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Abstract—Manipulating deformable and fragile objects re-
mains a fundamental challenge in robotics due to complex
contact dynamics and strict requirements on object integrity.
Existing approaches typically optimize either end-effector design
or control strategies in isolation, limiting achievable performance.
In this work, we present, according to our knowledge, the
first co-design framework that jointly optimizes end-effector
morphology and manipulation control for deformable and fragile
object manipulation. We introduce (1) a latent diffeomorphic
shape parameterization enabling expressive yet tractable end-
effector geometry optimization, (2) a stress-aware bi-level co-
design pipeline coupling morphology and control optimization,
and (3) a privileged-to-pointcloud policy distillation scheme for
zero-shot real-world deployment. We evaluate our approach on
challenging food manipulation tasks, including grasping and
pushing jelly and scooping fillets. Simulation and real-world ex-
periments demonstrate the effectiveness of the proposed method.
Additional materials are available at https://ikemura-kei.github.
io/Latent-Diffeomorphic-Codesign.

I. INTRODUCTION

Deformable and Fragile Object Manipulation (DFOM) is
central to many real-world robotic applications, including food
handling [45, 39], surgical assistance [32, 40], and caregiv-
ing [41]. Despite recent progress, DFOM remains challenging
due to several fundamental factors: (i) deformable objects
exhibit high-dimensional states and complex, nonlinear contact
dynamics, (ii) large variations in physical properties such
as stiffness, fracture thresholds, and surface friction hinder
generalization across objects and environments, and (iii) gentle
manipulation requires precise, reactive control to preserve
object integrity throughout dynamic interaction.

Most existing DFOM approaches address these challenges
from two complementary directions: end-effector hardware
design or control strategy development. On the hardware
side, researchers design rigid [1], soft [12, 43], or hybrid
grippers [13] tailored for fragile object handling. While such
designs often outperform generic parallel-jaw grippers, they
are typically handcrafted by domain experts and rarely op-
timized directly against empirical task performance, with
control strategies remaining relatively simple. On the control
side, methods assume fixed, standard grippers and focus on
advanced control using additional sensing modalities to enable
gentle interaction [9, 15, 27, 46, 48]. However, this separation
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Fig. 1. We jointly optimize end-effector morphology and motion-adaptive
control to enable safe, gentle manipulation of deformable and fragile objects.
The co-designed end-effector reshapes contact geometry and force distri-
bution, achieving reliable grasping while preserving object integrity, where
baseline designs fail and cause breakage.

limits the achievable performance, as the controller cannot ex-
ploit morphology variations that could fundamentally improve
contact geometry and force distribution.

Beyond treating hardware and control independently, joint
optimization of robot morphology and control, commonly
referred to as co-design, offers a principled mechanism to
exploit their mutual dependence. In primate evolution, neural
and bodily adaptations are interconnected [3]. For instance,
the co-evolution of human hand morphology (e.g., longer and
opposable thumbs) and motor control has enabled precise
and dexterous manipulation of delicate materials. Similar
principles suggest that co-design can substantially enhance
robotic manipulation capabilities [42]. Despite its potential,
co-design has remained largely unexplored for deformable
and fragile object manipulation, with most existing co-design
studies focusing on rigid-body tasks [14, 16, 47]. This gap
motivates our work: simultaneously optimizing end-effector
morphology and manipulation strategy to address the unique
challenges posed by DFOM.

To this end, we present, to the best of our knowledge, the
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first co-design framework explicitly targeting deformable and
fragile object manipulation. Our contributions are threefold:
(i) a novel shape parameterization for co-design, Latent Dif-
feoMorphism (LDM), that enables expressive yet physically
consistent end-effector design, (ii) a bi-level co-design pipeline
for DFOM that leverages privileged simulator feedback to
jointly optimize morphology and control strategies, and (iii) a
sim-to-real transfer strategy based on teacher–student policy
distillation that enables zero-shot deployment on real robotic
systems.

Building on these components, we develop a unified frame-
work that integrates an expressive diffeomorphic design space,
and a bi-level optimization procedure followed by teacher-
student policy distillation. We evaluate the proposed method
in both simulation and real-world experiments on challenging
food manipulation tasks, such as grasping and pushing jelly.
Results demonstrate that the co-designed end-effectors and
design-conditioned control strategies achieve reliable task ex-
ecution while substantially reducing contact-induced damage
compared to baselines.

II. RELATED WORK

A. Deformable and Fragile Object Manipulation

Research on deformable and fragile object manipulation
has largely pursued object integrity through (i) specialized
end-effector hardware, (ii) additional sensing for feedback
control, or (iii) learned policies. Hardware-centric approaches
commonly employ soft or compliant fingertips/end-effectors to
reduce peak contact forces and distribute pressure [31, 44], but
these designs typically demand substantial manual engineering
and are often difficult to adapt across tasks and object cate-
gories. Sensing-centric approaches instead rely on tactile or
force measurements to regulate interaction and avoid damage:
Huang et al. [23] learn gentle manipulation with fingertip
touch sensing, Yagawa et al. [48] anticipate fracture using
tactile feedback, and Lee et al. [28] study deformable grasping
in visuo-tactile simulation. While effective, such methods
introduce extra hardware, calibration burden, and cost, which
can be undesirable in practical deployments.

To reduce reliance on physical sensors, another line of work
estimates interaction forces from vision. Wang et al. [40]
infer contact forces using structured light, Jung et al. [25]
estimate suture tension from video and tool poses, and Ma-
sui et al. [32] detect unsafe force events from surgical im-
agery. In contrast to sensor-heavy pipelines or perception-
based force inference, our method leverages privileged stress
signals available in modern soft-body simulators as a physical
supervision source. This enables (i) direct optimization of
end-effector morphology and manipulation strategy against an
explicit object integrity objective, and (ii) zero-shot real-world
deployment via domain randomization and policy distillation,
without requiring on-finger tactile/force sensors or real-world
training.

B. Robot Co-Design

Robot co-design problems are commonly formulated as bi-
level optimization, with a lower-level control optimization and
an upper-level design optimization. Most prior works adopt
hierarchical methods to solve the two levels of co-design. At
the control level, learning design-conditioned policies using
reinforcement learning is a common approach [36, 11, 5],
but the large dimensionality of design spaces make it dif-
ficult to learn a general-purpose controller that generalizes
across embodiments. Alternatively, heuristic or model-based
controllers have been adopted for the lower-level optimiza-
tion [26]. Compared with prior approaches that rely on hand-
scripted motion sequences, our method optimizes motion-
adaptive control strategies that explicitly account for variations
in end-effector geometry as well as object shape and pose. At
the design level, given a design-conditioned controller, prior
works typically search for optimal designs using Bayesian
Optimization [7, 33, 34], Genetic Algorithms [17, 37], or
neural surrogate models [50]. However, these methods are usu-
ally limited to low-dimensional and weakly expressive design
spaces, which restrict the diversity of achievable designs. In
contrast, our approach explicitly targets the trade-off between
expressiveness and optimization tractability by introducing a
novel diffeomorphic shape parametrization with a compact
latent representation.

Recent works have also formulated co-design as a single
Markov Decision Process and learned design and control
jointly via end-to-end reinforcement learning [24, 16, 52], but
these approaches often suffer from severe sample inefficiency
in design exploration of high-dimensional design spaces. Co-
design driven by vision language models has also recently
emerged as a promising direction for leveraging semantic
priors and human intent [14, 29]. Among the broader co-design
literature, our work is, to the best of our knowledge, the first
to explicitly target the unique challenges of deformable and
fragile object manipulation [42].

III. PROBLEM FORMULATION

We formulate deformable and fragile object manipulation
as a co-design problem that jointly optimizes the end-effector
geometry and the associated manipulation strategy. Let d ∈ D
denote a candidate end-effector design in the design space D.
The co-design problem is formulated as the following bi-level
optimization:

d⋆ = argmax
d∈D

Eξ [Jξ(d, π
∗
d)] , (1a)

s.t. π∗
d = argmax

π
Eξ [Jξ(d, π)] . (1b)

The lower-level problem (1b) corresponds to finding a ma-
nipulation strategy π∗

d given a specific design d. Given the
design-conditioned optimal control strategy π∗

d , the upper-
level problem (1a) searches for an end-effector design d that
yields the best task performance. The score J(d, π∗

d) is an
object internal stress-aware task objective that trades off task
success and the integrity of fragile objects. The expectation is
approximated by executing DFOM tasks in randomized task
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Fig. 2. Overview of the proposed co-design framework for deformable and fragile object manipulation. (a) A diffeomorphic design space D parameterizes
physically valid end-effector geometries. (b) A derivative-free evolutionary optimizer (CMA-ES) searches D to identify an optimal design d∗ that maximizes
task performance while minimizing contact-induced damage. (c) For each sampled design di, a design-conditioned controller π∗

di,prv is optimized using
simulator’s privileged signals such as object stress. (d) Rollouts of the privileged policy on the optimized design d are used to collect pointcloud observations
and train a student diffusion policy π∗

d,pcd. (e) The distilled policy is deployed zero-shot on the real robot using pointcloud observations, preserving gentle
manipulation behaviors learned in simulation.

contexts ξ, which incorporate object pose, size and physical
properties, robot Cartesian space noises and initial pose, etc.

In the following, we first introduce the design space
parametrization based on Diffeomorphism [51, 18, 38], fol-
lowed by a motion-adaptive control strategy that leverages
privileged simulator information such as soft-body stress and
object centroid pose. We then describe the derivative-free
design optimization procedure built on the proposed design-
conditioned control strategy. Finally, we present a teacher-
student distillation framework to train a reactive controller
from non-privileged point cloud observations for real-world
deployment. The overview of the proposed framework is
presented in Fig. 2.

IV. LATENT DIFFEOMORPHIC SHAPE PARAMETRIZATION

For end-effector co-design, we require a compact yet ex-
pressive parametrization of the shape design space D. Existing
approaches based on explicit geometry templates [11, 16],
voxel grids [6], or kinematic linkages [30] are often limited in
expressiveness and typically restricted to low-dimensional or
2D settings. Given this, we propose Latent DiffeoMorphism
(LDM), which combines diffeomorphic shape deformation
with data-driven dimensionality reduction to achieve an ex-
pressive yet tractable design space.

Original
Deformed

Fig. 3. Deformation of a 2D gripper contour under a stationary velocity
field (SVF). The upper region is frozen (zero velocity), while the lower region
deforms smoothly.

a) Diffeomorphic shape parametrization: The core idea
of LDM is to represent shapes as smooth, invertible deforma-
tions of a common base shape. A diffeomorphism is a smooth



bijective mapping with a smooth inverse, which guarantees
topology preservation and prevents self-penetration during
deformation [51]. Given a base shape mesh, we generate a
target shape by integrating a stationary velocity field (SVF)
v : R3 → R3 over time t ∈ [0, 1], leading to a deformation
map ϕt that satisfies

dϕt(x)

dt
= v(ϕt(x)), ϕ0(x) = x. (2)

Intuitively, each point x on or inside the base mesh is treated
as a particle flowing under the velocity field v. By integrating
this flow from t = 0 to t = 1, the point is transported
to a new location ϕ1(x), and the collection of all such
transported points defines the deformed target shape mesh, as
shown in Fig. 3 (an illustration in R2). Compared to alterna-
tive deformation-based shape parameterization, such as cage-
based deformation methods [24], this formulation enforces
diffeomorphic mappings and thus avoids self-penetration while
retaining high deformation flexibility. Our design space is thus
a parameterization of the SVF v(x).

b) Velocity field parameterization: We parameterize the
stationary velocity field using Radial Basis Functions (RBFs).
Specifically, we place K RBF kernels at fixed centers ci ∈ R3

and express the velocity field as

v(x) =

K∑
i=1

λi exp

(
−∥x− ci∥2

2σ2
i

)
, (3)

where λi ∈ R3 denotes the RBF weight vector and σi ∈ R
is the kernel width. Each RBF contributes four scalar param-
eters, resulting in a Mraw-dimensional deformation parameter
vector (Mraw = 4K). Empirically, we set K = 18, which
provides sufficient deformation expressiveness, resulting in a
72-dimensional raw design space.

c) Latent space construction via PCA: Direct optimiza-
tion in this high-dimensional space (of 4K parameters) is
impractical for co-design, where the majority of prior works
operate in design spaces with dimensionality below 10 [49,
42, 5, 20]. To address this, we construct a low-dimensional
latent design space using data-driven dimensionality reduction.
We collect a dataset of N curated finger designs from the
Thingi10K dataset [54], which is augmented from N0 manual
designs (N0 = 150, N = 1000 in practice). For each
shape, we fit the corresponding diffeomorphic deformation
parameters by minimizing the Chamfer distance between the
deformed base mesh and the target shape surface with gradient
descent (Fig. 4). A dataset thereby is formed in the raw Mraw-
dimensional parameter space. We then apply Principal Compo-
nent Analysis (PCA) to obtain a compact latent representation
of dimension Mlatent ≪Mraw.

d) Runtime decoding and shape synthesis: During co-
design optimization, we sample a latent vector z ∈ RMlatent ,
map it back to the raw deformation parameter space via the
inverse PCA transform, and apply the resulting SVF-based
diffeomorphic deformation to the base shape. This leads to
a physically valid and topology-consistent candidate design.
In this way, LDM enables efficient exploration of a rich,

(a) Target design

(b) Fitted design

Fig. 4. Examples of diffeomorphic deformation parameter fitting. The target
shape surface (a) and the fitted mesh (b) are close in terms of Chamfer
distance.

continuous shape space while maintaining a low-dimensional
optimization interface suitable for end-effector co-design.

V. SIM-TO-REAL END-EFFECTOR CO-DESIGN FOR DFOM

A. Design-Conditioned Control Strategy

We address the lower-level problem in Eq. (1b): given a
design d ∈ D parameterized by LDM, compute the corre-
sponding optimal control strategy π∗

d . We adopt a design-
conditioned, motion-adaptive control framework that combines
pre-contact confugration optimization with closed-loop motion
primitives. Specifically, we first optimize a pre-contact end-
effector configuration p∗d ∈ P , where the configuration p
includes the end-effector position α, orientation R, and gripper
opening width w. A sequence of motion primitives πd(p

∗
d)

is executed via p∗d to accomplish the task. For notational
simplicity, we omit the explicit dependence on d when the
context is clear.

a) Pre-contact configuration optimization: The pre-
contact configuration is obtained by solving

p∗ = argmax
p

f(p; d, ξ) = argmax
p

∑
m∈M

λm fm(p; ρd, ϕξ),

(4)
whereM = {pen, near}∪Mtask denotes a set of scoring terms,
including penetration avoidance fpen, proximity to the target
object fnear, and task-specific objectives inMtask. These terms
are computed using the signed distance fields (SDFs) of the
object ϕξ and the end-effector mesh ρd.

We solve this non-convex optimization problem using
Covariance Matrix Adaptation Evolution Strategy (CMA-
ES) [19]. Although the objective in Eq. (4) is differentiable,
SDF- and mesh-based evaluations introduce numerical insta-
bility and poor conditioning for gradient-based solvers, making
CMA-ES more robust in practice.

To balance computational efficiency and physical fidelity,
we adopt a two-stage evaluation strategy that performs large-
scale optimization using a rigid-body surrogate and reserves
soft-body simulation for a small set of promising candidates.



Specifically, thousands of objective evaluations are required
per design, making direct soft-body optimization prohibitively
expensive. Moreover, because the pre-contact configuration
enforces non-penetration constraints, rigid geometric approx-
imations are sufficiently accurate at this stage. We therefore
generate I diverse candidate configurations {pi}Ii=1 with high
objective scores (Algorithm 1, line 6) using the object’s
rigid body surrogate, evaluate each candidate in soft-body
simulation, and select the best-performing configuration as p∗

(lines 7–9).
b) Adaptive motion primitives: After reaching the pre-

contact configuration p, the robot executes a sequence of
motion primitives π(p) that adapt online to the task context ξ
and simulator feedback. Together, the optimized pre-contact
configuration and the subsequent primitives define the full
control strategy π in Eq. (1b). Each primitive is implemented
using closed-loop Cartesian controllers, allowing the system
to react to variations in end-effector design, object pose and
geometry, and contact conditions. Privileged simulator signals,
including object stress and centroid motion, are monitored to
trigger phase transitions between manipulation stages (e.g.,
approach-to-contact in grasping).

We adopt this model-based motion-adaptive control strategy
instead of reinforcement learning for two main reasons. Firstly,
the flexible and relatively high-dimensional design space
(around 15-dimensional) induced by LDM makes training
a general-purpose design-conditioned RL policy challenging,
due to reward design difficulties or severe sample inefficiency
under sparse task rewards. Secondly, the proposed controller
is interpretable, reliable, and enables efficient generation of
large-scale, high-quality demonstrations across diverse end-
effector designs without requiring tele-operation.

B. End-Effector Design Optimization

We address the upper-level problem in Eq. (1a): given a
design-conditioned control strategy π∗

d , identify the optimal
end-effector design d∗. For each candidate design d ∈ D,
we evaluate its performance by executing the correspond-
ing control strategy π∗

d(p
∗
d) in simulation and computing a

design score J(d) that trades off task success and object
integrity using privileged simulator information. Since this
objective is non-differentiable and obtained from stochastic
physics rollouts, we solve the resulting black-box optimization
problem using a derivative-free optimizer. In the following, we
first define the design evaluation score and then describe the
optimization procedure.

a) Design evaluation score: For each parallel environ-
ment e in the physical simulator, the evaluation score of design
d is computed as

Je(d) = λprog qprog + λsucc qsucc − λσ̄ σ̄ − λmax σ
max, (5)

where λ· > 0 are weighting coefficients. We use two task suc-
cess metrics: (i) a continuous metric qprog ∈ R that measures
task progress (e.g., object lift distance in grasping), and (ii) a
binary success metric qsucc ∈ {0, 1} that indicates whether the

Algorithm 1: Bi-Level End-Effector Co-Design
Input: E simulation environments, object SDF ϕ,

finger mesh ρd, training budgets Bd, Bp.
Output: Best design d⋆ and its score J(d⋆).

1 Initialize derivative-free design optimizer Od over D;
2 for t = 1 to Bd do
3 dt ← Od.SUGGEST();
4 Sample contexts {ξe}Ee=1 and reset E environments

with (dt, ξe);
5 for e = 1 to E do in parallel
6 {pe,i}Ii=1 ← CMA-ES(f(·; dt, ξe),X , Bp);
7 for i = 1 to I do
8 Je,i(dt; pe,i)← S.ROLLOUT(dt, ξe, pe,i);

9 p⋆e ← argmaxpe,i Je,i(dt; pe,i);
10 Je(dt)← S.ROLLOUT(dt, ξe, p

⋆
e);

11 J(dt)← 1
E

∑E
e=1 Je(dt);

12 Od.OBSERVE(dt, J(dt));

13 return d∗ = Od.GETBEST();

task is achieved and maintained during the terminal phase of
the rollout.

To compute the stress-based fragile object integrity metrics,
let V denote the set of soft-body mesh vertices, and let
σk,v represent the stress at vertex v ∈ V and timestep
k ∈ {1, . . . ,K}. We define two complementary stress metrics:

σ̄k =
1

|V |
∑
v∈V

σk,v, (6)

σmax
k = Ps({σk,v}v∈V ) , (7)

where Ps(·) denotes the top s% percentile of a set sorted in
descending order, indicating s% of elements in the set are
larger than Ps(·). In practice, we use s = 2.5 and s = 0.0.
The mean stress σ̄k penalizes globally excessive deformation,
while σmax

k captures localized stress concentration on a small
subset of vertices.

We then aggregate each stress metric temporally over the
rollout horizon K:

σ̄ = Ps

(
{σ̄k}Kk=1

)
, σmax = Ps

(
{σmax

k }Kk=1

)
. (8)

Finally, the overall design evaluation score J(d) is obtained
by averaging Je(d) across all environments (Algorithm 1,
line 11).

b) Derivative-free design optimization: We employ
CMA-ES as the derivative-free design optimizer Od, which is
well suited for high-dimensional, non-convex, and stochastic
black-box objectives arising from physics-based rollouts. At it-
eration t, CMA-ES samples candidate designs d ∼ N (µt,Σt)
from a multivariate Gaussian distribution, evaluates their
fitness score J(d), and updates the distribution parameters
(µt,Σt) via rank-based maximum-likelihood adaptation to
bias sampling toward high-performing regions. This iterative
distribution update process results in the best estimate of the
optimal design d∗.



C. Sim-to-Real Transfer via Policy Distillation

After obtaining the optimized design d∗ and its privileged
design-conditioned controller π∗

d,prv in simulation, we distill
this policy into a reactive controller using imitation learning.
Specifically, we roll out π∗

d,prv with the optimized design d∗

and collect L = 100 expert trajectories per task, storing both
control actions and synchronized object pointcloud observa-
tions (Fig. 2-d). These demonstrations are used to train a
student 3D diffusion policy π∗

d,pcd [53, 8] based on pointcloud
(pcd) observations.

At each timestep, the student policy receives a non-
privileged observation consisting of the end-effector config-
uration p = (α,R,w), the segmented object point cloud,
and its centroid, and outputs an action at = (∆α,∆R,∆w)
corresponding to changes in Cartesian position, orientation in
axis-angle form, and gripper width commands. We adopt a
3D diffusion policy architecture due to its strong performance
under limited demonstration data and robustness to multimodal
action distributions [53]. During deployment (Fig. 2-e), the
distilled policy π∗

d,pcd is executed zero-shot on the real robot
using RGB-D pointcloud observations, preserving the gentle
manipulation behavior learned in simulation.

VI. EVALUATION

We evaluate the proposed co-design framework to answer
the following research questions (RQs): (1) Does the proposed
diffeomorphic design space enable diverse and physically
meaningful end-effector geometries? (2) Do the co-designed
end-effectors perform well across tasks and object variations?
(3) How does our approach compare against standard parallel-
jaw grippers and baseline design methods? (4) Can the design
and control strategies learned in simulation be transferred
effectively to real-world execution?

To this end, we design three representative DFOM tasks:
jelly grasping, jelly pushing, and fillet scooping, with the first
two also evaluated in the real world. Jelly and raw fish fillet ex-
hibit extremely low stiffness and yield stress, which we model
in the physical simulator. These material properties make the
tasks particularly challenging and suitable for evaluating gentle
manipulation performance. In all experiments, we use a sphere
of radius 3cm as the base mesh to be deformed.

A. Simulation Experiment

We first evaluate the proposed method in simulation and
compare against the following baselines: (i) PJ: a standard
parallel-jaw gripper mounted on the xArm7 robot, which
features flat contact pads; (ii) BO: replacing the design op-
timizer Od with Bayesian Optimization, a commonly adopted
approach in prior co-design work [7, 26], while keeping the
same design-conditioned control strategy as our method. We
use the Lower Confidence Bound (LCB) acquisition function;
(iii) RL: end-to-end co-design via reinforcement learning (RL),
formulated as a dual design–control Markov decision process
problem [30, 24]. We compare against the method of [24],
using Reinforcement Learning from Prior Data (RLPD) [4] as
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Fig. 5. End-effector design evolution for grasping a large jelly cube during a
typical optimization run. High-scoring designs exhibit larger contact surfaces,
which improve grasp stability and reduce contact-induced stress.

the backbone. For this setup, we collect 20 human demonstra-
tion trajectories for each task, where each episode is executed
with a randomly sampled design d ∈ D.

All simulation experiments are conducted in Genesis [2]
using its built-in Taichi-based soft-body physics engine [22,
21]. We adopt the Material Point Method (MPM) instead
of alternatives such as finite element methods, as MPM
provides improved numerical stability and accuracy under the
large deformations typical in DFOM scenarios [10]. In this
formulation, deformable objects are represented as particle-
based soft bodies, as visualized in Fig. 5. All quantitative
simulation results (for Ours, PJ, BO and RL) are averaged
over three random seeds, with mean and standard deviation
reported.

1) Co-Design performance across tasks: We evaluate the
performance of the optimized designs d∗ across tasks and
object geometries in simulation to address RQ2. For grasping
and pushing, we consider two representative object shapes:
a cylindrical jelly object with a curved contact surface, and
an “onigiri”-shaped triangular prism whose non-parallel side
faces pose challenges for standard parallel-jaw grippers. For
grasping, we additionally evaluate a large jelly cube to assess
applicability to bulky objects. For scooping, we use a flat
rectangular fillet, which requires stable surface contact and
precise force distribution.

To improve robustness, we apply domain randomization
over object material properties and task configurations. Specif-
ically, Young’s modulus and Poisson’s ratio are random-
ized within ranges that cover the estimated physical char-
acteristics of the real-world materials (Young’s modulus in
[15000, 25000] Pa and Poisson ratio in [0.25, 0.3]). In addition,
we randomize the object’s initial pose and size, the robot’s
initial end-effector configuration, and inject Cartesian action
noise during execution. Performance is measured using three
metrics: the overall design score J(d∗), task success rate qsucc,
and maximum stress σmax (with s = 2.5 in Eqs. 7 and 8). All
metrics are computed over 50 rollout trials and reported as
averages.

a) Jelly Grasping: Quantitative results are summarized
in Table I. Across object geometries and evaluation metrics,



TABLE I
OPTIMAL DESIGN PERFORMANCE OF THE JELLY GRASPING TASK

cylinder onigiri large cube

score ↑ success ↑ stress ↓ score ↑ success ↑ stress ↓ score ↑ success ↑ stress ↓

Ours 143 ± 7 0.97 ± 0.03 9274 ± 124 64 ± 18 0.73 ± 0.08 13973 ± 490 19 ± 48 0.51 ± 0.21 12050 ± 1116
PJ 79 ± 12 0.63 ± 0.05 9366 ± 120 -33 ± 3 0.12 ± 0.04 10224 ± 332 -133 ± 17 0.18 ± 0.04 18893 ± 620
BO 106 ± 28 0.80 ± 0.11 9998 ± 1089 30 ± 66 0.59 ± 0.27 14946 ± 1658 33 ± 53 0.45 ± 0.40 13189 ± 1030
RL -110 ± 62 0.04 ± 0.02 22015 ± 12105 -244 ± 97 0.09±0.06 38107± 19327 - - -

our method achieves the best overall performance compared
to the baselines. BO provides a competitive alternative, but
is less effective than evolutionary strategies in exploring the
high-dimensional latent design space (Mlatent > 10), resulting
in less effective end-effector geometries in several scenarios.

Beyond relatively simple shapes such as cylinders and trian-
gular prisms, we further evaluate the grasping of a large jelly
cube with side length exceeding 8.5 cm, which is the maximum
width of the original gripper. The corresponding design evo-
lution is shown in Fig. 5. The optimization process converges
toward geometries with increased contact surface area and
outward-extending structures, which improve grasp stability
and distribute contact forces more evenly to accommodate
bulky fragile objects. These results directly address RQ3 and
highlight the necessity of co-design for large-object DFOM
tasks, where standard parallel-jaw grippers are constrained by
limited opening width and contact area. As shown in Table I,
the co-designed end-effector achieves a 33% higher success
rate and reduces induced stress by 36% compared to the
parallel-jaw baseline, which struggles to reliably grasp the
oversized fragile objects.

Notably, RL performs poorly, exhibiting both a low success
rate and excessively high stress metrics. We attribute this to
two primary factors. Firstly, identifying an appropriate solution
in the joint design–control space within a single training run
is extremely challenging, particularly under a limited sample
budget, as deformable body simulation is computationally ex-
pensive and time-consuming. Secondly, although we incorpo-
rate stress-related penalties to encourage gentle manipulation,
their weight must be tuned down in practice, as stronger
penalties induce reward hacking, causing the agent to avoid
interacting with the object to minimize negative rewards. As
illustrated in the Appendix, the RL agent typically adopts an
overly tight grasp. In contrast, our framework alleviates both
issues by employing a motion-adaptive, design-conditioned
policy and leveraging it for the outer-loop design search.

b) Jelly pushing: Results in Table II show that our
method achieves a 6.4% higher success rate and a 6.6%
reduction in induced stress on average across test objects
compared to BO. Interestingly, the optimized end-effector
geometry converges to a shape resembling the head of a golf
club (Fig. 7), featuring a concave contact surface that partially
constrains the object during pushing. This geometric structure
improves contact stability and enhances robustness to pose and
contact uncertainties during planar pushing. As in the grasping
task, the RL baseline remains suboptimal; however, because
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Fig. 6. Visualization of the design-space landscape projected onto two prin-
cipal components from the Mlatent-dimensional latent diffeomorphic space.
Warmer colors indicate higher end-effector performance for the fillet scooping
task. It suggests that thinner and longer end-effector geometries tend to
perform better for scooping.

pushing is less challenging, its performance degradation is less
severe.

c) Fillet Scooping: Since the LDM design space spans
a wide range of geometries, effective scooping designs only
exist in a task-specific subregion. As Fig. 6 illustrates, the
high-performing region is concentrated in the lower-left area
of the latent landscape, corresponding to longer and thinner
geometries that can slide underneath the fillet while avoiding
collisions with the supporting surface. Table III shows that
our method achieves higher overall scores and task success
rates compared to baselines, but also induces higher stress in
some cases. This occurs primarily when the scoop is inserted
deeply and compresses the fillet against the table, indicating
that further improvements in fine-grained contact control could
reduce stress while preserving task performance. We omit RL
in this task due to the complexity of reward engineering.

2) Design space comparison: We include simple, prim-
itive shape spaces as low-dimensional parametric baselines
to evaluate the effect of design-space expressiveness on co-
design performance. Two shape primitive design spaces are
used for this purpose, cubic shapes parameterized by side
length and spherical shapes parameterized by radius. Results
on the onigiri grasping task are summarized in Table IV.
The LDM representation consistently outperforms primitive
design spaces in both task success and stress reduction. In



TABLE II
OPTIMAL DESIGN PERFORMANCE OF THE JELLY PUSHING TASK

cylinder onigiri

score J success rate qsucc stress σmax score J success rate qsucc stress σmax

Ours 85 ± 5 0.760 ± 0.000 1236 ± 108 70 ± 16 0.627 ± 0.076 1177 ± 85
BO 63 ± 16 0.633 ± 0.064 1289 ± 46 65 ± 23 0.627 ± 0.115 1295 ± 64
RL -39 ± 31 0.280± 0.100 2432± 522 -81± 33 0.287± 0.163 5032± 659

TABLE III
OPTIMAL DESIGN PERFORMANCE OF THE FILLET SCOOPING TASK

score J ↑ success rate qsucc ↑ stress σmax ↓

Ours 293 ± 97 0.779 ± 0.203 17154 ± 469
BO 282 ± 146 0.683 ± 0.322 13586 ± 2857

TABLE IV
COMPARISON OF DESIGN SPACES

score J success rate qsucc stress σmax

Ours 64 ± 18 0.727 ± 0.081 13973 ± 490
Cubic 10 ± 17 0.473 ± 0.083 14894 ± 306
Spherical 13 ± 23 0.540 ± 0.106 15321 ± 386

TABLE V
REAL-WORLD EXPERIMENTS

Task Method success rate ↑ object damage ↓

Grasp Ours 9/9 1/9
BO 5/9 1/9

Push Ours 10/12 0/12
BO 9/12 0/12

contrast, primitive geometries lack sufficient expressiveness to
adapt contact geometry to object shape, leading to unstable
grasps and excessive localized stress, particularly when inter-
acting with non-parallel object surfaces. These results directly
address RQ1 and demonstrate that LDM enables physically
meaningful and task-effective end-effector design exploration.

B. Real-World Experiment

Real-world experiments are conducted on a UFactory xArm
7, a 7-DoF robotic manipulator. An external Intel RealSense
L515 LiDAR camera is mounted in front of the robot to
capture object point clouds. All co-designed end-effectors are
3D printed and attached to the robot’s standard parallel-jaw
gripper. The jelly objects are fabricated using gelatin cast in
3D-printed molds and dyed with green pigment to facilitate
point-cloud segmentation. Evaluation metrics include binary
task success and a binary object integrity indicator based on
visible breakage of the jelly. We evaluate both grasping and
pushing of cylindrical jelly objects using our method and
compare against the BO baseline.

Four sets of task-specific end-effector designs obtained from
the two optimization methods are tested (Fig. 7). For grasping,
the optimized design exhibits a curved and concave inner
contact surface that increases contact area and promotes force
and form closure, improving grasp stability while reducing

(a) 

Ours, grasp Ours, push BO, push BO, grasp 

(b) 

(c) 

Ours, grasp 

Ours, push 

Fig. 7. (a) Task-specific end-effector designs optimized, fabricated, and
mounted on the robot for real-world evaluation. Two design optimizers Od

are compared: CMA-ES (ours) and BO for jelly cylinder grasping and pushing
tasks. The co-designed end-effector exhibits curved inner contact surfaces that
improve form closure and reduce contact-induced damage to fragile objects.
(b) & (c) The roll out of our policy and BO baseline in real world.

stress concentration. For pushing, the optimized geometry
resembles a golf-club-shaped head with a curved contact
profile, which improves directional control and robustness
to contact uncertainty. Results in Table V address RQ4 and
demonstrate that the distilled diffusion policy, operating on
pointcloud observations and robot proprioception, transfers
successfully to the real robot. Additional experimental details
are provided in the appendix.

VII. DISCUSSION AND LIMITATION

This work demonstrates that computational co-design can
effectively shift part of the task complexity from control to
hardware. Although the proposed design-conditioned motion-
adaptive controller is not globally optimal, jointly optimizing
morphology enables the discovery of end-effector geometries
that compensate for controller limitations. This observation
aligns with the principle of morphological computation [35],
where physical structures implicitly perform functions that



would otherwise require complex feedback control. In practice,
this suggests that intelligent morphology can substantially
reduce control complexity in challenging DFOM tasks.

Despite its effectiveness, the proposed framework has sev-
eral limitations. Firstly, design data collection and motion
primitive design reduce sample complexity but still require
manual tuning of controller hyperparameters and task-specific
configurations. Secondly, sim-to-real discrepancies in object
physical properties remain challenging. Factors such as mate-
rial heterogeneity in food materials and temperature-dependent
mechanical behavior can degrade real-world performance de-
spite domain randomization. Addressing these gaps through
improved material modeling and online adaptation remains an
important direction for future work.

VIII. CONCLUSION

We present a data-driven co-design framework for de-
formable and fragile object manipulation that jointly optimizes
end-effector morphology and manipulation strategy. Our re-
sults highlight two key findings. Firstly, the proposed latent
diffeomorphic design space enables expressive yet tractable
optimization, producing diverse and task-effective end-effector
geometries. Secondly, exploiting privileged physical signals
from simulation, such as soft-body stress, allows the dis-
covery of hardware designs that improve task success while
substantially reducing contact-induced object damage. The
proposed sim-to-real pipeline achieves robust performance
across grasping and pushing tasks in both simulation and real-
world experiments. Looking forward, extending the framework
to multi-task robot co-design represents a promising direction
for fresh food handling applications, such as designing end-
effectors capable of both scooping and cutting fillets without
requiring tool changes.
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Taşkın Padır. Hashi: Highly adaptable seafood handling
instrument for manipulation in industrial settings. In
2024 IEEE International Conference on Robotics and
Automation (ICRA), pages 4191–4197. IEEE, 2024.

[2] Genesis Authors. Genesis: A generative and universal
physics engine for robotics and beyond, December 2024.
URL https://github.com/Genesis-Embodied-AI/Genesis.

[3] Joanna Baker, Robert A Barton, and Chris Venditti.
Human dexterity and brains evolved hand in hand. Com-
munications Biology, 8(1):1257, 2025.

[4] Philip J Ball, Laura Smith, Ilya Kostrikov, and Sergey
Levine. Efficient online reinforcement learning with
offline data. In International Conference on Machine
Learning, pages 1577–1594. PMLR, 2023.
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