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Fig. 1: We present a Cross-Entropy Method (CEM) with reward model (CEM-RM) framework that optimizes block-wise,
finger-wise, and tendon-routing design distributions of a soft robotic hand using pre-collected teleoperation data. Hardware
experiments demonstrate that CEM-RM achieves effective design optimization with significantly fewer samples than pure

optimization, enabling robust grasping of challenging objects.

Abstract— Soft robotic hands promise to provide compliant
and safe interaction with objects and environments. However,
designing soft hands to be both compliant and functional
across diverse use cases remains challenging. Although co-
design of hardware and control better couples morphology to
behavior, the resulting search space is high-dimensional, and
even simulation-based evaluation is computationally expensive.
In this paper, we propose a Cross-Entropy Method with Reward
Model (CEM-RM) framework that efficiently optimizes tendon-
driven soft robotic hands based on teleoperation control policy,
reducing design evaluations by more than half compared to
pure optimization while learning a distribution of optimized
hand designs from pre-collected teleoperation data. We derive
a design space for a soft robotic hand composed of flexural soft
fingers and implement parallelized training in simulation. The
optimized hands are then 3D-printed and deployed in the real
world using both teleoperation data and real-time teleoperation.
Experiments in both simulation and hardware demonstrate that
our optimized design significantly outperforms baseline hands
in grasping success rates across a diverse set of challenging
objects. More info: https://hakuna25.github.io/sof
thand/

I. INTRODUCTION

Recent progress in teleoperation [1], [2] and rapid fabri-
cation technologies [3] have created powerful opportunities
for developing and evaluating novel robotic hand designs.
Many of these are done with rigid robotic hands, which
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are straightforward to model and control [4]. However, rigid
robotic hands remain costly as they require small and accu-
rate motors, and tend to be fragile when executing contact-
rich interactions in a tabletop setting. The 3D printers have
become accessible and greatly enabled rapid prototyping of
alternative hand morphologies, including soft hands. Soft
hands are inherently safe to work around humans, objects,
and environments. Soft fingers actuated with tendons [5] are
especially easy to make: they can be directly 3D-printed in a
single piece [6], [7] with integrated flexure joints. This allows
us to quickly explore a broad design space by validating the
hardware design in the real world.

Advances in computational methods and machine learning
are transforming how robotic design and control can be opti-
mized. Gradient- and planning-based methods have been ex-
plored to optimize the geometry of robots [8], [9]. However,
these methods typically require extensive domain expertise.
Machine learning offers a data-driven alternative [10], [11],
yet design problems are still challenging because they lack
direct supervision: engineers often rely on intuition or costly
trial-and-error iterations. This is particularly limiting when
designs must generalize across different use cases. Co-design
of both control and design has been shown to effectively
connect designs with their use cases [7], [12]. However,



design and control by themselves are hard problems with
high dimensionality. The joint co-design space can quickly
become intractable.

In this work, we present a framework for learning to design
soft robotic hands using a reward model. Our approach
uses control demonstrations from teleoperation collected on
real objects and transfers them into simulation. We sample
a wide range of hand design parameters and simulate the
corresponding grasping outcomes. To explore the design
space efficiently, we employ the Cross-Entropy Method
(CEM), which maintains and iteratively refines a sampling
distribution over design parameters by resampling from the
top-performing candidates. However, this process can still
be slow and costly. Thus, we use the simulation grasping
outcomes as ground-truth rewards to train a neural reward
model based on a multilayer perceptron (MLP). By combin-
ing the reward model with CEM, we significantly accelerate
the design search: the reward model reduces the required
simulation budget by half while maintaining its fidelity. We
then validate the optimized designs in both simulation and
hardware by fabricating hands via 3D printing. Results show
that our learned designs outperform a uniform baseline,
achieving higher grasp success rates.

Overall, our approach demonstrates how to efficiently ex-
plore large design space using sampling and reward models.
More broadly, it offers an option for generating optimal robot
designs given an existing control policy, without requiring
domain-specific analytic models or excessive simulation tri-
als.

II. RELATED WORK

Robotic hand design faces challenges from high-
dimensional parameter spaces and the complexity of opti-
mizing control policies. Recent advances in machine learning
and world models have improved sample efficiency, while
teleoperation offers reliable control demonstrations that by-
pass the need to learn policies entirely from scratch.

Computational Design and Co-Design. Computational
methods use optimization algorithms, simulation, and data
analysis to enhance the design process. Prior work has
explored planning [13] and gradient-based optimization over
geometry and topology [14]. However, such approaches often
fail to generalize across tasks and struggle with discontinu-
ous contacts or fabrication constraints that make gradients
intractable. Bi-level formulations jointly optimizing design
and control [15], [16] alleviate this, while simulators [17]
enable end-to-end co-design but still remain challenging
with non-linearity and sensitive to initialization [12], [18].
Sampling-based frameworks instead trade computational cost
for broader exploration: Genetic Algorithms [19] and Covari-
ance Matrix Adaptation - Evolution Strategy (CMA-ES) [20]
evaluate large populations in discrete or continuous spaces;
Bayesian Optimization balances exploration and exploitation
in low-dimensional spaces [21]; and Reinforcement Learning
(RL) coupled with evolutionary methods discovers unintu-
itive morphologies [22]-[24].
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Tendon-driven Robotic Hands. Tendons are a popular
way of actuating robotics hands [5]. Compared to direct-drive
hands such as LEAP [25], tendon-driven hands [26]-[29]
take inspiration from biological hands to control joints with
tendons driven by actuators positioned away from fingers.
Some soft designs encode joints directly into monolithic
bodies [6], [30] or exploit variable-stiffness materials for
adaptable compliance [31]. However, designing a tendon-
driven soft robot body still relies on manual tuning and the
exploration of geometric parameters.

Optimization with Function Approximation. Data-
driven approaches to optimization such as Reinforcement
Learning (RL) have flourished in the era of neural networks,
and a variety of broadly applicable RL algorithms have
been proposed. These algorithms typically have an “actor-
critic” structure in which a critic approximates the (usually
temporally extended) problem landscape, and an actor con-
currently learns to maximize expected return as estimated by
the critic [32]-[35]. A key benefit of such methods is their
ability to model high-dimensional and often highly nonlinear
problem landscapes. Most recently, researchers find that
such algorithms can be simplified by replacing the actor
with a non-parametric function such as the Cross-Entropy
Method (CEM) [36]-[40], or the critic with Monte Carlo
rollouts [41], [42]. However, the aforementioned methods
were all designed for sequential decision-making rather than
the (single-step) continuous bandit problem that we consider
in this work. We propose a simple and computationally
efficient method for design optimization that uses CEM as
actor, and a combination of single-step Monte Carlo rollouts
and a learned reward model as critic.

III. METHODS

Soft robot hands can be designed with tendon-driven com-
pliant fingers for lightweight, dexterous manipulation [5].
We define a design space that parameterizes key structural
variables, including finger length and thickness, tendon rout-
ing, and finger position and orientation, which influence
contact forces and grasp stability. We collect teleoperation
control data in both simulation and the real workspace to
serve as a base for design optimization. Building on this
dataset, we introduce the Cross-Entropy Method with reward
model (CEM-RM) framework to enable efficient evaluation
of design candidates, while CEM iteratively updates the
design distribution to converge toward effective soft hand
configurations.

A. Soft Hand Design Space

We developed a parallel tendon-driven soft-hand simulator
in Nvidia Warp [43], [44]. Each finger is actuated by a
tendon routed through the one-piece finger mesh via a set of
waypoints. We simulated the motion of this actuated finger
using the Finite-Element Method (FEM) [7] to model soft-
hand deformation. To ensure stable and efficient simulation,
we fixed the material stiffness of each finger to a moderate
Young’s modulus of 2.0 MPa in our simulation, and opti-
mized the remaining hand parameters.
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Fig. 2: Soft robot hand design space. (a) 3D and side views of a finger, with the fingertip on the left and the base on the
right. The tendon force 7' is applied along the green tendon route toward the base, passing through red waypoints. Optimized
parameters include segment and flexure lengths, tendon waypoint distribution, and segment thickness. (b) A three-finger soft
hand (base on top, fingers pointing down), where finger orientation and mounting position are also design parameters.

The optimization variables include finger length, tendon
routing, segment-block thickness, and each finger’s mounting
position and orientation (see Fig. 2). Finger-length-related
variables are denoted by [, where /!¢ represents the flexure
length and [°°Y the segment-block length. Both variables
range from 6 to 18 mm, which is sufficient for the fingers
to handle most object sizes while ensuring stable simulation.
Tendon-route and block-thickness variables are denoted by
h. Tendon waypoints are positioned on both sides of each
segment block; for segment block ¢, we design both its
thickness h; and the tendon-waypoint height ht™. h; ranges
from 4 to 18 mm, ensuring that the segment block is taller
than the flexure and provides sufficient frictional support.
hte™ also lies within this range but is constrained to remain
below the segment height.

We formulate the mounting positions using two half-
circles, with the prismatic joint located between them. The
thumb is mounted on one side of the joint, while the index
and middle fingers are mounted on the other side. We
denote each finger’s mounting orientation by v and mounting
position by p (corresponding to the mounting angle ¢):

R [cosﬂ

sin ¢
where R is the finger-mounting half-circle radius. Fingers
can be mounted within their corresponding half-circle, while
Y € (—n/4,m/4) allows inward-oriented forces.

(D

B. Cross-Entropy Method with Reward Models

We define our soft hand design optimization as a continu-
ous bandit problem. We assume the design variables follow a
Gaussian distribution A/ (y, 0%I) and use the Cross-Entropy
Method (CEM) to iteratively update this distribution toward
the optimum. As illustrated in Fig. 3, starting from a uniform
initial design, we feed forward design actions during training
while iteratively optimizing the CEM action distribution. We
jointly optimize the soft hand design across all objects in our
dataset. We denote Agq as the displacement of the object’s
ending pose with respect to the soft hand’s wrist, and Ag,
as its component along the positive axis pointing upwards.
Z € {0,1}, where Z = 1 if the object collides with the
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ground, and O otherwise. The objective for an object set O
is formulated as (all variables are conditioned on [, h, p, and
1), but omitted for simplicity):

Ropt(L, 7,9, 1) = w1 Y | Agl| +ws Y [min(Agy, 0)] — T
o€ o€
)

The reward of each valid design (no penetration among
fingers) is computed based on this objective. The reward is
set to zero if the design is invalid or if there is collision
between the object and the ground.

Algorithm 1: CEM with reward model (D;cjeop, So)

Input: Multiple teleop motion Dyejeop for each object, initial
design sp, learned network parameters 6, initial parameters
w0, a9 of CEM, replay buffer B of (action a, reward r)
from simulation, eval rate p from reward model

Output: Optimized final one-step design state s* = sg + a*

for iteration j < 1 to J do
if p is None then
L p=0r]
else _
| pemp+ (1 —n)p]
Select population indices of size round(p - K): Z ~ U(0, K)
Collect a set of actions: {ag} ~ N (p? =1, (6771)2T1)
for k <+ 1 to K do

if £ € Z then
L rrx = Q(axl0)
else

Evaluate mean reward on all objects:
sk = 80 + ak, 1, = Sim(sg, Dicleop)
Store action-reward mapping (ag, %) in B

|

Select a subset of elites EZ (top N samples)
Wi Y @00 e [ X e w3
zeE z€E
if buffer size > batch size Np then
Sample a random batch of N mappings (a;,r;) from
buffer B
Update Q by minimizing the loss:

L= 5 5,0 — Q(as6))?
0« 6— QVQL
return s™;

In Algorithm 1, we start with multiple teleoperation con-
trol data collected beforehand (randomly sampled during
design evaluation), an initial design sg, CEM parameters ;"
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Fig. 3: System overview. We first collected multiple teleoperation control datasets for each object, which are randomly
sampled during optimization. The design action distribution is optimized in the CEM loop, with evaluations from both
simulation and a co-trained reward model (the proportion of reward model evaluations increases smoothly during training).
The action distribution ultimately converges to the optimal soft hand design.

and oY, learned reward model parameters 6, and buffer B of
(action a, reward r) from simulation. In each optimization
iteration j, we first sample design actions a from the cur-
rent CEM distribution N (p/, (67)2I). Each design action
candidate is then evaluated on all objects in parallel, using
simulation and the reward model with proportions 1 — p and
p, respectively. The evaluation rate p smoothly increases as:

pnp+(1—n)pl (3)

where pl = Pmint 7 (pmax Pmin)-j denotes the linear rate
at iteration j. The top N, elite design actions are selected to
update the CEM distribution. All ground-truth action-reward
mappings from the simulation are stored in a buffer, from
which mini-batches are sampled to train the reward model by
minimizing the Mean Squared Error (MSE) between model’s
estimated rewards and the ground-truth rewards:

L_NZ

After iterative optimization of CEM with reward model, the
algorithm returns the optimal soft hand design s* for the
object set.

Q(ai]0))® @)

C. Teleoperation Data Collection

To efficiently deploy soft-hand designs with high-quality
control motions, we collected teleoperation data using a uni-
form baseline design in both the real world and simulation,
which then serves as a base for the design optimization
process (Fig. 4).

1) Teleoperation and Retargeting: In the real hardware
workspace, we use a Virtual Reality (VR) device (Meta
Quest 3, Meta Platforms, Inc.) to teleoperate a robot arm
(xArm, UFactory USA), the prismatic joint of the soft hand,
and the tendon-driven finger motions. The end effector is
controlled through delta-pose mapping: the change in the
human wrist pose between consecutive time steps is applied
directly to the end effector of the robot arm. We detect pose
jumps by checking whether two successive transformation
matrices remain within a predefined tolerance. For smoother
transitions, we apply spherical linear interpolation (SLERP)
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Fig. 4: Teleoperation data collection. Human hand poses
captured by the Meta Quest 3 are converted into soft-
hand motion control commands for real-time teleoperation.
The grasping pose, prismatic joint displacement, and tendon
motion are collected and augmented in simulation.

to quaternions and linear interpolation to translations. For
the soft-hand actuation, the distance between the human
thumb and index fingertips is projected to the prismatic joint,
mapping directly to the displacement of the prismatic motor
(corresponding to prismatic-joint extension). Also, human
finger bending is retargeted to the tendon displacement of
the soft fingers. We measure bending degree using cosf =
%7 where ’U_i = ﬁfingertip - ﬁdistals U_é = ﬁdistal -
Dprozimal, P denotes the 3D hand keypoint position in the

Quest 3 world frame and ||-|| is the Euclidean norm.
2) Real-to-Sim and Simulation Data Collection: We col-

lect three types of control signals during teleoperation: (a)
the 6D end-effector grasping pose relative to the object
pose, (b) the prismatic-joint displacement, and (c) tendon
displacements of the soft fingers. The linear displacement
along the motor pulley As is computed as: As = rpyieyAg,
where Agq denotes the motor joint angle change, and 7py1ey
is the pulley radius. Then we align the teleoperation data



to the simulation by executing velocity control for both the
prismatic joint and lift-up motions. This avoids finger—object
penetration: over a short horizon we first apply a constant
positive acceleration finger mesh, then an equal-magnitude
negative acceleration, yielding zero terminal velocity. Direct
position warping can otherwise lead to mesh penetration. The
number of frames used to apply the prismatic joint motion in

AV QASPML@' matic/a

At
a is a small constant acceleration, and A¢ is the unit frame
time. At each simulation frame i, we apply a fixed force
T'fizeqa on the finger tendon if its current displacement As’
reaches the target teleoperation value Asyepnqgon; Otherwise,
the tendon is released. We formulate frame ¢ tendon force
T as:

tendon

simulation is formulated as: N = , where

5 Tf’izeda if As* < AStendona
tendon —

&)

0, otherwise,

We further augment the teleoperation data in simula-
tion using keyboard control. In the original Nvidia Warp
framework, rendering is only available after the simulation
ends by exporting each frame to a USD file. To enable
real-time interaction, we develop a custom OpenGL-based
renderer within Physics Newton [44] and integrate it into
Warp [43], allowing direct teleoperation during simulation.
In this setup, the soft-hand teleoperation includes controlling
the 6-DoF wrist pose, the prismatic joint, tendon motions,
and lift-up motions for each object. Both real-world and
simulation teleoperation data are utilized to train the soft
hand design. After optimization, we deploy the new design
in the real workspace, using teleoperation data augmented in
simulation, or directly operated by an operator.

XL330
servo motor

Single finger
holder

Double finger
holder

finger

\ Index finger

Fig. 5: Optimized soft robot hand. We built our final design
with optimized fingers, 3D-printed finger holders, an xArm
mount, geared racks, and four servo motors.

IV. EXPERIMENTS AND RESULTS

We conducted a series of experiments in both simulation
and the real robotic workspace. The optimized soft robotic
hand was evaluated with respect to: (a) the efficiency of
our optimization framework, (b) its generalization to diverse
objects with varying masses and geometries, and (c) its
grasping success rates compared with alternative soft hand
designs optimized using other methods.
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A. Hardware Setup

To collect real workspace teleoperation data, we set up
a real-world teleoperation system with the xArm?7. The
operator used Meta Quest 3 to track human hand movements,
which were then translated into the arm’s joint angles and
soft robot hand motion through inverse kinematics (IK) and
motion retargeting. We passed through the VR headset in
real time for collecting teleoperation data.

We assembled the optimized soft fingers, finger holders,
four Dynamixel XL.330 motors, geared racks, and the xArm
mount (with slight adjustments to part transforms for clearer
presentation in Fig. 5). The optimized soft hand design was
3D-printed and mounted onto the xArm, where the motors
performed both prismatic joint movements and position-
controlled tendon actuation.

For visual perception, we utilized one Intel RealSense
L515 camera: positioned at a 30-degree inclination in the
front-top workspace region (42.9 cm elevation). We used
FoundationPose [45] for object’s pose detection.

B. Simulation Experiments

We first used a uniform baseline design (lseg = lf7c = 12
mim, d) =0, hﬁen = 0.5h; = 11 mm, ¢index = _¢middle =
—7/4, dthums = 0) to collect five teleoperation data for each
object, including grasping poses, prismatic joint values, and
tendon pulling forces, both in the real hardware workspace
and in simulation. Using this pre-collected teleop-data, we
jointly optimized our soft hand design across all objects
in the dataset. During optimization, each design candidate
was evaluated in parallel on 50 daily and household YCB
[46] objects over 800 simulation frames. In the test phase,
a random downward disturbance impulse between 0.05 and
0.2 N-s was applied after grasping, during the subsequent
700 frames at 3000 fps. A grasp was considered successful
at the final frame if the object was lifted and securely
held by the soft hand: no ground collision occurred, the
object maintained contact with the soft hand fingers, and
the object’s body exhibited non-zero force feedback. Each
training experiment was conducted on a single NVIDIA RTX
4090 GPU, and the corresponding training times are reported
in Fig. 6b.

Our CEM with reward model framework is efficient
with fewer simulation evaluations. We leveraged both
ground-truth simulation and the reward model to evaluate
design candidates during CEM optimization. The evaluation
rate p for the reward model was gradually increased, as
in Eq. 3, with higher reliance placed on the reward model
as its fidelity improves during training. We compared this
hybrid approach with three baselines: using the reward model
exclusively for evaluation (p=1), pure CEM optimization
and random sampling. As shown in Fig. 6a, our CEM-RM
(hybrid) converged faster with fewer environment interac-
tions while achieving a convergence value comparable to
that of pure CEM. By combining simulation- and reward-
model-based evaluations, the MSE also converged faster
compared with relying solely on the reward model. Reward
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Fig. 6: Simulation results for optimization methods. (a) Elite reward and loss versus the number of environment interactions,
comparing CEM, CEM with reward model, and random sampling. Grey dotted lines indicate the reward-model training start
points. (b) Convergence training time of the full training process for CEM, CEM-RM (p=1), Random, and CEM-RM (hybrid).
(c) Elite reward ablation on teleoperation data: training with single or multiple teleoperation control poses per object.

TABLE I: Simulation success rates for light/heavy in-
domain and out-of-domain objects, averaged over 5 trials.

Method In Domain Out of Domain

Group Multi-teleop Light Heavy Light Heavy

CEM-RM(p=1) v 86.0% 752% T159%  62.1%

Random 4 86.0% 68.0% 724%  62.1%
X 88.4% 80.0% — —

CEM v 89.2% 85.6% 79.3%  65.5%
. X 832% 82.8% — —

CEM-RM(hybrid) v 892% 87.6% 759% 72.4%

model training began once the buffer size exceeded the batch
size.

We further tested the soft hand designs optimized with
these four methods on both in-domain and out-of-domain
objects, spanning light (density 1-4 kg/m?) and heavy (den-
sity 5-8 kg/m?) categories. The out-of-domain set consists
of 29 objects drawn from the Digital Twin Catalog (DTC)
[47], KIT [48], and YCB datasets (excluding those used in-
domain), and features substantially different geometries and
sizes compared to the in-domain objects. All evaluations
were conducted across the full teleoperation dataset. As
shown in Table. I, while all optimized designs performed
well when grasping light objects, our CEM-RM (hybrid)
consistently showed a significant advantage when han-
dling heavier objects.

We observed several interesting features in the final opti-
mized design. The optimization favors shorter fingers, which
improve grasp stability, and flexure blocks tend to be shorter
than segment blocks. The fingertips become thicker, offering
better frictional and power grip. A lower tendon routing at the
fingertip reduces curling, enabling more effective precision
grasps of small objects. This aligns with the uniform pressure
distribution similar in [7]. In addition, the thumb is not placed
symmetrically opposite the index and middle fingers; instead,
it shifts closer to one finger while angling toward the other.
This asymmetric placement allows the thumb to collaborate
with its neighboring finger, effectively forming a gripper-like
pair when actuated in combination with the prismatic joint.
Our real experiments suggest that this configuration improves
success rates on thin/flat objects where the uniform baseline
design often failed due to limited contact areas.

C. Ablation Study

We ablated the effect of CEM population size and the use
of single or multiple teleoperation control during training.
We firstly trained on a small set of 10 objects (randomly se-
lected from the dataset) to explore different population sizes
(32/45/56/67), and observed that the elite reward converged
to similar values when the size exceeded 45. Thus, we set
the population size to 45 for subsequent optimization. To
examine the impact of teleop-data diversity, we optimized the
soft hand design using either a single teleoperation control
pose (we use the first) or all available teleop-data (randomly
sampling one per grasp). As shown in Fig. 6c, the single-
teleop setting yields slightly higher convergence. However,
during the test phase (in Table I), the single-teleop setting
did not achieve higher success rates for either light or heavy
objects, indicating that training with multiple teleop-data
improved robustness.

TABLE II: Real success rates for in- and out-of-domain
objects of diverse masses and geometries.

Object ID 1 2 3 4 5 6 7 8 9 10

6/10 7/10 5/10 5/10 9/10 4/10 9/10 9/10 1/10 4/10
Optimized 8/10 8/10 7/10 7/10 &/10 6/10 9/10 9/10 6/10 6/10
Optimized (teleop) 8/10 9/10 9/10 8/10 10/10 8/10 9/10 10/10 9/10 8/10

Uniform

D. Real World Experiments

We selected 10 objects (Fig. 8) from YCB [46] and the
Digital Twin Catalog [47], covering diverse geometries—flat,
thin, cylindrical, irregular, and box-shaped forms—as well as
varying masses. We evaluated: 1) the uniform baseline, 2) our
optimized design using pre-collected teleoperation data, and
3) real-time teleoperation by an operator to examine whether
more precise grasping poses could further enhance perfor-
mance. As shown in Fig. 7, the uniform design struggled to
grasp or hold flat objects (spoon) or heavier objects (tomato
sauce can) due to its limited compliant contact. When objects
were supported only by the fingertips, they eventually slipped
to the ground. In contrast, the optimized design—with thicker
fingertips and a lower tendon routing at the tip—successfully
lifted and held these objects stably. As shown in Table. II,
real-time teleoperation with the optimized soft hand further
improved performance by enabling more precise grasping
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Fig. 7: Real-world experiments: comparing uniform and optimized soft hands on in-domain and out-of-domain objects.
The uniform hand failed to lift the spoon and tomato sauce can, and could not stably hold the clamp, bunny, and tomato

Fig. 8: Real test objects and their corresponding weights.

poses, which are especially beneficial for thin objects (bowl)
and heavy objects (tomato sauce can) that demand higher-
quality grasp configurations. Overall, the optimized design
demonstrates strong performance and robustness across a
wide variety of objects.

V. CONCLUSION AND LIMITATIONS

We developed a broad design space for soft robotic hands,
encompassing finger length, tendon routing, and mounting
position and orientation, and introduced parallel evalua-
tion in simulation, and proposed a Cross-Entropy Method
with Reward Model (CEM-RM) framework to effectively
optimize soft hand design using high-quality pre-collected
teleoperation data. By incorporating a reward model as a
design evaluator, our method enables efficient gradient-based
updates while requiring less than half the environment inter-
actions compared to pure optimization approaches. Hardware
experiments demonstrate that the resulting soft hand achieved
superior grasp robustness on irregularly shaped objects and
improved load-bearing capacity relative to both uniform
designs and designs optimized without a reward model.
Interestingly, the optimized hand exhibits structural features
such as thicker fingertips, lower tendon routing at the tips,
and a thumb placement that shifts toward one finger while
angling toward another. We anticipate that our data-driven
optimization framework and the discovered design features
will inspire the soft robotics community to develop more
creative new designs and sample-efficient learning methods.
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Limitations. We currently optimize soft hand design using
collected teleoperation control data. However, integrating
control policy into the optimization loop in an effective way
has the potential to yield better performance. Additionally,
more diverse manipulation tasks involving articulated objects
can be explored if soft robot—object interactions in simulation
remain stable in contact-rich scenarios. A significant sim-to-
real gap also persists when transferring teleoperation data
for deployment. More precise and robust object detection
would help bring soft hand design performance closer to
that achieved with real-time teleoperation.
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