Co-Design of Soft Gripper with Neural Physics
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Figure 1: We introduce a co-design framework that jointly optimizes the spatial stiffness distribution and grasp-
ing poses of soft grippers via a simulation-trained neural surrogate. Hardware experiments demonstrate that
our optimized grippers outperform both rigid and overly compliant designs.

Abstract: For robot manipulation, both the controller and end-effector design
are crucial. Soft grippers are generalizable by deforming to different geome-
tries, but designing such a gripper and finding its grasp pose remains challeng-
ing. In this paper, we propose a co-design framework that generates an opti-
mized soft gripper’s block-wise stiffness distribution and its grasping pose, us-
ing a neural physics model trained in simulation. We derived a uniform-pressure
tendon model for a flexure-based soft finger, then generated a diverse dataset
by randomizing both gripper pose and design parameters. A neural network
is trained to approximate this forward simulation, yielding a fast, differentiable
surrogate. We embed that surrogate in an end-to-end optimization loop to op-
timize the ideal stiffness configuration and best grasp pose. Finally, we 3D-
print the optimized grippers of various stiffness by changing the structural pa-
rameters. We demonstrate that our co-designed grippers significantly outper-
form baseline designs in both simulation and hardware experiments. More info:
http://yswhynot.github.io/codesign-soft/
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1 Introduction

Soft robotic hands [1, 2] offer unique compliance and adaptability, making them ideal for manipu-
lation tasks. Unlike rigid grippers, soft structures enable safer interactions with humans, and more
robust and generalizable grasps across diverse object geometries due to their inherent compliance.
However, how much softness is needed? An overly compliant gripper that cannot bear any load
will find most manipulation tasks challenging. We hypothesize that the design of the gripper largely
depends on the tasks and what control policy we use during deployment, while in turn, the control
policy can be further improved based on a better design. The joint improvement and adaptation can
potentially unlock new robot morphologies and significantly improve task performance [3].
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Although co-adaptation holds great promise, the combined design—control search space is both high-
dimensional and highly nonlinear, and the two components operate on vastly different timescales -
design changes occur at the time of manufacturing, whereas control updates run in real time dur-
ing deployment. Previous works have explored updating designs and control in parallel [4], as a
sequential graph [5], or using bi-level optimization with an outer design loop and an inner control
loop [6, 7, 8]. However, tightly coupling morphology and policy often leads to excessive inter-
dependency, causing these methods to specialize on a single object or task and limit their broader
applicability. To overcome this, we require a co-design framework that maintains adaptability across
diverse objects and behaviors while still jointly exploring design and control.

In this work, we present a data-driven co-design framework based on a neural physics learned from
simulation data. We introduce a monolithic, 3D-printable soft finger using flexure joints. We pro-
pose a uniform-pressure tendon routing method for a flexure-based soft finger, allowing the finger to
deform to object surfaces. We then develop a simplified tendon model in simulation, and generate
data by varying both gripper pose and the spatial stiffness parameters on a set of objects. A neural
network is then trained with this forward physics mapping, enabling fast, differentiable predictions
of grasp results. We show that this neural physics model is adaptable and efficient. During opti-
mization, we co-optimize with a control (grasping pose) as outer loop and design (stiffness) as inner
loop during offline optimization with a large set of objects. During deployment, we use it as an
evaluator with a fixed design to obtain grasping poses. We realize the optimized design with 3D
printing based on different structural stiffness. We show that our framework significantly improves
the success rate of grasping in both simulation and hardware experiments.

2 Related Work

Robot hands have been largely inspired by human anatomy [9, 10, 11]. Such designs aim for dexter-
ous manipulation capabilities, but often come at the cost of high mechanical and control complexity.
Nonetheless, it remains an open question how much additional hardware complexity is truly justified
by the performance gains on target tasks. To address this, recent works have explored computational
methods that optimize design parameters, and some that jointly optimize control policies.

Computational Design and Co-Design. Computation methods for mechanical design have lever-
aged gradient-based optimization [12, 13, 14, 15] and planning methods [16, 17] over geometry
or topology to tailor structures for target tasks. However, these approaches are often computa-
tionally expensive and are hard to generalize effectively to new objects or tasks. Differentiable
simulations [18, 19] offer promising co-design directions by embedding both morphology and
controller parameters within one framework, but require smooth, tractable gradients, and are of-
ten sensitive to initialization [4, 20, 21]. Sampling-based frameworks trade off evaluation cost for
global exploration: Bayesian optimization offers sample efficiency over a low-dimensional param-
eter space [22, 23], evolutionary and CMA-ES methods handle rich discrete/continuous topologies
at the expense of thousands of simulations [24, 25], and RL-driven co-evolution jointly adapts de-
sign and policy in an outer—inner loop at high computational cost [7, 6]. Generative design ap-
proaches [26, 27] have also shown great potential for geometries. A class of Graph Neural Network
(GNN)-based simulators [28, 29] supports effective design processes by learning representations
over graph nodes and edges: GD-M [30] for inverse design learns design parameters for high-
dimensional fluid—structure interactions using Graph Networks, but can be computationally heavy.

Soft Robot Fabrication and Stiffness Design. Soft robots encode their joints directly into the
body’s geometry, allowing them to be fabricated as a single, monolithic structure without separate
bulky and rigid actuators [1, 31]. Molding and casting techniques [32, 33, 34] enable monolithic soft
structures, while 3D printing offers rapid iteration of custom geometries [35, 36]. Variable-stiffness
materials such as layer jamming, phase-change polymers, or tunable elastomer composites, allow a
single gripper morphology to exhibit different compliance profiles under external stimuli [37, 38].
Designing stiffness distributions within a soft body remains challenging: most work still relies on
heuristic parameters or manual tuning.
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Figure 2: (a) Tendon along a soft finger. The side view shows the dimensions of the tendon waypoints going
through the soft body. (b) The influence of the tendon waypoint distribution. Top: The tendon distribution
following Equation (3). The finger complies with the object geometry. Bottom: The tendon waypoint is
uniformly distributed along the finger. The finger will curl and only its fingertip touches the object.

3 Methods

Soft robots can be manufactured with integrated compliant joints as a single piece. We uti-
lize a simple flexure joint in Fig. 2, which is a thin beam connecting two thicker segment
blocks [39, 40]. Tendon-driven actuation further enhances these designs by shifting the heavy motors
to the base/wrist of a robot hand, allowing for dexterous, lightweight fingers. A key design variable
is the distribution of material stiffness, which strongly influences contact forces and grasp perfor-
mance. This section introduces a simulation-driven co-design framework that jointly optimizes a
soft gripper’s block-wise stiffness distribution and its grasping pose.

3.1 Tendon Model in Simulation

We develop our tendon-driven soft finger simulator in Nvidia Warp [18], using the Finite-Element
Method for soft bodies. We first generate a custom tetrahedral mesh of the soft body to match our
gripper dimensions. Tendons are routed through this mesh via a given set of waypoints. The vertices
are then modified to guarantee exactly one vertex at each tendon waypoint. An accurate, inextensible
tendon model generally enforces kinematic constraints along the tendon path - constraining the sum
of internal tendon displacements to match the actuator pulling distance [41]. However, enforcing
those constraints at runtime adds significant complexity and slows down the simulation. Instead,
we simplify it and only enforce that the tension force along the tendon is uniform everywhere. We
therefore approximate the tendon by applying that uniform tension as concentrated forces at the
mesh’s surface points in Figure 2a. This “point-force” approximation preserves the mechanical
effect of an inextensible tendon while allowing us to maintain a fast, stable forward simulation.

As shown in Figure 2a, we denote the tension force at waypoint ¢ to be 73, where 7 = 0, - - - , N. The
waypoint at the finger tip defined as i = N. Therefore the tension at each waypoint is fr = ||To|| =
-++ = ||Tn||.- We consider the force from the tendon acting on the soft body to be the projection of
force T; onto the surface .S;. We define the surface normal vector of S; to be ng,, ||ng, || = 1. Fora
surface S; with waypoint P; € R? facing the positive z-axis, the force acting on the soft body Tys;
is T; projected onto the tangent plane

Piy1 — P .
Tys, = (I —ng, ng, )T, Ti:fT.m,forz<N (1)
Since the tendon pulls direction into the fingertip, when ¢ = N we have Ty = — frng,,.

3.2 Uniform Pressure Tendon Waypoint Distribution

The routing of a tendon significantly influences the deformation of soft fingers when in contact with
an object. If the tendon is routed with the same distance to the bending flexures, the pressure will be
quadratically higher when the waypoints are away from the base, as shown in the bottom example in
Figure 2b. The tip of the finger will curl when contacting the object, which is undesirable because
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Figure 3: System architecture. We first generate data by sampling different stiffness design parameters, different
initial poses, and on different objects in the soft body simulation. We then use this data to train a neural network
surrogate that later enables fast and accurate physical simulation. This neural physics model is then used to
optimize the stiffness parameter, ultimately producing an optimal gripper design, and to evaluate sampled grasp
pose candidates both during optimization and deployment.

we hope to utilize the full finger instead of only the finger tip. A uniform pressure model was initially
presented on a pulley-based multi-link robot finger [42], and was later first used in a soft robot with
pneumatic actuation [43]. We adopt this formulation on our tendon-driven soft finger. We denote
the length of one finger to be L, and the height of the finger base to be H as shown in Figure 2a.
Consider a tendon waypoint ¢ with distance to the base as /; and height to its flexure joint to be h;.
The bending moment here should be uniform and constant, we denote it as c:

d®M (1;) dM (L)

di2 dL

= ¢, with boundary conditions =0, M(L)=0 ?2)

The boundary conditions represent that the shear force and bending moment at the finger tip are all

zeros, so the finger tip will not curl when contacting objects. Thus, the bending moment at waypoint
tis M(l;) = % (1 — )% as in [42]. For our soft flexures and tendon routing, the bending moment
M(l;) = h; x T; is a linear relationship. Therefore, to have the maximum torque applied onto the

object while having a uniform distribution, the tenden waypoint should follow

1\?
hi:H(l—Z’) 3)

Note that the geometry above the tendon does not directly influence the force applied to the object.
However, a longer distance above the tendon route will transfer more torque from the object to the
tendon itself, which gives undesirable instability. Therefore, we cut the finger blocks with a plane to
minimize this extra torque, resulting in a trapezoid shape.

3.3 System Architecture

As shown in Figure 3, we use the forward simulation we developed in Section 3.1 to generate data.
We use the YCB dataset [44] with daily and household objects. For each object, we sample different
stiffness parameters, and initial poses based on optimization of a rigid counterpart of the soft gripper.
We forward simulate this sampled setup with a fixed set of motion - pulling the tendons, then lifting
the fingers up. We collect data on the ending object’s body force, pose, and whether it is in contact
with the ground. Neural network is shown to compile physics efficiently [45]. We then train a neural
network surrogate to represent the physics simulation. The input of the network is the partial point
clouds, the center of mass and density of the object, and the stiffness vector. The network minimizes
the L1 loss with respect to the simulation output. Compared to the slow soft body simulation, this
neural network model gives a fast and reliable forward simulation, which in turn allows us to perform
fast design iteration. Compared with the actual contact dynamics and gradients, the neural network
is inherently smooth. We then use this model to optimize and select the optimal design parameters
and gripper poses. During optimization, we use gradient descent to optimize design parameters
based on the sampled pose, and use the one with the lowest loss during deployment.



3.3.1 Data Generation and Training

We sample different block stiffnesses for the soft finger, each Young’s modulus ranges from 0.7 MPa
to 24 MPa. The deformation of each finger is significantly different based on the stiffness and also
the geometry of object at the area of contact. Two fingers consist of 22 blocks in total, resulting in a
huge design space. We use Anygrasp [46] to first generate a set of candidate poses from the object
and ground point clouds. However, the poses from Anygrasp are very limited and do not consider the
gripper length itself. Since our gripper may be longer than the Anygrasp default gripper, the direct
output poses result in collisions. To provide more diverse poses that are also valid for our gripper,
we augment them with optimization based on rigid counterparts of the soft gripper in simulation.
The rigid counterparts are created from the soft gripper mesh, but their poses can be optimized at
a much faster speed. We attach the rigid gripper with a 6D free joint to the world origin, and a
prismatic joint connecting both pieces [ty,ty,t., rr, p, Ty, S1, S2] € R8. We add random normal
noise to t = [ty, ty, t.] + N (pe, 00) and r = [r,., rp, ry] + N (pr, 0,-). We then optimize the gripper
pose based on the signed distance function (SDF) of the finger vertices to the mesh and ground

arg min Linit = wq Z max(d( ), ) + wp Z max(—d(i), 0) )

ty,s1,82 i=object,ground i=object,ground
where d(-) is the SDF of the finger vertex to the object or ground. We have a small w, to make sure
the gripper is close to the object or ground, and a large penetration weight w,, to avoid collision. The

optimized gripper pose is then given to the soft body simulation as initialization for data generation.

We perform a set of motions during the forward sim- Algorithm 1: JointOptimize(P, ko)
ulation: the tendons of the gripper first tighten with Tnput: Pose sets P for cach object, initial
a fixed force, then the fingers move up with a fixed stiffness ko

distance. We then record the ending object body Output: Optimized k*, poses p*

force f = [fu, fy, forTus 7y 7] € RO, the object for i € Objects do

ending pose displacement with respect to the grip-
per Aq = [Aqy, Agy, Ag:] € R3, and if there is
ground collision ¢, € {0,1}.

converge, < false, bestPose; <
| 0, patience; 0, prevBest, + ()
fort < 1to N do

Liotal <— 0 for ¢ € Objects do

The neural network takes input of the partial point
clouds, center of mass, and density of the object,
and the 22D stiffness vector generated in the pre-

Llp] + L(p, k) forall p € P;

7 < argsort(£);

if prevBest, is [l : B] then
| patience; +=1

vious section. The partial point clouds are the ob-
ject vertices within the bounding box of the gripper.
The point clouds are fed intq a 3-la.yer PointNet [47] if patience, > T} then
to extract features. The Pointnet is then connected converéedi  true:
with a 5-layer multilayer perceptron (MLP) to mini- L bestPose; (1)
mize the L1-loss of the ending body force, pose, and
ground collision.

else
| patience; < 0

if converge, then
| Liotal += £[m(1)]; continue

else

3.3.2 Co-design of Stiffness and Pose L brotar += XF, [x(5)]:
= ;

We optimized the design and poses for each indi- prevBest; <[l : B]

vidual object, or jointly optimized for all the objects
within the dataset. Denote the pose of the gripper in
all the sampled candidate pose set P tobe p € P
and the stiffness vector to be k. The objective for an
object set O is formulated as (all variables are conditioned on p, k but omitted for simplicity):

Lopt(p k) = w1 Y (If]l+ 1 Ag]l) + w2 Y (Imin(fy,0)] + [min(Agy, 0)] + ¢)
ocO o€

In Algorithm 1, we begin with an initial set of candidate grasp poses and stiffness parameters,
treating each object as its own group. At each iteration, we evaluate the loss for all pose—stiffness
pairs within each group, sort them, and retain the top B = 5 lowest losses (and their corresponding
pose indices). We define the total loss as the sum of these B losses across all objects, and perform
a gradient-descent update on the stiffness parameters via our smooth neural surrogate. Once the
top-B losses for each group converge, we reduce each group to its single best pose and continue
optimizing until all groups’ best losses stabilize. The algorithm then returns the optimized stiffness
distribution and grasp pose for each object.

// gradient-step on k
L k< k— aVk/otal

return k, {bestPose};




Table 1: Simulation success rates (Light/Heavy) for in- and out-of-domain objects.

Method In Domain Out of Domain

Group Pose sampling Light Heavy Light Heavy

Soft X 69.6% 56.5% 63.6% 51.5%

v 79.0% 658% T727% 51.5%

Semi-Rieid X 522% 37.0% 39.4% 15.1%

emi-Rigt v 60.5% 39.5% 333% 18.3%
.. . X 88.9% 75.6% — —
Individually Optimized v 87.0% 80.4% . .

Jointly Optimized X 89.1% 783% 84.8% 63.6%

yop v 92.1% 89.5% 81.8% 57.6%

4 Experiment Setup and Results

We present a series of experiments both in simulation and on a real robotic platform. We evaluate our
co-design optimized soft gripper in terms of: (a) efficiency of our proposed co-design framework;
(b) generalization to objects with varying geometries and masses; and (c) comparative success rates
across different object types against alternative gripper designs (rigid and super-soft). Additional
experiments and results can be found in the Appendix.

4.1 Simulation Experiments

We first generated data to train the neural network surrogate. To ensure that the surrogate model
accurately captured the underlying physics simulation, we sampled 50 random grasp poses for each
object. For each pose, we further sampled 50 distinct stiffness values, resulting in approximately
80,000 valid data points (excluding samples where pose initialization fails). Data generation was
executed on a server equipped with four 3090 GPUs and takes roughly one day to complete. We
evaluated the success rate (SR) of grasping tasks on different objects. After grasping, a downward
disturbance impulse of 0.1 N-s was applied to the object. A successful grasp was defined as the object
being lifted and remaining securely held by the gripper: no ground collision, the object maintained
contact with the gripper, and the object’s body experienced non-zero force feedback. Success was
determined over 850 frames recorded at 4000 fps.

Jointly optimized gripper performs better. We evaluated the optimized gripper (Appendix 6.3)
and tested whether the jointly optimized gripper outperforms all the other groups of grippers on
both in-domain and out-of-domain objects, as shown in Table 1. We tested four types of grippers:
a soft gripper, a semi-rigid gripper, an individually optimized gripper based on each object, and a
jointly optimized gripper across all in-domain objects, on both light (density = 2 kg/m?) and heavy
categories (density = 8 kg/m?), which is chosen experimentally with stable simulation. In-domain
data are 45 objects from the YCB [44] dataset, which are also used to generate data to train the
neural network surrogate. Out-of-domain consists of 28 objects from the YCB (not in-domain),
KIT [48], and EGAD [49] datasets. The out-of-domain objects differ significantly in size and shape
from the in-domain ones. Evaluations are conducted under both fixed and sampled grasp poses.
For the fixed-pose scenario, we select the first optimized candidate pose (corresponding to the best
pose from Anygrasp). For the pose-sampling scenario, we select the best-performing candidate pose
based on predictions from our neural network surrogate. All grippers achieve higher success rates
when grasping lighter objects. Optimized grippers outperform the soft and semi-rigid grippers even
on heavier objects. Furthermore, all grippers benefit from pose sampling, which samples the best
pose from our neural network surrogate, with the jointly optimized gripper achieving the highest
performance under this setting.

Our co-design framework is efficient with smoother gradients compared with differentiable
simulator gradients. During the optimization process, we conduct both individual and joint opti-
mization, and compare them to the differentiable simulation-based optimization method. As shown
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Figure 4: Numerical results of gradient-based optimization in simulations. (a) Differentiable simulation loss.
(b) Individually optimized loss. (c) Jointly optimized loss. (d) The gradient norms and computation time of
each iteration for differentiable simulation, individually optimized and jointly optimized.
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Figure 5: 3D printing different stiffnesses. (a) Top: different infills for the segment blocks; Bottom: different
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in Figure 4, compared with directly using gradients in the differentiable simulator, our neural
physics-based optimization demonstrates significantly higher efficiency, yielding smoother gradi-
ents and smaller gradient norms, achieving a speedup of approximately three orders of magnitude
in Figure 4d. We visualize this by randomly selecting five objects and plotting their optimization
losses in Figures 4a to 4c. The differentiable simulation losses were smoothed for clarity. The yel-
low dotted line represented the average loss across all in-domain objects, with the shaded region
as the standard deviation. A key observation is that joint optimization helped mitigate the risk of
individual objectives getting trapped in local minima. Notably, several individual objects converged
to lower loss values in joint optimization. By considering the losses of all objects simultaneously,
the joint strategy had better convergence and resulted in a lower average loss across the dataset. We
present our design optimized in simulation in the top right of Figure 3, where the color from green
to red represents the transition from hard to soft materials. An interesting finding is that most of the
optimized grippers have at least one rigid tip, resembling the nails of primates.

4.2 3D Printing

Different structural geometries and settings significantly influence the stiffness of soft bodies. As
shown in Figure 5a, in 3D printing, the infill type and density, wall loops, top and bottom shell
layers, printing speed, and temperature all matter. We transferred our simulation-optimized design
to hardware by adjusting some of these settings in experiments. The flexure blocks were 2 mm thick
with relatively small volume, thus, we modify the wall loops and shell layers. For segment blocks,
we adjust the infill percentage and the infill printing directions. The deformation of the flexure
based soft finger is predominantly depending on the relative stiffness. We see that for flexure blocks
in Figure 5b, one wall loop setup gives the largest range. For segment blocks in Figure Sc, the infill
type combined with different infill directions gives a larger range. Therefore, we adapt these setups
to print our simulation-optimized design.



Table 2: Real success rates for test objects of different mass and geometry

p / @ « @
N EAEREE" €

Type (15g) (15g) (15g) (37g) (101g) 47g) (52¢) (41g) (121g) (180g)
Rigid 8/10 810 3/10 4/10 3/10 810 6/10 0/10 5/10  5/10
Soft 7/10  7/10  5/10  5/10 2/10  7/10  1/10  6/10  1/10  1/10

Optimized 6/10  7/10 7/10 6/10  5/10 9/10 8/10 5/10 9/10  6/10

4.3 Real World Experiments

Our hardware setup consisted of a 7-DoF Franka arm. We use two Intel RealSense D435 cameras:
one mounted vertically on the end-effector (55 cm above workspace) and another positioned at a 30-
degree inclination in the front-top workspace region (85 cm elevation). We mounted our design onto
the Franka Hand, where a Dynamixel XL.330 motor executed position-controlled tendon actuation.

We positioned the objects on a table and captured 1280 x 720 RGB and depth images using two
Intel RealSense D435 cameras. These images were then input into Anygrasp to generate grasp
pose candidates. Among these candidates, the optimal pose was selected using predictions from
our neural network surrogate. We merged point clouds from both RealSense cameras, transformed
them into the robot’s base coordinate system, and extracted the partial point cloud of the target
object using the bounding box defined by our gripper, which was later fed into our neural network
surrogate. After determining the grasp pose, the gripper moved from its initial configuration to
the target configuration, including the end effector’s two prismatic joints connected to the gripper.
We applied a consistent displacement of 1000 units (out of 4096 units per full revolution) to grasp.
Finally, the robot lifted the gripper upward by 10 cm. A grasp attempt was considered successful if
the robot lifted the object, securely held it without dropping it during translation.

We selected 10 objects with diverse geometries—including flat, cylindrical, box-shaped, irregular
forms, and varying masses. A small black box was attached to the thin shovel to enhance its vis-
ibility for the depth camera. During our experiments, we observed distinct limitations associated
with rigid and super-soft grippers when manipulating objects. Specifically, the SR of the super-
soft gripper significantly decreased when handling heavier objects (mass greater than 100g), as it
frequently failed to maintain a secure grasp despite achieving the target pose under tendon-driven
control. Conversely, rigid grippers demonstrated enhanced performance with heavier objects, bene-
fiting from their inherently stiffer structure. Our optimized gripper notably outperformed both rigid
and super-soft grippers in handling heavier objects, particularly those presenting features amenable
to deformation-based grasping. Moreover, for objects characterized by irregular geometries, such as
watermelons, shovels, or bunny-shaped items, our optimized gripper and the soft gripper exhibited
superior adaptability by effectively conforming to the object’s contours, thereby achieving higher
success rates. In contrast, the rigid gripper struggled to secure such irregularly shaped objects due
to its limited contact surfaces, frequently resulting in grasp failures.

5 Conclusion

We have presented a uniform-pressure tendon routing model for flexure-based soft fingers, and a
co-design framework for soft grippers that jointly optimizes both the spatial distribution of stiffness
and the grasping pose using a neural surrogate trained on high-fidelity simulations. By replac-
ing costly finite-element evaluations with a fast, differentiable model, our method enabled efficient
gradient-based updates while retaining broad exploration via sample-based initialization. Hardware
experiments showed that the resulting gripper has better load-bearing capacity and grasp stabil-
ity compared to both rigid and highly compliant designs. Looking forward, our surrogate-driven
pipeline can be extended to richer parameterizations and longer-horizon manipulation tasks by inte-
grating large action models to explore more diverse interactions. We anticipate that this combination
of data-driven optimization will generalize to a wide variety of soft robot systems, speed up the man-
ufacturing cycle, and discover new, more generalizable designs.



6 Limitations

While our surrogate-driven co-design framework achieves fast, differentiable optimization over stiff-
ness and grasp pose, it assumes a smooth, bounded design space and relies on an external pose
sampler to first initialize candidate grasps for optimization. The diversity of the candidate grasping
poses significantly influences the design. In our current sampling method, a significant portion of the
poses are downward-facing. If we have a more diverse set of initializations that consists of horizon-
tally positioned grasps, we can potentially explore directional stiffness in the designs. We currently
restrict ourselves to varying material stiffness over a fixed geometry rather than co-optimizing shape
or topology, since unbounded or highly nonconvex geometry spaces is challenging in both learning
accurate neural network surrogates and gradient-based updates.

Many of the sampled grasping poses produced by our generator were kinematically infeasible in
practice due to collisions or joint and workspace limits of the robot arm. In such cases, we simply
discarded the failing pose and move to the next candidate, which can influence the network selector
if no valid alternatives remain. Addressing this requires integrating collision-aware sampling or
on-the-fly pose refinement, and potentially repositioning the object within the robot’s reachable
workspace.

The current training dataset is relatively limited. To obtain a reliable simulation of soft bodies
interacting with rigid bodies, we required high quality dataset - the mesh is clean and water-tight.
However, most of the available datasets we found did not match this requirement, or consisted of
largely artificial and unrealistic objects. Training on larger, high-quality datasets can potentially
improve the generalization of our approach.
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Appendix
6.1 Experiments with Disturbance

We provide more justifications for larger impulses in simulation, shown in Table 3(a). Here, 0.1 N.s
is under the fixed disturbance force of 500 N for one frame. With larger impulses, the success rate
decreases while the trend remains the same - the success rate is higher with pose sampling. However,
with a significantly larger impulse, the sampled pose policy does not make a difference.

Table 3: Success rates under disturbances and workspaces.

(a) Disturbance Robustness (b) Sim vs. Real Performance
Grou Pose 4 INs 02Ns 04Ns G Work Pear Mustard
P sampling . B B roup orkspace ear Bottle
Soft X 69.6% 652% 67.4% Jointly Sim 8/10 10/10
v 790% 76.1% 67.4% Optimized Real 7/10 9/10

6.2 Role of Surrogate Model

We have optimized our simulation efficiency: generating 80k data takes around one day on six
3090 GPUs. Training the surrogate network on one 3090 GPU converges within 1 hour. We added
experiments with reduced training data (uniformly sampled subset of 20k) and evaluated on light
objects using a soft gripper. The 80k surrogate model converges to a loss of 0.1411, while the
20k surrogate converges to 0.1919. The success rate of this group decreases from 79.0% to 69.6%,
indicating the crucial role of a surrogate model with high fidelity.

6.3 Sim-to-real Transfer of Optimized Stiffness

In our simulation, the range of Young’s Modulus E is 0.7 MPa to 24 MPa. For numerical efficiency
in simulation and optimization, we use the log E, which ranges from 13.5 to 17.0. Our soft gripper
in simulation experiments has log E = 13.5, semi-rigid has log E = 16.5. Experimentally, softer or
stiffer modulus beyond this range gives unstable simulation results. The optimized gripper values
are shown in Table 4. For hardware, we use the same material NinjaFlex Cheetah (TPU 95A) and
modify only structural stiffness: infill for segments, bottom layers for flexures, as mentioned in the
paper. Young’s modulus was measured with a Mark-10 force gauge mounted on a universal testing
machine (UTM): three specimens per printer-parameter set were fabricated, and tested 3 times each,
using three-point bending (flexure blocks) and indentation (segment blocks). The simulated stiffness
values were mapped onto the printed fingers by linearly scaling them to the empirical modulus
reported in Fig.5. Since all of the flexure blocks and segment blocks have the same geometry,
respectively, the deformation behavior mainly depends on relative stiffness[50]. The optimized
gripper showed that asymmetric stiffness and relatively rigid tips gave better grasp stability and
robustness. We hope these insights could inspire future end-effector designs.

Table 4: Optimized gripper log(E) values. The values in parentheses (-) represent flexure values,
others represent segment block values. The leftmost value is for the base block, and the rightmost is
for the fingertip block.

1605 (15.16) 14.62 (14.89) 1531 (14.62) 1585 (14.65 1523 (1534) 15.22
1554 (1453) 1427 (1481) 1500 (1597) 1454 (15.14) 1495 (1531) 15.47

6.4 Sim vs. Real Performance

We added two more objects that are soft and deformable in Table 5. Even for object hard to grasp,
the optimized gripper still outperforms than both rigid and soft ones. We added experiments with
the best designs found in dataset. For density of 8.0 £+ 0.1g/cm?, the success rate is 66.7%, while
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with optimized design and policy, the success rate is 89.5%. For light object with density of 2.0
0.1g/cm?, the success rate is 93.3% similar to the optimized result. However, the max deviation
in best dataset designs is 1.79 - meaning one gripper works the best on one object can be 6 times
stiffer than as that for another. Instead, our framework effectively found the best design for all
objects. For pose sampling, the sim and real approaches are the same during deployment. The
difference is in data generation, optimization and deployment. During data generation, we augment
the Anygrasp poses to obtain more diverse poses. During optimization, we sample all Anygrasp
poses and optimize the design within ranked poses. During deployment on both sim and real, our
model is used as a selector conditioned on a given design - either with the optimized design, or other

baseline design parameters. We added comparison of two overlapping objects in sim and real, as
shown in Table 3(b).

Table 5: Additional objects success rates
Object / Mass Rigid Soft Optimized

#.0 (57g) 7710 6/10  8/10
S
/%(699 0/10 3/10  4/10
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