultaneously accurate and efficient while remaining
sufficiently general for task-driven design. This lack of generali-
zation limits model scalability and deployability across broader
design contexts, thereby hindering the development of general-
purpose modeling tools that the research community can readily
build upon. Addressing this limitation is essential for building
flexible and reusable design pipelines in soft robotics.

To overcome this challenge, this paper introduces a unified
modeling pipeline for task-driven design of soft robots.
Specifically, we:

• Use high-fidelity FEM simulations to generate actuator
data that captures coupled relationships between actu-
ation, deformation, and force at the modular level;

• Create surrogate models from this data using either poly-
nomial regressions or small (NN)s, serving as joint models
within the pseudo-rigid body model (PRBM) framework, to

significantly accelerate simulation while maintaining
FEM-level accuracy;

• Develop a meta-model that maps actuator design parame-
ters to surrogate features, enabling rapid model interpola-
tion within a parameterized actuator family;

• Integrate the resulting models into a fast and flexible
PRBM-based simulation environment, such as PyBullet,
supporting efficient task-level simulation and optimization
under real-world physical constraints such as contact, load-
ing, and gravity.

Together, these contributions support pipeline reuse across
design variations and task conditions, offering a practical path-
way toward scalable task-driven design. Notably, the proposed
approach is scoped to parameterized actuator families and is
not intended to generalize across fundamentally different soft
robotic morphologies or actuation principles.

We illustrate our contributions using a range of different soft
actuators, including pneumatically actuated bellow-type soft
actuators, which are widely used in the soft robotics field due
to their large deformation, adaptability, straightforward control,
and 3D printing compatibility. These actuators remain challeng-
ing to model accurately while efficiently due to effectively infinite
degrees of freedom and distributed actuation [10]. We also
include a tendon-driven finger, demonstrating that the proposed
pipeline extends beyond a single actuator type. Across diverse
applications, including soft gripping and 3D shape-matching,
we demonstrate that the pipeline supports both accurate physical
modeling and efficient task-level optimization. An overview of
the workflow is provided in Figure 1.

FIGURE 1 | Schematic overview of the proposed pipeline for modeling and task-driven design of soft robots. The process starts from a well-param-

eterized modular actuator design, which is simulated using FEM to generate high-fidelity training data. Compact surrogate models are then constructed

from these data as joint models, represented using either polynomial fits or small NNs, for use in PRBM-based simulations. By repeating this process

across different designs, meta-models are constructed to capture the mapping from design parameters to surrogate models. The resulting surrogate and

meta-models can be integrated with PRBM-based simulators and state-of-the-art (SOTA) optimization algorithms, enabling fast task-level simulation

and task-driven design optimization.
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2 | Literature Review

Modeling plays a critical role in the design of soft robots, as it
directly impacts both the accuracy of the predicted behavior
and the speed of the automated design process. A wide range
of modeling approaches is available, each with its own trade-offs
between accuracy, efficiency, and generalizability.

Analytical models, such as rod formulations [11] or the mini-
mum potential energy principle [12], are valued for their simplic-
ity and computational efficiency. However, they often rely on
simplifying assumptions, such as uniform curvature, constant
cross-sections, or linearized material behavior. These assump-
tions limit flexibility and often require re-derivation or recalibra-
tion when designs, materials, or boundary conditions change.

Geometric models, such as piecewise constant curvature and
function-based curves, provide efficient representations of the
kinematics of soft actuators and intuitive mappings from actu-
ation inputs to robot configurations [13]. However, they tend
to break down under unexpected external forces such as gravity
or contact [9].

Discrete models, such as PRBMs, approximate continuum defor-
mation by connecting rigid segments with compliant joints [14].
They are lightweight and compatible with existing rigid-body
simulators (e.g., PyBullet), enabling reliable and efficient task-
and environment-level simulation [15, 16]. However, they typi-
cally require careful parameter calibration to map the lumped
behavior back to distributed soft structures. This process is
time-consuming and often lacks generalizability beyond the spe-
cific robot for which the model is tuned. Such limitations high-
light the need for modeling approaches that can be reused across
actuator designs, enabling broader applicability within the
research community.

Numerical methods, especially FEM, offer the highest fidelity by
solving governing equations over the continuum. FEM is widely
used for simulating soft robots because it provides high accuracy
and strong generality, accommodating arbitrary geometries,
materials, actuation, and boundary conditions, with established
tool support such as COMSOLMultiphysics, ANSYS, and Abaqus
[7, 17, 18]. Other numerical approaches have also been explored
for deformable simulation, particularly in the computer graphics
community, including extended position-based dynamics
(XPBD) [19] and material point methods (MPM) [20]. XPBD ena-
bles efficient and stable simulations but often yields less reliable
mechanical responses, while MPM can capture large deforma-
tions but may introduce numerical diffusion that affects accurate
force responses. However, the high computational cost and con-
vergence challenges of FEM under complex contact and large-
deformation conditions limit its applicability in large-scale
design optimization. As a result, task-level performance is often
approximated through actuator-level objectives that are more
tractable to evaluate but are closely tied to specific modeling
assumptions and task formulations. This limitation has moti-
vated efforts in model order reduction (MOR) techniques, which
seek to retain fidelity while reducing computational expense
[6, 21].

MOR techniques aim to accelerate FEM by reducing system
dimensionality while retaining dominant deformation modes.
Examples include proper orthogonal decomposition [8, 22], con-
densed FEM formulations [9], and Cosserat rod implementations

such as SoRoSim [23]. These methods improve computational
efficiency and can reproduce complex deformations with fewer
degrees of freedom. However, the reduced bases or governing for-
mulations are typically derived for specific geometries, boundary
conditions, or actuation schemes, making the resulting models
configuration-specific and difficult to reuse in task-driven design
workflows.

Surrogate models learn input–output relationships from high-
fidelity simulations or experiments, providing fast evaluation
once trained. Approaches include regression models, Gaussian
processes, and NNs that map actuation to deformation and force
responses [24, 25]. Compared with physics-based reductions,
data-driven surrogates can offer greater flexibility. However,
their performance is inherently tied to the coverage of the train-
ing data, trained under fixed loading conditions or tailored to a
specific design, making it hard to extrapolate reliably when tasks,
geometries, or operating regimes change.

In summary, existing approaches present clear trade-offs.
Analytical, geometric, and discrete models are efficient but rely
on restrictive assumptions that limit accuracy and transferability.
FEM provides accuracy and generality across arbitrary geome-
tries and boundary conditions, but is too costly to support
large-scale task-level design optimization. Physics-based model
reduction improves efficiency but remains tied to specific designs
or loading conditions. Data-driven surrogates accelerate evalua-
tion and can capture complex behaviors, yet they are often
restricted to fixed training scenarios and lack generalization
across tasks. Overall, what is still missing is a pipeline that unifies
these ideas into models that are accurate, efficient, and reusable
across designs and task scenarios. Addressing this gap is essential
not only for advancing task-driven design of soft robots but also
for providing a modeling foundation that can be extended and
adopted by the broader soft robotics community.

3 | Materials and Methods

This section introduces the proposed modeling pipeline for task-
driven design of soft robots. The pipeline combines four compo-
nents: (i) high-fidelity FEM simulations to capture coupled actu-
ation-deformation-force responses; (ii) surrogate models that
encode these behaviors into compact representations for fast
evaluation, and (iii) PRBM-based simulation in PyBullet, embed-
ding surrogates for task-level simulation. (iv) meta-models that
map design parameters to surrogate models, supporting scalabil-
ity across new actuator designs.

To explicitly illustrate this workflow, as presented in Figure 1, the
pipeline starts from a parameterized modular actuator design,
whose behavior is first characterized using high-fidelity FEM
under both free-loading and constrained conditions. Building
on the FEM data, compact surrogate joint models are derived
to approximate the nonlinear relationship between actuation
input and mechanical response at the modular level for use
within a PRBM-based simulation. These surrogates significantly
reduce computational cost while preserving physical fidelity.

To support design generalization, the surrogate construction pro-
cess is repeated across multiple actuator designs, and the result-
ing model parameters are learned by a higher-level meta-model
that maps from design parameters to surrogate representations.

Advanced Intelligent Systems, 2026 3 of 14



This enables rapid on-demand generation of behavior models for
unseen designs via interpolation within a parameterized actuator
family, eliminating the need for repeated FEM simulations.
Finally, the design-conditioned surrogate models are embedded
into the PRBM-based simulation in PyBullet, enabling task-level
simulation with realistic physical interactions. This integrated
environment also supports efficient task-level design using
SOTA learning and optimization algorithms.

3.1 | FEM Data Generation

Existing surrogate models are often developed for specific loading
conditions, such as free deformation, and may not capture the
coupled effects of actuation and external forces. However,
task-level simulations within a PRBM framework require joint
laws that reflect both deformation and the corresponding forces.
To address this, we design FEM simulations that provide a com-
prehensive mapping between actuation input, deformation, and
reaction forces at the modular level.

The FEM simulations are conducted under quasi-static assump-
tions to characterize the dominant elastic response of the actua-
tor modules. This is appropriate for the considered systems, as
the actuation and deformation processes occur at relatively
low speeds, and inertial effects are negligible compared to elastic
forces. The resulting actuation-deformation-force relationships
are used as joint models, which are subsequently embedded into
task-level simulations to account for gravity, contact, and exter-
nal interactions.

The procedure consists of two complementary conditions. In the
free-loading condition, actuation inputs are incrementally
applied to the actuator while external loads are absent, yielding
the natural actuation-deformation response. In the constrained
condition, the actuation input is held fixed while external forces
are applied to vary the deformation, enabling explicit capture of
the force-deformation relationship under constraint. The FEM
data are sampled over actuation ranges determined by the
intended task operating conditions, while the external force
range is constrained by stable FEM convergence. These simula-
tions collectively yield coupled actuation-deformation-force data
used to derive compact surrogate models.

For clarity, an illustrative example using a translational bellow-
soft pneumatic actuator (SPA) is provided in the Supporting
Information 1.1, where specific FEM configurations, parameter
sweeps, and numerical results are detailed.

3.2 | Surrogate Model via Polynomial Fits

The FEM data described above provides actuator states under
both free-loading and constrained conditions. To enable efficient
task-level simulation within a PRBM framework, we derive a
compact analytical surrogate that represents the joint force as
a function of actuation and deformation. Here τ denotes the gen-
eralized joint effort associated with the deformation coordinate u.
Depending on the actuator configuration, this effort corresponds
to a torque for rotational deformation or a force for translational
deformation. This surrogate is constructed via polynomial
approximations of stiffness terms obtained from FEM data.

Based on the principle of virtual work, the joint force τ can be
expressed as the derivative of the actuator’s potential energy
U with respect to the deformation u, which itself depends on both
the actuation parameter p and the deformation u:

τðp, uÞ= dUðp, uÞ
du

=
∂Uðp,uÞ

∂u
+

∂Uðp,uÞ
∂pðuÞ

dpðuÞ
du

(1)

Given the quasi-static FEM results, this derivative can be approx-
imated using finite differences between adjacent simulation
states. Distinguishing between free-loading (actuation varied,
no external force) and constrained conditions (actuation fixed,
external force applied), the joint forces can be decomposed into
actuation and elastic contributions. By differentiating further
with respect to u, we obtain stiffness terms kaðpÞ and keðuÞ,
which depend solely on actuation and deformation, respectively.
This separability allows each term to be independently approxi-
mated using low-order polynomial fits. Without this decomposi-
tion, the joint force would need to be approximated using a single
high-order polynomial over the combined actuation-deformation
space. Such models typically require significantly more data to
avoid overfitting and may lead to unstable behavior when
embedded within iterative physics simulations. By separating
the actuation-dependent and deformation-dependent stiffness
terms, the surrogate fitting problem becomes lower-dimensional
and more data-efficient. Such a decomposition constitutes an
approximation, as it neglects higher-order coupling between
actuation and deformation, and is expected to remain valid
within the moderate pressure and deformation ranges considered
in this study.

The resulting surrogate provides an explicit, closed-form map-
ping from (p, u) to the net force:

τnðp,uÞ= −
Z

u

0

�
kaðpÞ+ keðuÞ

�
du+ τnðp, 0Þ, (2)

where τnðp, 0Þ is determined from free-loading conditions. All
functions are represented by polynomial regressions fitted to
FEM data, yielding a lightweight model suitable for use in
rigid-body-based physics engines. Detailed derivations and an
illustrative case study on a translational bellow-SPA are provided
in the Supporting Information 1.2 and 1.3. When extending the
module-level surrogate to multi-module actuators through mod-
ule-wise composition, additional system-level limitations arise.
In particular, cumulative inter-module effects—such as compli-
ance accumulation and boundary constraints—are not explicitly
modeled, leading to a systematic underestimation of deformation
as the number of modules increases, as quantified in Supporting
Information Figure S2f.

3.3 | Surrogate Model via Small Neural Networks

While polynomial fits offer interpretable closed-form surrogates,
their approximation accuracy is inherently limited, especially
when actuator behavior becomes strongly nonlinear. For exam-
ple, in bellow-SPA modules with internal constraints, even
higher-order fits struggle to capture the underlying relationships
accurately (as demonstrated via Supporting Information Figure
S3). To address this, we employ small NNs as alternative
surrogates.
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The network takes the actuation parameter p and deformation u
as inputs and outputs the corresponding net joint force τnðp,uÞ:

ðp,uÞ→τnðp,uÞ (3)

Unlike polynomial regression, NNs flexibly approximate nonlin-
ear relationships without requiring explicit functional assump-
tions. Importantly, the networks are designed to remain
lightweight, ensuring efficient evaluation within PRBM-based
task simulations.

After training, the NNs are directly integrated into rigid-body-
based physics engines such as PyBullet for task simulation, where
they are used as interpolation models within the sampled oper-
ating ranges of actuation and deformation, extending applicabil-
ity to more complex actuator responses.

We implement small feed-forward NNs trained on FEM-derived
data spanning both free-loading and constrained conditions.
They provide significantly improved accuracy compared with
polynomial fits, while remaining lightweight for deployment
in task simulations. However, compared with the analytical poly-
nomial surrogate, NN-based models may produce less predictable
responses when evaluated slightly outside the training distribu-
tion in physics-based simulations, and incur higher computa-
tional cost during evaluation. Detailed architecture, training
setup, and validation on a representative bellow-SPA are pro-
vided in the Supporting Information 1.4.

3.4 | Meta-Model for Design-Conditioned
Surrogate Generation

The purpose of the meta-model is to establish a direct mapping
from actuator design parameters (e.g., geometric variables such
as module radius, length, or thickness) to the corresponding
reduced-order surrogate representations, enabling task-level sim-
ulations for previously unseen designs through design-space
interpolation without repeating high-fidelity FEM simulations.
By learning this design-to-behavior relationship, the meta-model
enables rapid generation of design-conditioned surrogate models
and therefore serves as the key interface between offline physical
modeling and online task-driven design and optimization.

For surrogate models constructed using polynomial fits, the
meta-model is implemented as a neural network that maps
the actuator design parameters to the corresponding set of poly-
nomial coefficients, as illustrated in Figure 2a. In this way, the

polynomial surrogate for a new design can be generated instantly
from its design parameters, allowing fast evaluation of actuator
behavior within the simulation environment.

For surrogate models constructed using small NNs, all available
data across different designs are directly aggregated to form a
unified training dataset. For each sample, the design parameters
and the modular variables ðp,uÞ are concatenated as the inputs,
and the corresponding net force τ is taken as the output. A NN is
then trained to capture the global relationship between the com-
bined design-actuation inputs and the resulting behavioral
response, as shown in Figure 2b. This formulation enables the
surrogate to generalize jointly over both the design space and
the actuation space within a single compact model.

3.5 | Use of AI Tools

The web version of ChatGPT (OpenAI; model: GPT-5) was used
solely for English language editing and improving clarity of
phrasing. The authors reviewed and edited all AI-assisted text
and take full responsibility for the final content.

4 | Results and Discussion

This section reports the performance of the proposed approach.
Two complementary evaluations are presented: (i) the sim-to-real
transfer of the surrogates on tasks, and (ii) their ability to support
task-driven design through optimization. The goal of these eval-
uations is to demonstrate that the proposed pipeline is not tai-
lored to a single application, but instead offers a general
modeling and optimization approach capable of supporting het-
erogeneous task requirements. This is addressed by applying the
pipeline to tasks that differ fundamentally in both physical inter-
action and optimization objectives. Specifically, grasping is a con-
tact-based task in which forces are mainly transmitted through
friction, and success is defined by the stability of the grasp and
the ability to lift objects under load, whereas 3D shape-matching
requires continuous geometric accuracy under distributed load-
ing and gravity. The following subsections present detailed, case-
specific analyses for each task and actuator type. A brief general
discussion at the end of this section summarizes shared assump-
tions and limitations across these evaluations.

4.1 | Surrogate Models in Task Simulations

This subsection focuses on the sim-to-real validation of the pro-
posed surrogate models in several task simulations involving
complex deformations and contact interactions. The objective
is to verify that the surrogate models can accurately reproduce
actuator behavior across different actuation principles and task
types, without relying on full FEM simulations at runtime.

4.1.1 | Contact-Based Grasping With Polynomial
Surrogate

To evaluate the capability of the surrogate models constructed
using polynomial fits in task-level simulation, and to validate
the proposed pipeline on a representative class of contact-
dominated manipulation tasks, we simulated a soft gripper per-
forming grasping, where the smooth and efficient numerical

(a) (b)

FIGURE 2 | Meta-models for design-conditioned surrogate genera-

tion. (a) A NN mapping the design parameters to the corresponding poly-

nomial coefficients of the surrogate model. (b) A NN mapping the

combined design parameters and modular actuation inputs to the result-

ing net force.
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characteristics of polynomial surrogates facilitate stable physics-
based simulation. The gripper design is based on the default bel-
low-SPA from prior work, featuring a strain-limiting side that
constrains expansion on one face and thereby promotes direc-
tional bending during pressurization [26].

As illustrated in Figure 3a, we simulated a half-module, closed
with an end cap to facilitate smooth deformation, under condi-
tions of free pressurization and externally applied moment Mext

at various fixed internal pressures, obtaining angular deflection
θ. In this study, the pressure is sampled from 0 to 15 kPa with 0.5
kPa as an interval, and the externally applied moment is sampled
from 0 to 0.02N ⋅m with an interval of 0.0006N ⋅m. Following
the previously described modeling process, we compared the
model-predicted net torque to the applied external moment
across different pressure values, resulting in a maximum error
of 8.26% relative to the moment range.

Grasping simulations were then carried out in PyBullet using a
physics-based model of the soft gripper. The gripper consists of
three actuator fingers equally spaced around a central axis, with
each finger modeled as a chain of links connected by revolute
joints. Visual and collision geometry are taken directly from
the actuator CAD STL mesh files, while the mass properties of
each link are estimated from the actuator volume and material
density. The lateral friction coefficient between the actuator and
PLA-printed objects is set to 0.8 [27], and anchor friction is
enabled to mimic soft contact behavior. To better approximate
real-world conditions, 5% random noise is introduced to the
object placement, friction coefficient, and actuation pressure
in the simulations. To ensure a fair sim-to-real comparison,
the simulated grasping setup is configured to match the physical
experiments in terms of gripper geometry, object placement, and
actuation conditions. Details of the ablation study used for select-
ing the simulation parameters, together with the corresponding
single-run simulation time, are reported in the Supporting
Information 2.1.

Using this simulation setup, we evaluated sim-to-real transfer by
comparing grasping performance against physical experiments.
Two representative objects were considered: a 3D-printed egg-
shaped object (maximum radius: 30 mm; height: 65 mm) for
power grasping, and a cylindrical object (radius: 16 mm; height:
35 mm) for pinch grasping. The objects weighed 50 and 10 g,
respectively. By systematically increasing the object mass by add-
ing standardized 20 g weights (at a predefined central location
integrated into the object design prior to fabrication) and apply-
ing different actuation pressures, we evaluated how closely the
simulated grasping success rates align with experimental out-
comes. Specifically, grasping was conducted under two actuation
pressures, 15 and 13 kPa. For each grasping mode, three weight
levels were tested: for power grasping of the egg-shaped object, 7,
6, and 5 units of 20 g were added, while for pinch grasping of the
cylinder, 4, 3, and 2 units of 20 g were used. Despite the small
sample sizes and the use of binary and coarse success metrics,
this sim-to-real validation is intended to demonstrate the feasi-
bility of transferring surrogate-based task-level simulation out-
comes to physical grasping behavior, rather than to provide a
comprehensive performance benchmark.

Physical experiments were conducted using a Franka Emika
Panda arm (Franka Robotics, Germany) with the soft gripper
mounted as the end effector and controlled through its standard
interface. The actuation pressure was supplied by an Anest Iwata
air compressor (Anest Iwata Corporation, Japan) and regulated
by a VPPE-3-1-1/8-2-010-E1 Festo proportional-pressure regula-
tor (Festo AG & Co. KG, Germany). At each combination of
weight level and pressure setting, three sets of ten grasping trials
were performed, yielding three success rates (out of 10) for each
object under each condition. During each trial, the pneumatic
actuation was applied over approximately 2–3 s for the grasp
attempt, allowing the actuator to establish contact with the object
and apply grasping force. Representative examples from both
simulations and experiments are provided in the Supporting
Information Video.

(a)

(c)

(b)

FIGURE 3 | Validation of the polynomial-based surrogate model through a soft gripper grasping task. (a) FEMmodel of the bellow-SPA used in the

gripper. (b) Comparison of net torque versus angular deflection under different pressure levels obtained from the FEM simulation and the surrogate

model. (c) Two grasping modes with different objects are compared between simulation and experiment.
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The success rate comparisons are shown in the upper tables of
Figure 4. Overall, the simulation tends to underestimate the
actual grasping performance, which is expected as certain
inter-modular effects are not captured by the model.
Nevertheless, the simulated trends are in good agreement with
the experimental results.

Additionally, the lower plots in Figure 4 show that, although the
success rates are underestimated in simulation, the simulated
maximum z-position zmax of the object correlates with the exper-
imental performance. A higher simulated zmax is associated with
a higher success rate in physical experiments, suggesting it can
serve as a useful performance indicator.

4.1.2 | Continuous Deformation With Small NN
Surrogates

To evaluate the capability of the surrogate models constructed
with small NNs in task-level simulation, and to further validate
the proposed pipeline on a representative class of continuous
deformation tasks distinct from contact-dominated grasping,
we simulated an elephant-trunk-inspired helical soft actuator,
adapted from prior work and incorporating a central thread to
constrain elongation [25], under gravity and externally applied
tip loads.

As shown in Figure 5a, FEM simulations were performed to char-
acterize the deformation of a half-module under two conditions:
(i) free-loading pressurization with increasing internal pressure,
and (ii) constant pressure combined with externally applied
moments about each principal axis. Whenmoments were applied
around the nonactive axes (z and x), the rotation about the y-axis
was first reversed to isolate angular deflections θz and θx . In this
case, the internal pressure is sampled from 0 to 15 kPa with an
interval of 0.5 kPa. The externally applied moments are sampled
independently along each axis, with My ranging from 0 to
0.8N ⋅m at intervals of 0.05N ⋅m, and Mx and Mz ranging from
0 to 0.006N ⋅m at intervals of 0.0002N ⋅m. Following this
axis-wise loading and deformation extraction procedure, three
NNs were trained to capture the mappings between pressure,
moment, and angular displacement about each axis, each achiev-
ing R2 > 0.999. This axis-wise modeling choice constitutes a sim-
plification that reduces learning complexity and improves
training stability. Cross-axis coupling effects may become more
pronounced under larger deformations or combined multi-axis
loading.

To validate the surrogate model, we simulated actuator deforma-
tion in PyBullet and compared the results with real-world experi-
ments under self-weight (Figure 5b) and additional tip loads of
10, 20, and 50 g (Figure 5c–e). In PyBullet, the actuator was

FIGURE 4 | Comparison of experimental and simulated grasping results for the egg (left) and the cylinder (right). The upper tables report the

number of successful grasps across different actuation pressure levels and added weight conditions. G1, G2, and G3 denote three independent experi-

mental sets, each consisting of 10 grasping trials conducted under identical conditions. The lower plots show the maximum vertical (z-axis) position of

the simulated object relative to the initial placement (z= 0), as a function of the applied weight under different actuation pressures.
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modeled as a chain of links connected by spherical joints, with
geometry and mass properties matched to the corresponding SPA
modules. The tip load was simulated as a downward external
force applied to the terminal link. Details of the ablation study
used for selecting the helical actuator simulation parameters, as
well as the associated computational cost per simulation run, are
provided in the Supporting Information 2.2. Recordings of the
simulations are provided in the Supporting Information Video.

Experimental deformation data were recorded using a Motive
OptiTrack system (NaturalPoint, Inc., USA) with four Flex 3
cameras, tracking the positions of five rings (each comprising
three reflective markers) along the actuator, following the proce-
dure in [25]. The actuation pressure was set to 15 kPa and

supplied using the same pneumatic setup as in Section 4.1.1.
This pressure level was empirically identified as the maximum
representative operating pressure for this actuator. As the surro-
gate is trained on FEM data spanning 0–15 kPa, its predictions
are expected to remain accurate within this range as an interpo-
lation problem, with validation performed at the upper operating
limit.

Each experiment was repeated three times to compute average
ring positions. To ensure quasi-static behavior during these
measurements, we waited approximately 20–30 s after each actu-
ation step before recording the actuator configuration. For com-
parison, the actuator base position in PyBullet was aligned with
the experimentally measured mean position of the base ring.

(a)

(b)

(c)

(d)

(e)

FIGURE 5 | Validation of the surrogate model based on small NNs using a helical actuator under gravity and various tip loads. (a) FEMmodel of the

bellow-SPA used in the helical actuator for all three axes. (b) Comparison of the actuator deformation between simulation and averaged physical

experiments over three trials under gravity at five ring positions. (c–e) Comparison of the actuator deformation between simulation and averaged

physical experiments over three trials under tip loads of 10, 20, and 50 g applied at the actuator tip.
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Under self-weight, the relative errors at successive ring positions
were 1.52%, 1.08%, 2.65%, and 2.85% of the actuator length, with a
maximum experimental standard deviation of 1.29 mm observed
at the end ring. Under additional tip loads, the relative tip errors
were 2.97%, 4.25%, and 5.31% for 10, 20, and 50 g loads, respec-
tively, with a maximum experimental standard deviation of
1.33 mm at 20 g.

4.1.3 | A Tendon-Driven Finger Simulation

To demonstrate the applicability of the proposed modeling
approach beyond bellow actuators and pneumatic actuation,
we also applied the NN surrogate model to a tendon-driven actu-
ator from prior work [28], simulating its deformation under free
loading and tip loads of 20 and 50 g with the same tendon travel.

As shown in Figure 6a, FEM simulations were conducted to char-
acterize the deformation θ of an actuator module (as indicated by
the dashed box in Figure 6e) under free loading and externally
applied momentsMext , with the tendon force modeled as a direc-
tional load following the tendon path. In this case, the tendon
force is sampled from 0 to 8N with an interval of 0.05N. The
externally applied moment is sampled from 0 to 0.05N ⋅m at
intervals of 0.0025N ⋅m. A NN was trained to capture the map-
ping between tendon force, external moment, and angular deflec-
tion, achieving R2 > 0.999. In addition, a simple regression was
used to map tendon force to tendon travel.

To validate the sim-to-real transfer, the tendon-driven actuator
was modeled in PyBullet as a chain of links connected by revo-
lute joints, with geometry and mass properties taken from the
CAD model. The tip load was simulated as an external force
applied to the terminal link and directed toward the pulley posi-
tion used in the real experiments, which corresponds to the fin-
ger’s initial tip position. Simulation results were obtained by fine-
tuning the tendon force to reproduce the tendon travel reported
in [28]. The PyBullet simulation parameters for this tendon-
driven actuator were chosen to be identical to those used in

the helical actuator experiments, as no object contact was
involved. Recordings of the simulations are provided in the
Supporting Information Video.

The simulation results show good agreement with experimental
measurements reported in [28], where each loading condition
was experimentally repeated three times, with a maximum stan-
dard deviation of 3.51 mm at the end link position under free
load. As illustrated in Figure 6b–d, the resulting tip errors were
3.14 mm under free loading, 0.84 mm under a 20 g tip load, and
2.29 mm under a 50 g tip load.

4.2 | Surrogate Models for Task-Driven Designs

In this section, we evaluated the effectiveness of the proposed
modeling pipeline for task-driven design by coupling the
meta-models with SOTA optimization algorithms. Two represen-
tative design studies are considered: (i) soft gripper co-design
using reinforcement learning (RL), and (ii) 3D actuator shape
matching using evolutionary optimization. These two cases
employ different meta-model instantiations and optimization
strategies, thereby demonstrating that the proposed pipeline
can flexibly incorporate task-specific surrogate representations
and remain fully compatible with modern learning-based and
gradient-free optimization methods.

4.2.1 | Designing Soft Gripper With RL

The first case study employs the polynomial-based meta-model in
an RL-driven soft gripper co-design setting, as illustrated in
Figure 7. Despite its simplified structure, the polynomial surro-
gate has been shown to provide sufficient accuracy and smooth-
ness for the considered bellow-SPA-based soft gripper within the
investigated operating range (Section 4.1.1), while maintaining
the computational efficiency required for RL-based design explo-
ration. Here, both morphological design parameters and actu-
ation-related variables are optimized jointly through task-level

(a)

(b) (c) (d)

(e)

FIGURE 6 | Validation of the surrogate modeling approach beyond the bellow-SPA. (a) FEM model of the joint in the tendon-driven finger devel-

oped by [28]. (b–d) Comparison of link positions between simulation and averaged experimental results under free load, 20, and 50 g tip loads, respec-

tively. Circle markers correspond to the center positions of each rigid link, with the base link center used as the origin of the reference frame, as indicated

in (e), adapted with permission from [28]. Copyright 2025 IEEE.
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grasping performance, with the meta-model providing fast
predictions of module-level mechanical responses during
simulation.

We first constructed the meta-model from a family of polyno-
mial-based surrogates. The same polynomial surrogate modeling
procedure as described in Section 4.1.1 was applied repeatedly
over a discretized design space defined by the actuator inner
radius r ∈ f2.75, 3.5, 4.25, 5g mm, wall thickness t= 1.5 mm,
average radius R ∈ f6.75, 7.5, 8.25, 9gmm, and module length l ∈
f9, 10, 11, 12g mm. This design space is chosen as a local neigh-
borhood around the baseline gripper design used in Section 4.1.1,
enabling task-driven optimization within a practically relevant
actuator configuration range while avoiding unrealistic actuator
geometries that would violate the manufacturability and geomet-
ric constraints of the bellow-SPA design. This resulted in 54 valid
actuator designs, with the remaining combinations excluded by
the geometric boundary conditions imposed on the design
parameters [26].

A meta-model was then trained as described in Section 3.4, using
a three-dimensional input vector composed of the design param-
eters (r,R, l). The network comprises three hidden layers, two
with 64 neurons and one with 32 neurons, each using ReLU acti-
vation, followed by a linear output layer predicting the five poly-
nomial coefficients (ma, ba, me, be, kn), as defined in the
polynomial surrogate formulation detailed in the Supporting
Information 1.3, Equation (S7). The model was trained with
the Adam optimizer to minimize the mean squared error
(MSE) for up to 1000 iterations and achieves an R2-score exceed-
ing 0.99 on the full dataset.

This meta-model was embedded into the PyBullet simulation to
replace explicit per-design polynomial surrogates, enabling the
prediction of the actuator’s grasping response for continuously
varying design parameters. The actuator geometries correspond-
ing to different design parameters are generated by scaling the
baseline STL mesh used in Section 4.1.1. The task-level

simulation takes three groups of inputs. The control domain con-
tains the grasping height Hg (distance between the actuator tip

and the object bottom) and the maximum pressure Pmax. The
morphological domain includes the actuator base radius Ra

(radius of the circle formed by the actuator bases), inclination
angle α (angle between the actuator longitudinal axis and grav-
ity), the geometric parameters (r,R, l), the module number n
(modules per actuator) and the actuator number m (number
of actuators). The object properties comprise the object type
(“egg” or “cylinder”) and the weight number (the number of
attached 20 g weights). All other simulation settings follow those
in Section 4.1.1.

The simulator outputs a set of task-relevant features: the maxi-
mum and final object positions along the vertical axis zmax, zend;
the summed normal and friction contact forces over the grasping
stage

P
Fn,

P
Ff ; the contact module efficiency η (ratio between

the number of active contact modules at the end of grasping and
the total module count); the slip ratio φ (ratio between the aver-
age object velocity and gripper velocity along the z-axis); and the
grasping mode (miss, touch, slip, or stable grasp) determined
from object motion and contact forces.

On top of this simulation, we constructed an RL environment for
task-driven gripper design. The action space contains all control
and morphological design variables listed above, while the obser-
vation space includes the object properties together with the sim-
ulated grasping performance features. The reward function
encourages successful grasping modes, higher lifting height,
and larger friction-to-normal force ratios, while penalizing exces-
sive pressure and material usage. It further promotes distributed
multi-module contacts when grasping the egg and more localized
contacts when grasping the cylinder.

Task-driven design was then performed using a Proximal Policy
Optimization (PPO) agent trained on a task distribution consist-
ing of grasping an egg and a cylinder with varying weights. Each
episode corresponds to a single simulated grasp attempt, with the

FIGURE 7 | Schematic overview of task-driven soft gripper design using RL. An RL agent (PPO) is trained on a task distribution consisting of

grasping an egg and a cylinder with varying weights. The environment corresponds to a simulated grasping trial with randomized object type and

weight, where both control and morphological parameters are sampled from the action space and evaluated using the meta-model for polynomial

surrogates. The agent observes task properties and simulated grasping performance features, and assigns rewards and penalties accordingly to learn

a policy that maps object-specific conditions to optimal gripper design parameters.
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object type and weight randomized at reset, so that the learned
policy maps task-dependent object conditions to both control
commands and gripper morphology. Training was run for
14 400 total timesteps in a vectorized environment with four par-
allel simulations, using the hyperparameters detailed in
Supporting Information 2.3. The associated learning curves,
shown in Figure S8, indicate stable convergence of the policy
and value function.

The resulting distributions of the optimized parameters are sum-
marized in Figures S6 and S7, obtained by evaluating the trained
policy on each object type–weight combination and sampling the
predicted action parameters over 10 stochastic rollouts per task
condition. Most morphological design variables, including inner
radius, average radius, module length, module number, and actu-
ator number, converge to nearly identical values across all tasks,
whereas the actuator base radius exhibits a clear task-dependent
differentiation between the egg and cylinder. This suggests that,
under the current reward and task distribution, the policy pre-
dominantly converges to a robust general-purpose gripper mor-
phology, with a small subset of parameters adapting to object
geometry.

To further verify the quality of the learned design and to remove
potential uncertainty introduced by the meta-model, we recom-
puted the polynomial surrogate for the final optimized design
parameters using direct FEM data. Notably, this design does
not belong to the original meta-model training set. The recon-
structed surrogate achieved a root–mean-squared error (RMSE)
of 3.21% relative to the maximum net torque value when com-
pared with FEM data (Figure 8a). Using this refined surrogate,
grasping simulations (10 attempts with added environmental

noise) were carried out for all task conditions. The simulation pro-
tocol follows the same procedure used in Section 4.1.1 for the sim-
to-real validation of the baseline gripper. As shown in Figure 8b
and c, the simulated maximum z-position zmax and final z-position
zend of the object are nearly identical when grasped by the opti-
mized gripper, indicating stable grasps and corresponding to a suc-
cess rate of 10/10 in all trials. A quantitative comparison with the
baseline gripper configuration reported in Section 4.1.1 is provided
in the Supporting Information Table S1, which summarizes the
grasp success rates and the simulated maximum object position
zmax across the tested task conditions. These results confirm that
the proposed pipeline can exploit RL together with the polyno-
mial-based meta-model to support task-driven soft gripper design
optimization.

4.2.2 | 3D Shape-Matching With CMA-ES

The second case study uses the NN-based meta-model within a
representative evolutionary optimization method for actuator
shape-matching design, as shown in Figure 9. The meta-model
predicts the deformation behavior of candidate designs, while
a gradient-free optimizer updates the design parameters accord-
ing to a geometric matching objective. In this case study, the
shape-matching task is defined using the same right-handed heli-
cal target shape as in [25], with a radius of 18 mm and a height of
60 mm.

We first applied the NN surrogate model to the same actuator
design for deformation prediction along the three principal axes
as described in Section 4.1.2. This procedure was repeated over a
discretized design space defined by the average radius R ∈
f5, 5.5, 6, 6.5, 7g mm and module length l ∈ f4, 4.5, 5, 5.5, 6g

FIGURE 8 | Results of the RL-optimized design. (a) Comparison of net torque versus angular deflection under representative pressure levels between

the polynomial surrogate model for the optimized design and its FEM simulation, showing close agreement consistent with the validation in

Section 4.1.1. (b) Simulated object grasping results using the polynomial surrogate model for the optimized design, indicating successful and stable

grasping under the intended task conditions.
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mm, while keeping the inner radius (r = 3 mm) and wall thick-
ness (t= 1.5 mm) fixed. This design space is centered around the
optimal actuator configuration reported in [25], allowing inter-
polation-based evaluation of the meta-model in the vicinity of
a known high-performance design. After excluding combinations
that violate the geometric condition R− r ≥ l=4 [25], 24 valid
actuator designs remained.

Following Section 3.4, a behavior model was trained for each axis
by aggregating data from all sampled designs. For a design char-
acterized by ðR, lÞ, all tuples (p,u, τ), corresponding to actuation
pressure, half joint angle, and resulting joint torque, were col-
lected and stacked into input–output pairs of the form
ðR, l, p, uÞ→ τ. Each axis-wise behavior model was implemented
as a feedforward NN with two hidden layers of 64 neurons and
ReLU activation, followed by a linear output layer predicting the
net joint torque. The models were trained with the Adam opti-
mizer to minimize MSE, achieving R2 scores exceeding 0.999 for
all three axes.

These design-conditioned behavior models were then embedded
into the PyBullet simulation environment to replace the explicit

small NN models, enabling fast prediction of actuator deforma-
tion for varying design parameters. The simulation takes two
groups of inputs. The first defines the actuator design: the num-
ber of segments N ; the average radius R and module length l
shared by all modules within each segment; the number of mod-
ules per segment n; the relative rotation angle between adjacent
segments ϕ, and the actuation pressure Pmax. The second group
specifies the target shape to be matched.

For each candidate design and pressure, the PyBullet simulation
produces the deformed centerline of the actuator, reconstructed
as a piecewise arc-length–parameterized curve based on link
positions and joint rotations. The target helix is resampled
according to the normalized cumulative arc length of this curve
to ensure one-to-one correspondence between simulated and tar-
get points. Shape-matching quality is quantified using the RMSE
and the maximum point-wise Euclidean distance emax between
corresponding points, and these metrics serve as objective func-
tions for design optimization. In [25], no satisfactory actuator
could be identified due to limitations of the underlying model,
with the best design yielding an RMSE of 25.68mm and an
emax of 36.20mm (Figure 10a).

The optimization problem is formulated as a joint search over
structural parameters, geometric design parameters, and actu-
ation pressure. At the structural level, the actuator is partitioned
into N = 4 segments in this study. The total number of modules is
first bounded using a physically motivated estimate based on the
target curve length and the range of module lengths, and then
five candidate totals are sampled around the center of this inter-
val. For each total, multiple structural configurations ni

N
i= 1 are

generated by distributing modules across segments under a bal-
ance constraint, avoiding extreme structural imbalance while
preserving diversity. This procedure yields 81 structural
candidates.

For each structural candidate, the continuous design parameters
ðRi, li,ϕiÞNi= 1 and actuation pressure p are optimized jointly. To
remove global rotational redundancy, the first intersegment rota-
tion is fixed to ϕ1 = 0, while the remaining ϕi are treated as opti-
mization variables. Continuous optimization is carried out using
the Covariance Matrix Adaptation Evolution Strategy (CMA-ES),
which is well suited to strongly nonlinear, nonconvex objective
landscapes and black-box settings where each function evalua-
tion involves a full physics-based simulation with embedded

FIGURE 9 | Schematic overview of the shape-matching actuator

design task. The actuator is composed of multiple segments (highlighted

in different colors), each characterized by the number of identical mod-

ules, the geometric design parameters of the module, and the rotation

angle relative to the preceding segment. Behavior models that map

the modular design and actuation inputs to the output response are

employed in simulation to obtain the deformed shape of the designed

actuator under actuation pressure and gravity, in order to match a given

target shape.

FIGURE 10 | Results of the shape-matching design optimization. (a) Comparison between the target helix and the optimized actuator obtained using the

previous modeling approach [25]. (b) Comparison between the target helix and the optimized actuator obtained using the proposed behavior models.
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surrogate models. The initial step size is set to σ0 = 0.3 to balance
global exploration and local refinement.

During the shape-matching process, CMA-ES iteratively searches
the continuous design space for each of the 81 structural config-
urations, minimizing both RMSE and emax until either conver-
gence below 5mm for both metrics or 60 iterations are
reached. The resulting optimal actuator design and pressure
are reported in Supporting Information 2.4, and summarized
in Table S2. Based on the behavior model prediction, the opti-
mized design achieved an RMSE of 4.51mm and an emax of
8.46mm with respect to the target helix.

To further evaluate the fidelity of the behavior model prediction,
the small NN surrogate models for each segment were subse-
quently reconstructed using direct FEM data. All reconstructed
surrogates achieved R2 scores above 0.999. The corresponding
actuator was then simulated again, yielding an RMSE of
5.05mm and emax = 8.19mm with respect to the target helix
(Figure 10b). Compared with the previous best result, this repre-
sents a substantial improvement in shape matching and confirms
that the NN-based behavior models, when combined with a rep-
resentative evolutionary optimizer such as CMA-ES, are effective
for task-driven design within the proposed pipeline.

4.3 | General Discussion and Limitations

Building on the results presented above, this subsection provides
a brief general discussion of the limitations underlying the pro-
posed approach.

First, the proposed pipeline primarily supports interpolation
within parameterized actuator design spaces that are explicitly
sampled during surrogate construction, and does not aim to gen-
eralize across fundamentally different morphologies or actuation
principles. Second, the surrogate models were constructed from
quasi-static FEM data, which neglect dynamic effects such as
rate-dependent material behavior and transient interactions.
Third, while extensive validation was performed mainly within
the sampled ranges, systematic evaluation outside these ranges
remains limited. Finally, hardware validation was demonstrated
for selected representative cases, but not for all actuator types and
task scenarios considered in simulation.

5 | Conclusion

This paper introduced a unified FEM-based surrogate modeling
pipeline for generalized task-driven design of soft robots. By inte-
grating high-fidelity FEM data generation, compact surrogate
modeling, design-conditioned meta-model learning, and
PRBM-based task-level simulation, the proposed pipeline bridges
the long-standing gap between physical accuracy and computa-
tional efficiency in soft robotic design. Through extensive sim-to-
real validation across multiple actuator types and two represen-
tative task-driven design studies, namely RL-based soft gripper
co-design and evolutionary shape-matching optimization, we
demonstrated that the pipeline supports both reliable physical
prediction and efficient task-level optimization under realistic
environmental interactions. Beyond the specific tasks investi-
gated in this work, the modular structure of the proposed pipe-
line facilitates extension to additional soft robotic applications

within similar modeling assumptions. In particular, the reliance
on physically grounded FEM data and surrogate abstraction
makes the pipeline well-suited for environments involving com-
plex interactions, such as underwater manipulation, fluid-struc-
ture coupling, and confined-space operations. Moreover, the
decoupling between surrogate modeling and task-level optimiza-
tion allows the proposed approach to be readily combined with
diverse learning-based and gradient-free optimization para-
digms. These properties position the pipeline as a fundamental
building block toward scalable, autonomous, and general-pur-
pose task-driven design of soft robotic systems in complex
real-world environments.
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Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Supporting Fig. 1: FEM setup and force evolution

for a translational bellow-SPA module. (a) The FEM model under free-
loading and constrained conditions. (b) Calculated elastic, actuation, and
external forces over the simulation steps, illustrating the transition from
the free-loading phase to the constrained phase. Supporting Fig. 2:
Polynomial-based surrogate modeling process and validation. (a–d)
Polynomial fits of the actuation and elas tic stiffness across different pres-
sures and displacements. (e) FEM model of connected actuator modules.
(f ) Comparison between predictions from the polynomial surrogate
model and the full FEM simulation for actuators composed of 2–10 mod-
ules. Supporting Fig. 3: Surrogate modeling using small NNs. (a) FEM
model of a bending bellow-SPA with an internal constraint. (b)
Calculated actuation stiffness as a function of angular deflection under
multiple pressure levels, obtained using the formula tion in Section
3.2. (c) Architecture of the small feedforward NN. (d) Training and pre-
diction results of the neural network surrogate. Supporting Fig. 4:
Ablation study of the PyBullet simulation settings for the grasping task.
The effects of the simulation time step size and the joint damping coeffi-
cient are evaluated under fixed actuation pressure, contact friction, and
object properties. Representative actuator joint angle and joint torque
responses, together with the maximum vertical position of the object zmax,
are analyzed. Supporting Fig. 5: Ablation study of the PyBullet simula-
tion settings for the helical actuator. The effects of the simulation time
step size and the joint damping coefficient are evaluated at the fifth ring
(actuator tip). (a) Position error between the ex perimentally measured
actuator tip and the simulated tip position, where the simulated position
is computed as the mean over the last half cycle after the motion has
settled. (b) Standard deviation of the simulated tip position over the last
half cycle. Supporting Fig. 6: Distributions of the RL-generated design
and control parameters for different object types. Histograms show the
distributions of the optimized parameters for grasping an egg (blue)
and a cylinder (orange), including grasping height, maximum pressure,
actuator base radius, inclination angle, inner radius, average radius, mod-
ule length, module number, and actuator number. The y-axis represents
the number of evaluation samples, while the x-axis corresponds to the
parameter indicated in each subplot title. When two bars appear side
by side, they share the same parameter value, defined by the center of
the two bars; when only a single bar is present, its center indicates
the corresponding parameter value. Supporting Fig. 7: Distributions
of the RL-generated design and control parameters across object types
and weight conditions. Histograms show the optimized parameter distri-
butions for grasping eggs and cylinders under different weight cases, in
cluding grasping height, maximum pressure, actuator base radius, incli-
nation angle, inner radius, average radius, module length, module num-
ber, and actuator number. The y-axis represents the number of evaluation
samples, while the x-axis corresponds to the parameter indicated in each
subplot title. When bars appear side by side, they share the same pa
rameter value, defined by the center of the bars; when only a single
bar is present, its center indicates the corresponding parameter value.
Supporting Fig. 8: Training performance of the RL agent (PPO). (a)
Mean episode reward, (b) value loss, (c) total training loss, (d) explained
variance, (e) policy entropy, and (f ) approximate Kullback–Leibler (KL)
divergence, plotted over the training steps. Supporting Table 1:
Quantitative comparison between the baseline gripper and the RL-opti-
mized gripper, evaluated using the grasp success rate and the averaged
simulated maximum object lifting position zmax. Supporting Table 2:
Optimized actuator design parameters for the 3D helix shape-matching
task.
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