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ABSTRACT
Deformable packages are becoming increasingly prevalent in the
logistics and warehouse industry, demanding robotic manipula-
tion strategies that are robust and adaptive. Unlike rigid ob-
jects, these packages undergo significant shape changes under
external forces, making their handling more complex. These
deformable packages are often manipulated using suction cups
and contain internal objects that shift during transport, introduc-
ing additional complexity. To ensure safe and efficient robotic
manipulation at scale, high-fidelity simulation is crucial to sup-
port automated robot trajectory generation. In this work, we
present a physics-driven simulation framework that accurately
models multi-object deformable packages, capturing package de-
formations, suction-cup interactions, and internal object dynam-
ics. Our approach employs a hyperelastic model to accurately
simulate package-object interactions, including contact forces,
suction-cup interactions, friction, and material deformation. By
leveraging high-fidelity physics, we optimize simulation param-
eters using real-world trajectory and package deformation data,
ensuring an accurate representation of package behavior. Run-
ning in real-time, our framework reduces real-to-sim discrep-
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ancies, making it viable for real-world deployment. Addition-
ally, we develop a parallelized simulation environment for large-
scale reinforcement learning and trajectory optimization, paving
the way for scalable, efficient, and adaptable robotic manipula-
tion of deformable packages in diverse warehouse settings. Our
code, dataset, and videos are available on our project website:
https://sites.google.com/usc.edu/deformable-sim/

1 Introduction
Deformable packages, such as padded mailers and polybags (Re-
fer Fig. 1), are gaining widespread adoption in the e-commerce
and logistics industry due to their flexibility, cost-effectiveness,
and ability to accommodate small-sized orders. These packag-
ing solutions are extensively used across various sectors, includ-
ing fast-moving consumer goods and the textile industry, as they
conform to different product shapes while optimizing storage and
shipping efficiency. Fig. 1 illustrates common examples of such
packages, which are designed to fulfill orders containing objects
of varying sizes and masses. In warehouse operations, these
packages must be picked from one location, transported, and
packed into shipping containers. Currently, human workers per-
form these tasks in shifts, handling vast quantities of deformable
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FIGURE 1: Examples of deformable closed-form packages made
from various materials used in the fulfillment industry. The in-
ternal object, a tablet in this case, is enclosed within the package,
demonstrating the challenge of handling such deformable struc-
tures.

packages daily. However, with increasing consumer demand and
labor shortages, robotic automation has become critical for main-
taining efficiency and scalability in warehouse operations.

Despite their potential, robotic systems face significant chal-
lenges in handling deformable packages due to their complex na-
ture. In large-scale fulfillment centers, these packages are pri-
marily handled using suction-based end effectors, as vacuum
gripping is well-suited for their smooth, non-porous surfaces
(Refer Fig. 2). The primary task in these environments involves
picking up a package from a moving conveyor belt and placing it
into a designated bin for sorting, packaging, or shipping. How-
ever, unlike rigid boxes, deformable packages undergo complex
shape changes when manipulated, making traditional rigid-body
suction-based grasping strategies ineffective.

FIGURE 2: Example of a robotic cell using a suction-based tool
to pick and place a deformable package into a bin, where failures
can occur at any stage of the process.

Further complicating the problem, these packages often con-
tain loosely packed internal objects that shift dynamically based
on the robot’s motion. This internal movement alters the pack-
age’s center of mass and deformation characteristics, making it
difficult to anticipate failure modes and ensure stable manipula-
tion. As a result, robotic systems must account for the package’s
external deformability as well as the complex interplay between
the internal object and the surrounding flexible material.

Although suction-based manipulation is effective in han-
dling such complexities, several failure modes can still disrupt
the process, leading to inefficiencies in the form of slower tra-
jectories and the risk of potential package damage if trajecto-
ries are too fast. The three primary failure modes (Refer Fig.
3) encountered when handling deformable packages include: (1)
Loading Failures: The suction cup fails to establish a secure grip,
often due to insufficient suction or improper seal due to exces-
sive surface irregularities; (2) Peeling failure: Wrinkles or folds
in the package can cause premature loss of suction, resulting in
the package detaching from the end effector and (3) Shear fail-
ure: Rapid movements or improper trajectory planning can lead
to excessive lateral forces, breaking the suction seal and caus-
ing package drop. These failures primarily stem from the way
the package deforms during manipulation and how the internal
object motion further influences these deformations. The interac-
tion between the shifting internal mass and the flexible packaging
material introduces instability, making it challenging to predict
and prevent failure modes.

FIGURE 3: Illustration of three failure modes in package han-
dling, primarily caused by wrinkles from package deformation
and the dynamic motion of the internal object

Human operators effortlessly adapt to such variability in
package shape, weight distribution, and internal motion, build-
ing an intuitive model of the deformable package-object system
to manipulate it effectively. Similarly, enabling robots to au-
tonomously handle such packages requires developing a precise
model of this multi-object deformable system, a problem that
remains largely unexplored in robotics. While challenging, cre-
ating such a simulation model could accelerate the large-scale
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adoption of robotic automation for these tasks. A well-designed
simulation can predict package deformations and internal object
dynamics, allowing for the automated computation of optimal
manipulation trajectories. These trajectories/policies must strike
a balance between safety, minimizing failure risks leading to
package drop, and efficiency by executing trajectories at maxi-
mum feasible speeds.

Recent advancements in learning-based manipulation have
shown promise in equipping robots to handle the complexities
of deformable package manipulation. These methods are partic-
ularly appealing for warehouse automation, where robots must
adapt to diverse package conditions while ensuring safety and
reliability. However, a major challenge of learning-based ap-
proaches is their reliance on large, high-quality datasets to pro-
vide informative inductive biases for robust policy training. Data
collection in real-world warehouse environments is expensive
and time-consuming due to constantly changing workspace lay-
outs and package attributes. Even minor variations in package
properties can necessitate extensive fine-tuning, further increas-
ing the data burden. A common strategy to mitigate this chal-
lenge is training robotic policies in simulation, where data gen-
eration is scalable, controlled, and reproducible. However, to the
best of our knowledge, no existing simulation framework cap-
tures both deformable package behavior and internal object dy-
namics, creating a significant gap in transferring learned policies
to real-world settings.

Physics-based simulators are widely used for rigid-body ma-
nipulation, but modeling deformable packages, especially those
with internal objects and coupled dynamics, remains challeng-
ing due to complex material properties, contact-rich interactions,
and high computational costs. Soft-body simulation [1, 2] of-
fers a promising solution, enabling high-fidelity physics mod-
eling for efficient policy learning. Unlike conventional simula-
tion methods, these simulators leverage structured physics priors,
improving data efficiency, reducing sample complexity, and en-
hancing generalization. Building on these advancements and ad-
dressing the challenges of deformable package manipulation, we
develop a physics-based simulation framework for multi-object
deformable packages. This simulation is designed to compute
optimal trajectories for safe and efficient robotic manipulation,
ensuring seamless transfer to real-world conditions.

To enable efficient and realistic simulation of deformable
package manipulation, we propose a hyperelastic model that cap-
tures both package deformation and internal object dynamics.
Our model represents the package as a hyperelastic triangular
mesh with bending and elastic properties, while the internal ob-
ject exhibits interdependent motion within the deformable struc-
ture. We incorporate suction-based constraints to simulate in-
teractions with a suction gripper, ensuring realistic manipulation
dynamics. To bridge the sim-to-real gap, we collect real-world
deformation data using a motion capture system for system iden-
tification, refining simulation parameters to match physical be-

havior. Additionally, we develop a parallelized simulation envi-
ronment for scalable training of manipulation policies and tra-
jectory optimization, enabling robots to adapt to diverse package
dynamics. Our key contributions are

1. A high-fidelity simulation model of a deformable package
with internal object dynamics

2. A simulation parameter learning framework that employs
a structured loss to capture the nuances of the deformable
package system accurately

3. A reinforcement learning gym environment for parallelized
training of robotic manipulation policies in simulation

We validate our approach through real-world package trans-
port experiments, demonstrating that our simulation model ac-
curately captures package deformation and object dynamics.
Our computationally efficient framework enables robots to adapt
quickly to deformable packages in dynamic logistics settings. By
integrating real-world deformation data, we enhance the develop-
ment of safer and more efficient manipulation strategies. Addi-
tionally, in Section 8, we explore how this framework optimizes
package handling efficiency and generates safer, more reliable
trajectories for deformable object manipulation.

2 Related Works
2.1 Deformable Object Simulation
Researchers have successfully applied simulation across vari-
ous deformable materials: 1D (rope) [3], 2D (fabric) [4, 5], 3D
(elasto-plastic objects) [6, 7], and combinations of liquid, fabric,
and elastoplastic objects [8–10]. While these works demonstrate
a single-object system in simulation for various deformable ma-
terials, the specific challenges for simulating multi-object sys-
tems with constrained deformations, particularly packages with
internal objects, remain underexplored. Our framework ad-
dresses this gap by developing a hyperelastic model that accu-
rately captures the intricate dynamics of package-object interac-
tions while maintaining computational efficiency.

Various numerical methods have been applied to the model-
ing of deformable objects, each with distinct advantages for par-
ticular material behaviors. The Material Point Method (MPM)
has been employed for materials undergoing large deformations
and topology changes [6, 11], while Position-Based Dynamics
(PBD) offers computational efficiency and unconditional stabil-
ity for real-time applications [3,12]. The Finite Element Method
(FEM) remains the gold standard for accurately modeling hyper-
elastic materials [7, 13], with implicit integration schemes pro-
viding superior stability for stiff materials. Our work employs
implicit Euler integration with FEM to capture the complex inter-
actions between deformable packages and internal objects while
maintaining numerical stability.

The development of specialized software frameworks has
been crucial for making simulation accessible and computation-
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ally efficient, enabling researchers to implement complex physi-
cal models without rebuilding systems from scratch. Several no-
table frameworks [14–16] have emerged recently to address this
need. For multi-physics simulation, GradSim [13] combines dif-
ferentiable physics with differentiable rendering to jointly model
scene evolutions and appearance. NVIDIA Warp [1], which
we employ in our work, incorporates the computing engine
from GradSim and offers a GPU-accelerated Python framework
supporting both rigid and soft body simulation, with particular
strengths in parallel computation and handling complex material
models. We selected Warp for our implementation due to its ef-
ficient GPU utilization, flexible material modeling capabilities,
and robust contact handling, which are essential for accurately
simulating the interactions between deformable packages and in-
ternal objects at interactive rates.

2.2 System Identification and Policy Learning
System identification helps calibrate simulation parameters in
mathematical models based on measured data. Differentiable
simulation has been applied to estimate cloth stiffness and elas-
ticity [4, 5, 13], though most studies validated parameter accu-
racy in simulated environments rather than real-world settings.
Notable exceptions include DiffCloud [17], which utilized Diff-
Sim [14] to perform parameter estimation for cloth in quasi-static
states using real point clouds. In [18], the authors extended es-
timation to include cloth dynamics using point cloud data. Our
work not only aims to calibrate package material parameters, but
also to align internal object positions. To capture more com-
prehensive information, we employed motion capture systems to
track the dynamics of both the package and its internal object.

Traditional simulation-based approaches for manipulation
policy learning [19–22] have primarily relied on sampling-based
data collection, with limited focus on multi-object systems. More
recent work has explored the manipulation of elastoplastic ob-
jects [23–25] and cloth [5, 26–28], advancing simulation tech-
niques for deformable materials. While studies have begun ad-
dressing deformable package simulation [29] and manipulation
constraints [30], we extend these efforts by developing a high-
fidelity multi-object simulation framework that captures real-
world package interactions and enables policy learning through
our high-performance simulation pipeline.

3 Problem Formulation
Consider an agent A manipulating a deformable thin-shell pack-
age P . Let Ψpackage be the set of parameters governing P’s de-
formation and dynamic behavior. The package P contains an
object O, which is constrained to move within P . The dynamics
and motion of O are determined by its corresponding parame-
ter set ΨO. Thus, we define a multi-object system consisting of
P and O manipulated by A and represented by the parameter

sets {ΨP ,ΨO}. This system as a whole is subjected to exter-
nal forces Fext and constraints C, which govern its evolution over
time.
P is grasped by A via an interface I, characterized by pa-

rameters Aµinter f ace. This interface imposes constraints (C) on
P . In our case, I represents a suction cup interface between the
robot and the package, but our formulation remains generaliz-
able to non-suction-based interfaces. Similarly, we define PµO
to describe the interface parameters governing interactions be-
tween O and P . These interface parameters, i.e., µ , determine
how the objects interact with each other (see Section 4.3 for de-
tails). Additionally, the agent A excites the package-object sys-
tem by applying external control inputs Uext , primarily through
end-effector trajectories τ executed to manipulate P for a given
task. Additionally, we have external forces Fext that include grav-
itational forces acting on the system.

At a given time instance t, we define XP
t and XO

t as the states
of the package and the object, respectively. Our objective is to
learn the parameter sets Ψ and µ of a function Φ that models the
behavior of the package-object system. Given an external con-
trol inputs U , forces Fext and constraints C, this function should
accurately predict XP

t and XO
t . Thus, we formulate the following

problem:

ΦΨ,µ(F t
ext ,U

t) 7→ XP
t ,XO

t (1)

Where Φ represents the simulation model, U t represents the
control input from the commanded robot trajectory τ at the time
t, and Fext denotes the corresponding external forces acting on the
system at the time t due to gravity and the robot’s acceleration.

4 Methodology
4.1 Overview
To model the function Φ, our proposed methodology consists of
four key components (Refer Fig. 4): (1) A Real-World Data Col-
lection Stage, (2) Package-Object Representation, (3) The Simu-
lation Framework, and (4) The Real-to-Sim Parameter Learning
Framework. Our data collection process is detailed in Section 6,
where we describe how data is collected in alignment with our
system representation, as outlined in Section 4.2. We adopt a
particle-based representation [4] for the deformable package P ,
a widely used approach for deformable objects due to its ability
to capture intricate deformations. Moreover, modeling a closed
package containing another object introduces challenges that re-
quire careful considerations during initialization and simulation,
as discussed in Section 4.2.

Our proposed framework has the potential to serve as a valu-
able tool for the robotic logistics industry and other applications
involving deformable objects, where learning safe and efficient
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FIGURE 4: Overview of our proposed simulation parameter identification framework. As depicted, we have a real-world data collection
phase, where we collect a set of robot trajectories and observe package deformation and object dynamics. Then we learn the correspond-
ing parameters for our simulation to generate the model of our system.

policies is important. Therefore, the choice of the simulation
environment is crucial, as both simulation fidelity and computa-
tional efficiency directly impact performance. Recent advance-
ments in soft-body simulators have made them strong candidates
for learning complex manipulation policies [9]. These simu-
lators provide access to high-fidelity deformation information,
enabling end-to-end learning of manipulation policies. As de-
scribed in Section 4.3, we employ NVIDIA Warp as our simula-
tion environment due to its GPU acceleration capabilities, which
enhance computation efficiency in optimization while maintain-
ing high fidelity through advanced representations of deformable
objects.

A key component of our system is the Bayesian
optimization-based parameter learning module, which, given
real-world data, minimizes the real-to-sim gap by learning the
desired parameter set Ψ of the function Φ. This is achieved
by reducing the discrepancy between observed system states in
the real world and their corresponding behavior in the simula-
tion environment (Refer to Section 4.4). Through this approach,
we construct a simulation framework that facilitates robotic ma-
nipulation of deformable packages containing dynamic objects.
Additionally, we demonstrate how this simulation model can be
leveraged to learn manipulation policies for package transport in
Section 5.

4.2 System Representation

The packageP is modeled as a two-layer hyperelastic shell struc-
ture with thickness t, discretized in a particle grid M×N × 2.
This dual-layer approach effectively captures the physical struc-
ture of packaging materials with finite thickness, enabling the
model to represent realistic deformation behavior of both the up-
per and lower surfaces during manipulation. The surface is tes-
sellated into triangular elements, with each 2× 2 particle cell
subdivided into two triangles. As illustrated in Figure 5a, the
first triangle is formed by connecting the bottom left particle with
its right and upper neighbors, while the second triangle connects
the top right particle with its left and lower neighbors. This tes-
sellation approach ensures a balanced distribution of deformation
forces across the surface. The three particles group is modeled as
a triangular finite-element unit characterized by elastic stiffness
ktri,e, damping ktri,d , and adhesion ktri,a, which collectively form
part of the parameter ΨP governing P’s deformation. To capture
out-of-plane deformation behavior, bending elements are intro-
duced between adjacent triangular elements. The calculation of
bending energy follows the formulation proposed by [31], which
models the angular displacement between neighboring triangles,
and the bending component is modeled as an edge and measured
using elastic stiffness kedge,e and damping kedge,d , which are re-
maining parts of the parameter set ΨP . The edges connecting
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two layers also share the same structure of triangles and edges.
The interface I between agent A and package P con-

sists of n suction cup units arranged in a circular configura-
tion, where each suction cup is positioned at an angle θi, where
i ∈ {1,2, . . . ,n}, along a circle with a radius rcup from the center.
Each suction cup unit is modeled as a particle grid. The particle
grid with dimensions Ncup

θ
×Ncup

r representing circumferential
and radial discretization of the cup contact surface is shown in
Figure 5b. This grid is represented as a hyperelastic shell struc-
ture parameterized by elastic stiffness kcup,e, damping kcup,d , and
adhesion kcup,a.

The vacuum-based adhesion phenomenon is represented by
the interface parameters Aµinter f ace characterizing the interaction
between the suction cups and package through a system of radi-
ally distributed springs connecting the cup’s ring-shaped parti-
cles to the closest particles on the upper layer of the package.
Each connection is characterized by a spring stiffness kspr,e and
damping coefficient kspr,d as part of Aµinter f ace. While this sim-
plification does not explicitly model vacuum forces, it captures
the essential mechanical coupling between the suction cup and
package surface during manipulation.

The internal object O is represented at the center between
the two deformable layers of P . The interface parameters PµO
describe the contact between O and the package layers, defined
as soft contact characterized by contact stiffness kcon,e, damping
kcon,d , and friction coefficient µcon. This representation accounts
for the challenges of modeling a closed package containing in-
ternal objects, particularly how these contents influence defor-
mation behavior during manipulation.

This system representation forms the foundation for our sim-
ulation framework described in Section 4.3, enabling the imple-
mentation of the function ΦΨ,µ that maps external forces F t

ext and
control inputs U t to the states of the package XP

t and object XO
t

4.3 Simulation Framework
Simulating a complex multi-object system with deformable com-
ponents, as in this work, presents unique challenges. The model
must accurately capture the nuanced deformations of a two-
layered package under manipulation constraints, external forces,
and gravity while also handling contact dynamics and suction-
based coupling. In logistics and warehouse automation, where
speed and efficiency are critical, high-speed simulation is es-
sential for seamless deployment. This demands a high-fidelity
framework that supports coupled multi-object interactions with
diverse material properties. High-fidelity physics information
enables safe trajectory optimization and policy learning, ensur-
ing fast, safe, and reliable package handling. Additionally, the
simulation must balance fidelity and computational efficiency to
enable precise system identification and execution in practical
robotics applications.

Soft-body simulators offer a crucial advantage over tradi-

(a) Package particle cell unit (b) Suction cup unit

FIGURE 5: System Representation Overview: Each element of
the package and suction cup is modeled using particles connected
by edges to simulate elasticity and bending. Additionally, par-
ticle radius accounts for adhesion and compression in the de-
formable components.

tional physics engines by addressing key challenges in model-
ing complex deformable interactions. They achieve this through
two main capabilities: (1) they enable efficient optimization by
providing structured representations of system dynamics, allow-
ing for more precise policy learning, trajectory optimization,
and system identification compared to sampling-based and finite-
difference approaches. (2) they leverage parallel computing ar-
chitectures to achieve high-speed simulations, sometimes run-
ning significantly faster than real-time for simpler systems, even
in scenarios involving intricate contact dynamics and deformable
objects.

When evaluating potential simulation frameworks for our
application, we considered several critical factors as mentioned
above: high-fidelity physics, material model flexibility, compu-
tational efficiency, and extensibility for implementing custom
physics for specialized components like suction cups. After com-
paring several options including DiffTaichi [15], MJX [32], and
Nvidia Warp [1]. We selected Warp as our simulation framework
due to its comprehensive fulfillment of these requirements.

While DiffTaichi offers flexibility for modeling dynamical
systems, it lacks essential features such as URDF import and
kinematic chain generation, requiring extensive custom imple-
mentation compared to general-purpose physics engines. Sim-
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ilarly, MJX struggles with handling large numbers of contacts
efficiently, as it precomputes all potential contacts rather than
resolving them dynamically. In contrast, NVIDIA Warp lever-
ages parallel computation to accelerate simulation while provid-
ing built-in physical models and integrators that streamline de-
velopment. Its support for FEM techniques makes it well-suited
for our package-object system, and its interoperability with Py-
Torch facilitates seamless integration with learning-based frame-
works. By distributing particle updates, constraint solving, and
contact resolution across GPU cores, Warp enables high-speed
simulation, achieving rates exceeding 60 Hz even for complex
systems with over 1,000 particles.

FIGURE 6: The simulation of the deformable package, suction
cup, and internal object in our proposed simulation environment

Our implementation (Refer Fig. 6) leverages several key
components of the Warp framework to realize the system rep-
resentation described in Section 4.2. We use Warp’s parti-
cle system to represent the vertices of both the package’s two-
layer structure and the suction cup array, constructing triangular
meshes according to our earlier definitions. The force compu-
tation for hyperelastic materials and rigid bodies is handled by
Warp’s built-in semi-implicit Euler integration scheme. For ac-
tuation, trajectory control inputs are converted to timestamped
velocity commands for the suction cups, which we implement
through a customized kernel function.

Warp’s GPU-accelerated computation, efficient contact han-
dling, and soft-body physical modeling capabilities make it an
ideal framework for simulating and optimizing our complex
package-object system. Its ability to efficiently model large-scale
deformable interactions enables accurate system identification
and rapid policy learning, overcoming the computational bottle-
necks of traditional simulation methods. This approach directly
addresses the challenges of robotic manipulation in logistics, en-
suring both high-fidelity simulation and scalable deployment.

4.4 Real-to-Sim Parameter Identification
The package (P), Object (O), and the suction cup system are
characterized by a set of parameters, (Ψ,µ), as described in Sec-
tion 4.2, that governs specific aspects of the system’s response
to external forces and constraints. For instance, the parameters
ktrie,e and ktri,d primarily influence the deformation behavior of
the package, whereas kcon,e predominantly affects the motion of
the object O inside the package. Recognizing these distinctions
is crucial, as it informs the design of our learning framework for
parameter identification. Leveraging this understanding, we de-
velop a method to infer these parameters from real-world data
(see Section 6).

Now, given that our simulation model represents the de-
formable package P as a system of particles with grid size
M×N× 2, it is crucial to collect real-world data that provides
congruent information for learning the simulation parameters.
Additionally, tracking the position of the internal object O is
essential. Section 6 details our experimental setup and data-
collection strategy to obtain this information. Specifically, we
employ a motion capture system with reflective markers placed
on the package, the object, and the suction tool to record times-
tamped trajectory data. Consequently, our observation set O con-
sists of timestamped position data of the package particles, the
object, and the robot end-effector, i.e., the suction tool’s posi-
tion and orientation. Notably, these markers are required only
during the training phase; during execution, our model can infer
this information seamlessly. Thus, no markers or motion capture
system are needed for actual robot deployment (see Section 6).

From our data collection framework, we re-
ceive access to a dataset of timestamped trajecto-
ries Dreal = {τreal

1 ,τreal
2 , .....,τreal

n }. Where, τreal
n =

{(X real
0 ,U real

0 ),(X real
1 ,U real

1 ), ....,(X real
T ,U real

T )} is a times-
tamped trajectory consisting of information of system state Xt
and the corresponding control input Ut at a given time instance
t. Here Xt = {XP

t ,XO
t } is the state of package-object system.

The control inputs Ut are the robot’s end-effector position, ori-
entation, velocity, and acceleration parameters at a given time t.
Now, given this dataset Dreal , we use our simulation framework
described in Sections. 4.2 and 4.3, where we initialize P and
O with the corresponding initial states and constraints. During
initialization, we can only control Uo, i.e., the control input, and
the constraints, i.e., the contact between the suction cup and the
package. Under the external forces, the package-object system
assumes a state X sim

0 . We then simulate the entire trajectory τreal
i

in our simulation environment and observe the corresponding
states at the timestamps t = 0 : T . This process constructs a
corresponding dataset of simulated trajectories, Dsim, which
we use to learn the simulation parameters Ψ. Our parameter
estimation framework is detailed in Algorithm 1, where we
employ the Bayesian optimization [33] framework to optimize
Ψ.

As discussed in Sections 4.1 and 4.2, each parameter in the
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Algorithm 1: Learning Simulation Parameters via
Bayesian Optimization

Data: Real-world Trajectory Dataset: Dreal
Input: N : Number of Optimization Iterations,
Φ: Deformable Simulation Model,
Fext : External Force (Gravity),
G: Gaussian Process Surrogate Model
Result: Ψ∗P ,Ψ

∗
O,

P µ∗O: Optimized Simulation
Parameters

Initialize: Initialize search space for ΨP , ΨO, PµO
Fit initial Gaussian Process G using random samples
i = 0
while i≤ N do

for τreal
batch ∈ Dreal do

Sample candidate parameters ΨP , ΨO, PµO
from acquisition function

X sim
batch = Φ(ΨP ,ΨO,

P µO,U real
batch)

Lbatch
ΨP

=CD(X real
Pbatch

−X sim
Pbatch

)

Lbatch
ΨO ,PµO

= ||X real
Obatch

−X sim
Obatch

||22
Lbatch = Lbatch

ΨP
+Lbatch

ΨO ,PµO
Update G with new observation
(ΨP ,ΨO,

P µO,Lbatch)
end
Select the next parameters by optimizing the

acquisition function over G
if Lbatch < Lmin then
Lmin = Lbatch
Ψ∗P ←ΨP
Ψ∗O←ΨO
Pµ∗O←P µO

end
i++

end

full parameter set Ψ contributes uniquely to the system’s dynam-
ics. To ensure our optimization framework captures this struc-
tured influence, we design distinct loss functions that appropri-
ately guide the optimization process. Specifically, for optimizing
the package parameters, we employ the Chamfer loss [34], de-
fined as follows:

LΨP =
1

2|X real
P | ∑

xreal
i ∈X real

P

min||xreal
i −X sim

P ||2+

1
2|X sim

P |
∑

xsim
j ∈X

sim
P

min||xsim
j −X real

P ||2 (2)

Chamfer loss is well-suited for training because it directly

minimizes the discrepancy between simulated and real parti-
cle positions, ensuring that the simulated package deformation
closely matches real-world behavior. By penalizing the dis-
tance between corresponding particle sets in a trajectory pair
(τsim

i ,τreal
i ), Chamfer loss enforces fine-grained spatial align-

ment without requiring explicit point correspondences. This
makes it particularly effective for capturing complex deforma-
tions, as it naturally handles variations in particle distribution
while maintaining robustness to minor noise in the dataset.

Similarly, for optimizing the object parameters ΨO and the
interface parameters PµO, we utilize the Mean Square Error
(MSE) loss function to effectively guide the optimization of these
parameters:

L
ΨO ,PµO

= ||X real
O −X sim

O ||22 (3)

We specifically rely on O’s state observations for optimiz-
ing the interface parameters, as our experiments indicate thatO’s
position is primarily influenced by these parameters, which gov-
ern contact forces and friction. Thus, our optimization process
jointly refines the simulation parameters to enhance accuracy.
The overall loss function, LD as defined in the Algorithm. 1
is the weighted sum of the individual loss terms in Eqs. 2 and
3, ensuring that each set of parameters is optimized accordingly.
This structured approach allows us to learn simulation parame-
ters that accurately reproduce the dynamics of our multi-object
system. Furthermore, as outlined in Algorithm 1, we optimize
the parameters using the Bayesian optimization framework over
N epochs. Bayesian optimization excels in efficiently explor-
ing the parameter space, especially when the objective function
is complex, noisy, or expensive to evaluate. A key component
of this framework is the acquisition function, which guides the
search for optimal parameters by balancing exploration and ex-
ploitation. The acquisition function evaluates the utility of sam-
pling a particular set of parameters based on the current proba-
bilistic model of the objective function. By selecting the param-
eters that maximize the acquisition function, we ensure that each
iteration improves our understanding of the parameter space and
helps identify regions with high performance.

In our approach, the acquisition function helps us prioritize
promising regions for parameter updates, ensuring that we avoid
redundant evaluations and focus computational resources on the
most informative areas. This leads to stable convergence with
fewer iterations, making the optimization process computation-
ally efficient while maintaining high-quality results. The com-
bination of the probabilistic model and the acquisition function
makes Bayesian optimization particularly powerful for parame-
ter estimation tasks, enabling robust and reliable learning even
with limited data.
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5 Manipulation Policy Learning
The proposed simulation model is designed to support both on-
line planning and offline learning of safe and efficient manipula-
tion policies. Prior work [35] has demonstrated the importance
of simulators in enhancing the learning of manipulation policies,
particularly for complex robotic tasks, by providing valuable in-
ductive biases. Our framework leverages these biases to enable
both data-driven policy learning and model-based trajectory op-
timization. The ability to capture high-frame-rate deformation
information further enhances the model’s applicability to online
planning, offering a powerful solution for tackling dynamic ma-
nipulation tasks with precision and efficiency.

One of the standout features of our approach is the use of
NVIDIA Warp, a CUDA-based framework optimized for GPU
computation. Massive parallelization is essential for reinforce-
ment learning (RL) applications, as training requires extensive
exploration across diverse scenarios. By leveraging GPU accel-
eration, we simulate multiple training instances simultaneously,
drastically reducing policy optimization time. This level of paral-
lelism is crucial for large-scale learning, where sample efficiency
and computational speed are fundamental constraints.

In high-mix, high-volume environments such as logistics
and warehouse automation, where speed and efficiency are cru-
cial, this parallelism marks a significant advancement in policy
learning. The ability to train and refine policies at scale enables
the rapid deployment of learned behaviors in real-world applica-
tions. While the primary focus of this work is on our simulation
model and parameter identification framework, we also highlight
the practical applicability of our differentiable simulation sys-
tem by implementing an RL Gym [36] environment. This open
platform enables the robotics community to train their own RL-
based manipulation policies efficiently and in a scalable manner.
Additionally, our simulator facilitates model-predictive control
(MPC), enabling the optimization of robot trajectories for safe
and efficient motion generation. This capability is crucial for
handling deformable objects in real-world applications, ensuring
that the resulting motions adhere to safety constraints while max-
imizing efficiency.

As a demonstration, we train a Proximal Policy Optimiza-
tion (PPO)-based policy for package transport. The primary ob-
jective of this policy is to minimize the internal object move-
ment within the package and reduce its deformation curvature
near the suction cup to ensure stable grasping. This example
highlights how our simulator enables large-scale policy learning
while maintaining physically meaningful constraints that are cru-
cial for real-world deployment.

By integrating high-fidelity physics with reinforcement
learning and model-based control, our approach bridges the gap
between soft-body simulation and practical robotic policy de-
ployment. The ability to train and optimize policies at scale
makes it a valuable tool for advancing deformable object ma-
nipulation in industrial settings.

6 Experiments and Data Collection
6.1 Experimental Design

FIGURE 7: The experimental setup with a 7 DOF KUKA LBR
iiwa Robot. A suction tool is attached to the robot that is con-
nected to a 9 CFM vacuum pump. The suction cups selected in
this task are rated to handle such objects specifically.

Our experimental setup consists of a 7-DOF KUKA LBR iiwa
robot, chosen for its impedance control capabilities, which facili-
tate the handling of deformable packages during trials. The robot
is equipped with a four-suction cup tool connected to a 9 CFM
vacuum pump with a 1.5-micron ultimate pressure via a mani-
fold (see Fig. 7). Suction control is handled by a relay operated
through an Arduino microcontroller. To systematically study the
effects of robot motion on both the package and its internal ob-
ject, we designed a trajectory that captures a range of dynamic
movements relevant to real-world logistical settings. The trajec-
tory simulates a pick-and-place operation, where a package is
lifted from a conveyor belt and placed into a bin. The final place-
ment orientation varies from horizontal (0o) to near-vertical, with
three distinct angles: 30o (low), 45o (medium), and 60o (high).
The trajectory consists of three primary motions: a linear motion
followed by a circular motion and an orientation change at the
final placement stage. To further analyze motion effects, we vary
joint velocity and acceleration, categorizing each into three lev-
els: low, medium, and high. Each of these trajectory variations
reflects the changes in Ureal . The test package measures 10×12
inches and contains a 3D-printed internal disc of 160 mm diam-
eter. The internal mass is also varied across three levels: 0.5 lbs
(low), 0.75 lbs (medium), and 1 lbs (high). We collect a total of
27 distinct timestamped trajectory data points corresponding to
1 package, 3 placement orientations, 3 mass variations, and 3 ve-
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locity conditions. Each trajectory lasts an average of 6 seconds,
and we neglected the failure scenarios since the focus was mainly
on the dynamics. Our data acquisition framework operates at 250
Hz, providing high-resolution motion data that captures detailed
package deformation over time. Despite the limited number of
24 trajectories after filtering the failure scenarios, the high tem-
poral resolution of the data ensures sufficient detail for learning
the parameters effectively.

A key component of our data collection framework is a 6-
camera OptiTrack motion capture system, which is primarily
used to track the deformation of the package. OptiTrack’s Mo-
tive 2 software streams data from these cameras, allowing us
to track the positions of individual reflective markers or defined
rigid bodies and compute their corresponding SE(3) poses with a
submillimeter accuracy in tracking. As discussed in Section 4.2,
our simulation represents the package P as a particle-based sys-
tem. To emulate this in the real world, we affix N 2D reflective
markers to the package, effectively creating a particle-based rep-
resentation. The (x,y,z) positions of these markers are tracked
in Motive 2, providing high-fidelity deformation data. Thus, the
state of the package at a time instance t is represented by the
position of these markers XP = [xi,yi,zi]

N
i=1. To ensure accurate

tracking of both the package and its internal object, we make a
design choice to use transparent packages. This allows us to track
the internal object without additional engineering efforts for time
synchronization. We acknowledge that real-world logistics set-
tings typically involve non-transparent packages. However, our
primary objective in this work is to establish a proof of concept
demonstrating that our simulation framework can handle such
systems. For non-transparent packages, an alternative approach
involves using an external force-torque sensor to estimate the
center of mass (CoM) of the internal object. This would require
additional engineering, particularly for time synchronization and
ensuring reliable CoM estimation. In this study, we opt for trans-
parent packages to simplify data collection while maintaining the
visibility of the internal object. For tracking the internal object,
we use spherical reflective markers and define it as a rigid body
in Motive 2 (see Fig. 8). This setup allows us to capture both
position and orientation relative to the motion capture system’s
base frame, ensuring accurate and consistent tracking. For sim-
plicity, we only consider the Cartesian position of the object, and
thus XO = [xO,yO,zO].

6.2 Processing of Motion Capture Data
The timestamped data collected from the motion capture system
is inherently noisy, primarily due to marker occlusions and the
presence of spurious reflections from other reflective surfaces in
the camera’s field of view. These spurious reflections can re-
sult in erroneous marker detections, which we mitigate through
precise calibration. Specifically, during data collection, we exe-
cute predefined trajectories and manually mask out any spurious

FIGURE 8: The package and the corresponding inside object
with the motion capture markers. We also illustrate a sample tra-
jectory that is collected from the motion capture. We can observe
that at certain time instances, the package markers can disappear,
thus entailing the adoption of advanced data-processing methods.

markers that appear. This ensures that reflective surfaces incor-
rectly tagged as markers are eliminated from the dataset. To fur-
ther improve robustness, we enforce a minimum difference of 10
mm between the inter-marker distance of the 2D markers on the
package and the spherical markers on the internal object. This
prevents marker misidentification, where the system might erro-
neously associate one marker’s identity with another.

A key challenge in post-processing arises due to marker oc-
clusion, where markers temporarily disappear from the track-
ing system. Since OptiTrack’s Motive 2 software does not
provide marker identification and tracking across trajectory for
deformable bodies,1 we introduce a comprehensive filtering
methodology to estimate missing marker positions:

1. Noise Reduction: We first apply a low-pass Butterworth fil-
ter to the timestamped marker trajectories to eliminate high-
frequency noise X f (t) = 1√

1+
(

fc
f

)2n
X(t). where X f (t) is the

filtered signal, X(t) is the raw marker position, fc is the cut-
off frequency, and n is the filter order. The band gain is set
to 1.

2. Hungarian Matching-Based Reassignment: If a marker dis-

1This functionality is available in Motive 3, but for the scale of deformations
in our setup, it remains intractable.
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appears, we check whether it has been reassigned a new
ID by using the Hungarian algorithm for optimal matching.
Specifically, we solve for the best match between the miss-
ing marker pi and the detected markers at the time t,M(t),
based on their available neighbor information. The assign-
ment cost is minimized by:p̂i = argminp j∈M(t) ∥p j− p̂(t)i ∥,
where p̂(t)i represents the set of neighbor positions associated
with the missing marker at the current time step. If the cost
is below a predefined threshold ε , the marker is reassigned
based on the optimal matching result. If no neighbors are
available, we discard the position information by assigning
it a zero mask

3. Velocity-Based Interpolation: If reassignment fails, we
estimate the missing position using first-order derivative-
based interpolation under the assumption of local smooth-
ness: pi(t) = pi(t − 1) + vi(t − 1) · ∆t, where, vi(t − 1) =
pi(t−1)−pi(t−2)

∆t is the estimated velocity of the marker.
4. 1D Interpolation for Long Occlusions: If data is missing for

a longer window, we perform 1D linear interpolation us-
ing adjacent marker positions, defined by pi(t) = pi(t1) +
t−t1
t2−t1

(pi(t2)− pi(t1)). where t1 and t2 are the nearest avail-
able timestamps.

If none of the above methods successfully reconstruct the miss-
ing marker positions, we discard the affected timestamps from
our dataset. Ultimately, our filtering strategy enables us to re-
tain 98% of the timestamped data from the collected dataset for
downstream parameter learning while ensuring high-fidelity de-
formation tracking.

7 Results
In our experiments, we aimed to evaluate key aspects of our pa-
rameter learning framework to assess its effectiveness. Specifi-
cally, we sought to answer the following questions:

1. How accurately does our simulation framework predict real-
world package deformation and internal object dynamics?

2. To what extent does our method generalize to variations in
control parameters and object mass?

3. How well does our proposed simulation model perform on
unseen scenarios in a held-out test dataset?

With these evaluations, we aim to provide a comprehensive as-
sessment of our simulation framework’s fidelity, robustness, and
generalization capabilities, highlighting its potential for real-
world deployment in robotic manipulation tasks.

7.1 Parameter Estimation Results
The dataset of 24 trajectories was preprocessed using our data-
processing pipeline, as described in Section 6.2. We employed
a subset sampling strategy to divide the data into training and

testing sets to ensure a fair and representative evaluation. Specif-
ically, for the test set, we aimed to assess the generalization of
our method on unseen cases. To achieve this, we selected trajec-
tories with medium velocity, medium acceleration, and medium
orientation for a given package and mass combination. These
conditions fall within the overall distribution of the training data
but are not explicitly included, allowing us to fairly evaluate gen-
eralization. Based on this strategy, we allocated four trajecto-
ries for testing. This resulted in a final split of 20 trajectories
for training and 4 for testing. All data was normalized using
a min-max normalization approach before training. We imple-
mented the Bayesian optimization framework with the Bayes-opt
library [37]. We trained our model for 100 epochs and reported
the best-performing parameter values on the training data in Ta-
ble 1.

Dataset

Object Package

MSE ↓ CD ↓

mean max std mean max std

Train 0.0006 0.003 0.0006 0.032 0.036 0.003

Test 0.0008 0.001 0.0003 0.033 0.038 0.003

TABLE 1: The performance of the parameter estimation frame-
work. The error values reported here are the chamfer distance of
the package state and the mean-square error in object state pre-
diction in meters.

Table 1 highlights the effectiveness of our parameter esti-
mation framework in accurately predicting both the package and
internal object positions. The error values reported confirm that
our simulation model effectively captures the intricate interac-
tions between the deformable package, the internal object, and
the external constraints imposed by the robotic manipulator. The
chamfer distance estimation for the package loss, which is 0.033
m, demonstrates that our model successfully captures the pack-
age deformation [38], especially for such a complex dynamic de-
formable object. Additionally, the mean square error of 0.0008
for the internal object shows that the interface contact and object
parameters were appropriately learned. These results validate
the learned parameters’ accuracy and fidelity, suggesting our ap-
proach generalizes well to various control inputs and package
configurations (Refer Fig. 9).

7.2 Optimization Performance Analysis
A key premise of our framework is that accurately modeling the
deformable package system requires selecting optimal simula-
tion parameters. If the loss landscape were relatively flat, ran-
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FIGURE 9: Qualitative comparison of simulation vs. real-world predictions. Blue markers represent simulated positions at a given time
step, while green markers indicate corresponding real-world positions from our test dataset. The coordinate axes near the markers denote
simulated and real object positions, with the topmost axis representing the tool frame.

FIGURE 10: The marker prediction discrepancies are primarily
at the edges, while accuracy remains high near the suction cups,
a critical region for failure detection. This demonstrates that our
parameter estimation is well-suited for computing safe and effi-
cient trajectories, as most errors do not impact performance.

domly chosen parameters would yield similar results, reducing
the need for optimization. However, in practice, random initial-
ization often leads to poor predictions, as the loss landscape con-
tains local minima that significantly impact performance. Our
Bayesian optimizer effectively identifies an optimal set of param-
eters that enables accurate prediction of the package and internal

object states, which are critical for learning safe and efficient ma-
nipulation policies.

To validate this, we perturb each parameter by a percentage
of its optimized value and analyze its effect on prediction ac-
curacy. Our sensitivity analysis shows that perturbations within
20% of the optimized value maintain stable performance with
minimal impact on accuracy. However, beyond this threshold,
the simulation becomes unstable, requiring reduced time steps
for integration, which significantly slows down the overall simu-
lation speed.

To validate that our prediction accuracy is sufficient for com-
puting safe and efficient manipulation policies and trajectories,
we analyze the simulation’s performance. As shown in Fig. 10,
the primary discrepancies in marker position predictions occur at
the package edges, while markers near the suction cup engage-
ment points, closer to the package center, maintain high accuracy
(< 0.01m). This demonstrates that despite a chamfer distance of
0.03m, our simulation model remains effective for generating re-
liable and safe trajectories.

7.3 Simulation Performance Metrics
A critical aspect of our simulation framework is evaluating its
computational efficiency in handling complex multi-object in-
teractions. To ensure high fidelity while maintaining acceptable
prediction accuracy, we systematically vary the number of par-
ticles representing the package and analyze its impact on both
prediction performance and simulation frame rate. As shown
in Table 2, increasing the particle count results in a comparable
simulation frame rate but introduces a trade-off between compu-
tational efficiency and accuracy. Our findings suggest that prac-
titioners should fine-tune the particle count based on their spe-
cific accuracy and performance requirements. Another key con-

12 Copyright © 2025 by ASME



sideration is hardware memory limitations. All our evaluations
are conducted on an NVIDIA GeForce RTX 3060 12 GB GPU,
where instantiating more than 1612 particles leads to memory
overload. Furthermore, Fig. 11 demonstrates that reducing the
particle count can lead to inaccurate package deformation, ulti-
mately degrading prediction performance, which aligns with our
ablation studies.

FIGURE 11: Difference in package shape in simulation with re-
ducing number of particles. We can see that lesser particles can
lead to poor performance in capturing the package deformation

Num Particles Frame Rate (FPS) ↑ Package CD ↓ Object MSE ↓

1612 9 0.032 0.0006

1050 10 0.033 0.0007

608 10 0.035 0.0008

286 10 0.037 0.001

TABLE 2: Effect of particle count on simulation parameters and
frame rate. The prediction performance depends on the number
of particles. Our simulation runs in real-time, meaning it takes
t seconds to simulate a trajectory of duration t seconds. We can
see increasing num particles improves the loss without affecting
the FPS, however, FPS remains the same. Increasing particles
can cause issues with available GPU memory.

8 Discussions
While our primary focus in this work is on developing a de-
formable simulation model of the package-object system, its
broader impact on package handling efficiency is crucial to con-
sider. The proposed model significantly enhances the balance
between safety and efficiency across key manipulation stages:
pick-up, transport, and placement. Each of these steps demands
precise trajectory computation to minimize failures that could re-
sult in package damage. In our prior [30], we explored trajectory
optimization for fully filled packages, but it did not capture the

complexities introduced by partially filled deformable packages
with a moving object. In this work, our proposed multi-object
model addresses this gap by providing a more adaptable and ac-
curate simulation framework, enabling robots to handle a wider
range of package conditions with improved reliability and effi-
ciency in computation that translates to process efficiency.

Our GPU-based simulation framework implementation en-
ables more efficient training times, with an observed 30% re-
duction compared to non-GPU-based models. By accelerating
trajectory optimization and improving convergence speed, our
approach reduces the number of iterations required to find an
optimal solution. This computational improvement can poten-
tially decrease overall process time by 15% [30]. Furthermore,
the ability to explicitly model failure cases [29] enhances robust-
ness, with a potential failure reduction of 20%. Internal object
movement within the package plays a key role in suction-based
grasp failures, and our approach allows for precise simulation
and tracking of these dynamics. By optimizing trajectories to
minimize internal object motion, we reduce instability and the
risk of package damage. Unlike conventional rigid-body simu-
lators, our approach dynamically adapts to variations in package
shape, weight, and contents, allowing robots to respond to distur-
bances up to 2-5 times faster, ensuring more reliable real-world
deployment without extensive manual tuning.

Although our simulation framework is designed to be dif-
ferentiable, maintaining smooth and stable gradients within the
NVIDIA Warp framework proves challenging. This difficulty
arises from the inherent complexities of simulating deformable
objects, where small numerical or algorithmic inconsistencies
can introduce noisy gradients, particularly when accounting for
non-linearities, contact dynamics, and material deformations. In
high-dimensional, dynamic environments, where the relation-
ships between simulation parameters and physical behaviors are
intricate, the gradients may become unstable or imprecise. Such
noisy gradients can degrade the performance of gradient-based
optimization methods, leading to suboptimal solutions or slower
convergence due to erratic updates.

In contrast, Bayesian optimization is particularly well-suited
for these types of scenarios. Unlike gradient-based methods that
depend on precise gradient information, Bayesian optimization
treats the objective function as a black box and constructs a prob-
abilistic model. This allows it to explore the parameter space ef-
fectively without relying on gradients, making it more resilient
to noisy or unreliable signals. By incorporating prior knowledge
and carefully balancing exploration with exploitation, Bayesian
optimization can navigate the parameter space efficiently, even
in the presence of noise or limited data. Furthermore, since
Bayesian optimization updates its model iteratively based on
fewer but more informative evaluations, it mitigates the impact
of noisy gradients, leading to more stable optimization. Given
these advantages, we have opted to rely on Bayesian optimiza-
tion rather than exploiting the differentiability of our simulation.
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9 Conclusions
In this work, we introduced a high-fidelity deformable object
simulation framework that captures the complex dynamics of a
deformable package with an internally moving object. Our GPU-
accelerated simulation provides accurate physics data for train-
ing manipulation policies, enabling more effective learning for
package handling tasks. We proposed a Bayesian optimization
approach to learn simulation parameters from real-world defor-
mation data and developed a structured loss formulation to en-
hance parameter estimation. Additionally, we designed a com-
prehensive data collection testbed for parameter learning and cre-
ated a Gym environment for training manipulation policies. We
demonstrated the real-world applicability and fidelity of our sim-
ulation.

Although our framework shows promise for online appli-
cations, real-time performance for control remains a challenge,
and failure cases such as suction cup bending were not explicitly
modeled. In future work, we plan to address these limitations
by incorporating solutions for suction-induced failures and op-
timizing real-time performance. We also aim to further explore
the differentiability of our simulation framework by implement-
ing custom gradient handling to overcome non-differentiability
issues, thus advancing the use of differentiable simulations in
robotic manipulation tasks.
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