DeformX: A Versatile Co-Simulation Framework for Deformable Linear Objects

Fig. 1: DeformX is a co-simulation framework for deformable linear objects (DLOs) that integrates NVIDIA Isaac Sim with
a dedicated Cosserat rod engine, providing visually and physically realistic simulation. The framework enables scalable data
generation and robot learning, supporting DLOs perception and manipulation.

Abstract— Deformable linear objects (DLOs) such as wires,
cables, and ropes are common in robotic manipulation tasks,
yet simulating them with both visual realism and physical
accuracy remains challenging. Existing visual simulation meth-
ods typically rely on procedural geometric primitives that lack
physically grounded deformation behavior, while physics-based
approaches with robot learning support often approximate
DLOs as rigid-link chains or generic soft bodies, failing to
accurately capture the bending, twisting, and shear mechanics
of slender elastic structures. In this work, we introduce De-
formX, a co-simulation framework that integrates a dedicated
Cosserat rod physics engine with NVIDIA Isaac Sim, enabling
DLO simulations that are both physically faithful and visually
realistic. Our Cosserat rod engine simulates the dynamics and
self-collisions of DLOs, and contact interactions with arbi-
trary free-form meshes. To achieve high-fidelity visualization,
we employ mesh skinning to map discrete rod deformations
onto imported CAD models. To the best of our knowledge,
DeformX is the first framework for DLO simulation that unifies
realistic visualization, principled physics, and compatibility
with robot learning pipelines. We demonstrate its versatil-
ity across synthetic data generation and policy learning for
DLO manipulation, and validate visual and physical fidelity
through comparisons against real-world experiments. Notably,
fine-tuning Segment Anything Model 3 (SAM3) on DeformX-
generated data yields a 10.2% mAP@75 improvement in real-
image wire segmentation, and a rope-swinging policy trained
entirely in DeformX achieves a mean target-hitting error of 6.6
cm on a URSe manipulator in real-world trials, highlighting its
strong sim-to-real transfer capability.

[. INTRODUCTION

Deformable linear objects (DLOs), including wires, cables,
and ropes, are pervasive in robotics and industrial settings.
They appear in applications such as wire harness assembly,

cable routing, infrastructure inspection, and textile manipula-
tion [1]. Accurate DLO simulation is therefore important for
perception, planning, and control: a realistic simulator can
enable scalable synthetic data generation for visual learning,
support robot learning for manipulation policies, and reduce
dependence on expensive and time-consuming real-world
experimentation. Despite growing interest in DLO manipu-
lation, existing approaches rarely satisfy three requirements
simultaneously: (i) visual realism for perception, (ii) physical
fidelity under gravity, contact, and manipulation, and (iii)
compatibility with robot learning frameworks for closed-
loop training and evaluation. Most prior systems emphasize
either visually plausible rendering with simplified dynamics
or physically motivated models without an integrated, pho-
torealistic robotics stack, which limits their utility for end-
to-end perception and robot learning.

Existing approaches to visually simulating DLOs primarily
rely on procedural modeling tools such as Blender, where
DLOs are generated as random Bézier curves or as chains of
simple geometric primitives like connected cylinders [2], [3].
These methods can produce visually plausible cable shapes
under controlled conditions and are often used to gener-
ate synthetic datasets for training perception models [2]-
[6], given the difficulty of collecting and annotating large-
scale real-world wire data. For example, HANDLOOM [2]
synthesizes 30,000 cable images for visual learning, but
represents cables as random Bézier curves without physically
grounded deformation and restricts appearance (e.g., uni-
formly white cables), limiting both mechanical realism and
visual diversity. Similarly, [3] constructs synthetic cables as



connected cylinders and uses collision modifiers to approx-
imate interactions, which increases appearance variation but
still relies on highly simplified mechanics. These procedural
representations are typically not mesh-based, which prevents
direct import of realistic cable CAD assets and reduces geo-
metric fidelity and asset reusability. In addition, because the
generated shapes are not governed by physically meaningful
rod models, they may appear plausible in static renders yet
fail to produce consistent dynamics under contact and self-
interaction, conditions that matter for robot manipulation.
On the physics side, common DLO simulators approx-
imate deformable objects as chains of rigid capsules con-
nected by ball joints [7]-[9]. While computationally con-
venient and widely used in manipulation studies, rigid-link
models oversimplify continuum mechanics (e.g., bending—
twisting coupling and shear deformation), and often depends
on extensive manual tuning of joint stiffness/damping pa-
rameters rather than directly interpretable material proper-
ties. An alternative is to model DLOs as volumetric soft
bodies within general deformable-body frameworks, includ-
ing finite-element and related methods [10]-[13]. These
approaches can express richer material behavior, but are
typically inefficient for representing long, slender objects:
key rod mechanics arise only implicitly through 3D dis-
cretization, computational cost can scale poorly with reso-
lution, and results can be sensitive to meshing choices. In
contrast, Cosserat rod theory provides a principled formula-
tion specialized for DLOs by modeling a DLO as a one-
dimensional continuum that explicitly captures stretching,
shearing, bending, and twisting [14]-[16]. Its dynamics are
governed by physically meaningful parameters (e.g., Young’s
modulus and shear modulus), establishing a clearer link
between simulation behavior and real material properties
and enabling more accurate and interpretable modeling of
DLOs [17]. However, existing Cosserat rod solvers are often
used in isolation from photorealistic simulators and robotics
middleware. For example, libraries such as PyFElastica [18]
provide physically realistic rod dynamics, but lack native
support for complex interactions with free-form meshes and
do not directly provide a high-fidelity rendering and robotics
stack, limiting their applicability in robotic manipulation.
These limitations become especially consequential for
robot learning with DLOs. DLO tasks remain bottlenecked
by data acquisition and sim-to-real discrepancies [9], [19].
Many systems still rely heavily on real-world demonstrations
because collecting reliable simulated rollouts with realistic
dynamics and contacts is difficult. For instance, [19] reports
collecting 1,442 teleoperated demonstration trajectories for
cable routing, underscoring the cost of scaling real-world
data. Some works attempt to train DLO manipulation poli-
cies purely in simulation, such as Iterative Residual Policy
(IRP) [8], but their linked-capsule dynamics necessarily
simplify elastic behavior, which can widen the sim-to-real
gap and push algorithmic burden onto policy design rather
than the simulator. Overall, there remains a gap in simulation
infrastructure: a unified framework that jointly delivers phys-
ically grounded rod dynamics, visually realistic rendering

with reusable CAD assets, and seamless integration with
robot learning pipelines.

To address this gap, we propose DeformX, a co-simulation
framework that couples a discrete Cosserat rod engine with
Isaac Sim to achieve both physically and visually realistic
DLO simulation for perception and robot learning. DeformX
combines (i) physically interpretable Cosserat rod dynamics,
(ii) realistic interactions with complex environments via
mesh-based contact, and (iii) high-fidelity visualization and
sensor simulation through CAD-compatible mesh skinning
and Isaac Sim rendering. Our main contributions are:

¢ DeformX Framework: A co-simulation system inte-
grating a Cosserat rod physics engine with Isaac Sim
to produce visually and physically realistic DLO simu-
lations suitable for perception and robot learning.

¢ Free-Form Mesh Contact: Support for DLO interac-
tions with free-form meshes within the Cosserat rod
engine, enabling realistic rod-object contact in cluttered
environments.

o Mesh-Skinned Visualization with CAD Support:
We propose to utilize mesh skinning to map discrete
Cosserat rod deformations onto meshes, allowing import
of DLO CAD assets for high-fidelity visualization.

o WireSeg-32k Dataset: A synthetic wire instance seg-
mentation dataset containing diverse RGB images,
depth maps, and ground-truth annotations. Fine-tuning
SAM3 on our dataset yields a 10.2% improvement in
mAP@75 on real-world experiments.

Fig. 2: Cosserat rod modeling of DLOs. (a) Continuous
Cosserat rod representation; (b) Discrete Cosserat rod repre-
sentation; (c) Mesh skinned to the discrete Cosserat rod for
realistic visualization.



Fig. 3: Overview of our co-simulation framework. Compared to existing simulators for vision (left) and RL (right), our
framework jointly achieves visual realism, physical accuracy, DLO CAD support, and robot learning support with minimal
parameter tuning by combining Isaac Sim and a dedicated Cosserat rod engine.

II. NOTATIONS AND PRELIMINARY

We model a deformable linear object (DLO) as a slender
elastic rod using the Cosserat rod theory [20], [21], which
captures all deformation modes of a 1D continuum including
stretching, shearing, bending, and twisting.

In the continuous representation (Fig. 2a), the rod is
parameterized by arc-length s and time ¢, with centerline
r(s,t) € R3 and an orthonormal material frame Q(s,t) =
{di1(s,1),d2(s,t),ds(s,t)} € SO(3) attached to each cross-
section, where the directors dq, d», d3 are the columns of Q.

In the discrete representation (Fig. 2b), the centerline is
sampled into vertices {r;(¢)}"_, and orientations are stored
as segment frames {Q;(¢) ;-’;01 associated with edges £; =
rj+1 —r;, yielding a finite-dimensional state {r;, Q;} [21]-
[23]. Time evolution is advanced numerically by discretizing
t into steps t* = kAt, so all state variables are updated from
(rf,Q’;) to (r+h Q?H) at each timestep At [18].

Cosserat rod dynamics are computed by conservation
of linear and angular momentum along the rod. Material
properties are incorporated through linear elastic constitu-
tive laws, where Young’s modulus F and shear modulus
G determine the rod stiffness in stretching/shearing and
bending/twisting [14]. External interactions are incorporated
through forcing and boundary-condition terms, including
gravity, endpoint loads/torques, and contact with friction.

III. METHODS
A. Framework Overview

We propose a co-simulation framework that tightly inte-
grates a Cosserat rod engine with Isaac Sim to achieve physi-
cally accurate and visually realistic simulation of DLOs. The
core challenge lies in bridging two systems with fundamen-
tally different functionalities and time scales. To address this,
we design a multi-rate scheme that handles state updates,
cross-engine interactions, and ensures stable bidirectional
coupling between the Cosserat rod engine and Isaac Sim.
The proposed framework enables simulation of DLOs that is
both visually and physically realistic, facilitating downstream
visual perception learning and robot learning tasks. An
overview of our framework is illustrated in Fig. 3.

Algorithm 1 Multi-rate co-simulation

Require: Macro step Atigaac, Substeps N, with Atpro =
AtIsaac / N
1: for each Isaac step k do
2:  Get objects states from Isaac Sim
(pose/velocity/acceleration)
33 forn=1to N do
Estimate motions of interacting objects
Integrate DLO dynamics for Atpro
(Cosserat rod + contact)
6: end for
7. Export DLO skeleton poses for rendering
8:  Return reaction wrenches/impulses to Isaac Sim
9:  Isaac Sim advances rigid-body + control for Atjg,,c
10: end for

AN

B. Co-simulation Framework

Division of Functionality: Our framework partitions func-
tionalities between the Cosserat rod engine and Isaac Sim
while maintaining tightly coupled interaction. The Cosserat
rod engine computes all DLO dynamics and contacts be-
tween DLOs and other objects, ensuring physically con-
sistent deformation and contact responses, while Isaac Sim
handles the rigid-body environment, including robot manip-
ulators, fixtures, and other scene elements, providing rigid-
body simulation, scene management, control interfaces, and
photorealistic rendering. This division ensures that robot dy-
namics and non-DLO interactions remain within Isaac Sim’s
domain, while deformation physics and rod-driven contacts
are governed by the specialized rod engine. As a result, our
framework preserves high physical fidelity for deformable
objects while leveraging the robustness and scalability of a
mature rigid-body simulation platform.

Multi-rate Co-simulation: A fundamental challenge in our
co-simulation framework stems from the mismatch in time
scales between the Cosserat rod engine and Isaac Sim
modules. Stable DLO dynamics computation typically ne-
cessitates finer time steps, Atpro ~ 107 s, whereas Isaac
Sim commonly advances rigid-body dynamics and control



at coarser time steps, Atsgac ~ 1072 s. Consequently, the
DLO states are updated multiple times within a single Isaac
Sim step, during which no direct interaction between these
two modules is available.

To address this issue, we replicate the semi-implicit Euler
integration used by Isaac Sim PhysX within the Cosserat rod
engine. This approach enables us to estimate the motion of
interacting rigid bodies (e.g., robot grippers or end-effectors)
during fine-grained DLO updates, using only the states
provided by Isaac Sim at coarse-grained time steps even
when intermediate inputs from Isaac Sim are unavailable.

Specifically, we represent the pose of an interacting rigid
body as a rigid transform T° € SF(3) and parameterize
incremental motion using a 6D minimal coordinate vector
¢ € RS, where & = [x;0)] stacks translation x € R? and a
3D rotation coordinate @ € R? = 50(3). The corresponding
generalized velocity and acceleration are denoted by E and
é, respectively. At each time step At, we first update the
generalized velocity using semi-implicit Euler:

én-‘rl = én + énAta (D

and then update the pose by composing the current transform
with the incremental motion on SE(3) induced by the
updated velocity:

Ti1 = T, Exp(€ny1At), 2)

where Exp(-) denotes the exponential map that converts a
6D motion vector in R® 22 s¢(3) into an element of SE(3).
By replicating Isaac Sim’s integration scheme within the
rod engine, we ensure consistent state evolution across sim-
ulation modules during multi-rate updates, while allowing
contact interactions to be evaluated against continuously
updated rigid-body motion at the DLO time scale. These
contact interactions must also be propagated back to Isaac
Sim. To this end, we accumulate contact forces computed
at the DLO time scale into integrated impulses or wrenches,
which are then fed back to the corresponding rigid bodies in
Isaac Sim at each coarse simulation step. This strategy en-
ables stable and physically consistent bidirectional coupling
across disparate time resolutions.
Modular Interface: We have implemented the Cosserat rod
engine as a Python module that integrates directly into Isaac
Sim’s scripting environment, supporting both interactive Ul-
based workflows and headless execution. Users can construct
scenes within Isaac Sim, after which geometry, poses, and
simulation parameters are exported as initial conditions for
the rod engine. The same interface is reused for large-scale
dataset generation and robot learning, providing a unified
pipeline from scene authoring to physics simulation and
photorealistic rendering.

C. Interaction with Free-Form Meshes

For DLO simulation in robotic settings, interaction with
surrounding objects is essential. However, current PyElastica
and other Cosserat rod libraries [18], [24], [25] lack native
support for contact with free-form meshes. Building on
PyElastica’s penalty-based contact formulation, we compute

the closest-point distance d between rod nodes {r;} and
the mesh surface, and apply a repulsive normal contact
force parameterized by stiffness £ and dissipation v. The
Cosserat rod engine applies the resulting contact forces to
the rod internally, and returns the equal-and-opposite reaction
impulses/wrenches to the mesh, where the corresponding
rigid body dynamics are resolved [24].

To improve computational efficiency, we prebuild a
Bounding Volume Hierarchy (BVH) over the mesh and
employ AABB-based broad-phase pruning to reduce distance
queries. To enhance robustness under larger time steps,
we introduce a repulsion distance for watertight meshes to
prevent deep penetration and keep the rod outside the surface.

D. DLO Visualization in Isaac Sim

For realistic visualization in Isaac Sim, we represent each
DLO with a smooth tubular mesh that is skinned to the
discrete Cosserat rod vertices. In this way, the motion of the
Cosserat rod smoothly deforms the mesh. During simulation,
the rod dynamics solver outputs the rod centerline and local
orientation for each element, and at every Isaac Sim step we
update the tubular mesh accordingly using these rod states.

Mesh skinning is a technique widely used in animation
and character modeling [26]. We incorporate this technique
with a discretized Cosserat rod model to achieve high
visual fidelity in Isaac Sim while maintaining full consis-
tency with the underlying rod dynamics, as illustrated in
(Fig. 2c). Moreover, because DLOs are visualized using
skinned meshes, we can directly import CAD models of
DLOs with pre-defined skins. This allows us to leverage a
wide range of existing DLO CAD assets to create diverse
and highly realistic DLO representations.

IV. EXPERIMENT
A. Validation of DLO Physics Simulation

To validate physical fidelity, we perform a set of physics
sanity checks and quantitative comparisons against observed
DLO motion. Unlike Isaac Sim’s built-in DLO approxima-
tions, our Cosserat rod model explicitly captures stretch-
ing, shearing, bending, and twisting, enabling characteris-
tic behaviors such as gravity-induced equilibria, curvature
propagation, and torsion-bending coupling. We validate the
physical fidelity of our simulation through two real-world
experiments:

(1) Knot deformation under twist: We design the first
experiment to assess the simulator’s ability to reproduce
realistic quasi-static deformations given real-world measure-
ments. The physics-based parameters in our simulator are
computed from factory-provided material specifications [27].
We tie the DLO into a simple (trefoil) knot and apply
controlled twisting [22]. As shown in Fig. 4(a), the simulated
knot undergoes the same qualitative shape transitions as those
observed in real world.

(2) Free-form contact modeling: We evaluate our imple-
mentation of contact handling by wrapping a flexible rope
(scarf) around a rigid bunny model. Starting from an initially
draped configuration, we progressively pull and slide the



Fig. 4: Sim2real comparison for DLOs. (a) We tie a trefoil
knot on a rope, apply continuous twists to induce shape
transitions, and qualitatively compare the representative con-
figurations between simulation (top) and real experiments
(bottom). (b) shows flexible rope (scarf) wrapping around a
bunny with multi-point contact, sliding, and self-contact.

scarf to induce multi-point, sliding contact and self-contact.
Fig. 4 visualizes representative snapshots, showing that the
simulated scarf conforms to the bunny geometry, preserves
stable contact without interpenetration, and produces realistic
winding and settling behavior under gravity and friction.

For both experiments, our simulator yields physically
consistent DLO behavior, supporting its use for realistic data
generation and sim-to-real analysis.

B. Applications: Data Generation

Overview: A key application of a visually and physically
realistic DLO simulator is to generate high-quality synthetic
data for training perception models without expensive man-
val annotation. Wire instance segmentation is fundamental
to many tasks, yet large-scale annotated datasets are scarce
due to the difficulty of labeling thin, deformable objects
in cluttered scenes. With our co-simulation framework, we
construct WireSeg-32k, a wire instance segmentation dataset
designed with three principles: (1) high diversity in configu-
rations, (2) a broad spectrum of difficulty levels for targeted
training and evaluation, and (3) scenario-specific categories
aligned with real-world use cases. A comparison between
our dataset and existing datasets is shown in Table I.

Data Generation Pipeline: The data generation pipeline
is illustrated in Fig. 5. We assemble a library of base
scenes from publicly available 3D assets and then import
the resulting geometry and materials into Isaac Sim. For each
scene instance, we procedurally generate wire configurations
(e.g., number of wires, length, radius, and initial shapes)

Fig. 5: Synthetic wire segmentation dataset generation
pipeline. Randomized scenes are built from asset libraries.
Wires are simulated with a Cosserat rod engine, and visual-
ized as skinned meshes. RGB images, segmentation masks,
and depth maps are generated and split by difficulty levels.

Physics Instance CAD  Visually-grounded Num.

Dataset

Realism  Label  Support Scenes Images
HANDLOOM [2] X X X X 30k
FASTDLO [4] X v X X 32k
Fresnillo et al. [3] v X X v 25k
Zanella et al. [5] X X X X 28.5k
ISCUTE [6] X v v v 28k
WireSeg-32k (Ours) v v v v 32k

TABLE I: Binary comparison between existing DLO datasets
and our WireSeg-32k dataset. “Physics realism” indicates
whether data generation uses physics-based simulation of
DLO deformation (e.g., gravity, wind, and collisions). “In-
stance label” indicates whether per-object instance masks are
provided (trace-only supervision is counted as x). “CAD
support” indicates whether DLOs can be represented as
free-form meshes (enabling direct CAD import). “Visually
grounded scenes” indicates whether cables are rendered
within realistic, image-based backgrounds rather than on
plain or purely synthetic backdrops.

and sample rigid objects/assets and their placements in
Isaac Sim. During data generation, Isaac Sim simulates the
robot and all non-wire rigid bodies, while our Cosserat Rod
Engine solves the wire dynamics and computes wire-object
interaction forces that are exchanged with Isaac Sim through
the coupling interface. The simulated wire state is streamed
to Isaac Sim for skeleton-driven rendering, together with
the static scene geometry and asset materials. We further
randomize camera viewpoints, lighting conditions, and scene
textures to increase visual diversity and improve robustness
to domain shifts. Sample images from our dataset is shown
in Fig. 6.

Categories: We organize the dataset into three scenario
categories: (1) wire-on-plane, a canonical tabletop setup; (2)
flying wires, focusing on gravity-driven dangling dynamics;
and (3) data center, featuring cables arranged within data-



Model Hard (Syn) Medium (Syn) Easy (Syn) Total (Syn) Total (Real)
F1@75 mAP@75 F1@75 mAP@75 F1@75 mAP@75 F1@75 mAP@75 F1@75 mAP@75
SAM3 (Base) 0.179 0.066 0.446 0.310 0.803 0.735 0.433 0.317 0.296 0.157
SAM3 + LoRA 0.225 0.102 0.512 0.404 0.850 0.816 0.465 0.365 0.314 0.173
A (LoRA-Base) +25.7% +54.5% +14.8% +30.3% +5.9% +11.0% +7.4% +15.1% +6.1% +10.2%

TABLE II: SAM3 performance with and without LoRA fine-tuning. For each subset, we report dataset-level F1@75 and
COCO mAP@75 (higher is better) on the Easy/Medium/Hard tiers, the full synthetic set, and a held-out real test set. The
last row reports the percent improvement from LoRA fine-tuning.

Fig. 6: Representative images from three settings across
Easy/Medium/Hard, with Hard ground-truth instance masks.

center racks, using photorealistic assets from NVIDIA Omni-
verse [28]. In total, we collect 32,000 rendered images from
300+ independent simulation runs.

Annotations, Depth, and Difficulty: We provide per-wire
instance masks for multi-wire segmentation, along with per-
pixel depth maps to support high-resolution 3D perception
beyond typical RGB-D limitations on thin cables [29], [30].
We also stratify the dataset into easy/medium/hard splits by
thresholding its per-image AP@75 with SAM3 performance
on generated images (Fig. 6).Images with AP@75 < 0.3 are
labeled hard, those with AP@75 > 0.6 are labeled easy, and
all others are labeled medium.

Complementary Real-World Test Set: To support real-
world evaluation, we additionally create a separate test set
of 300 in-the-wild images with manually annotated ground
truth segmentations. Images are collected across diverse
backgrounds, lighting conditions, and cable types to reflect
real deployment variation.

Model Fine-tuning: To demonstrate that our dataset can
directly support training wire instance segmentation mod-

els, we perform a simple LoRA fine-tuning experiment on
SAM3. We adapt the vision encoder and mask decoder
by inserting lightweight LoRA adapters into the attention
projections (g_proj, k_proj, v.proj; rank 16, a = 32,
dropout 0.05), while keeping all other components frozen to
maintain parameter efficiency and training stability. We train
for 5 epochs on our synthetic wire dataset using a learning
rate of 1 x 1075 and an effective batch size of 16.

As a strong foundation-model baseline, we also evaluate
off-the-shelf SAM3 on our dataset in text-prompt mode using
the prompt ‘‘cable’’. We report dataset-level F1@75
(instance F1 with one-to-one matching at IoU > 0.75) and
mAP@75 (COCO-style AP at IoU = 0.75). Across both the
synthetic benchmark and our held-out real-world test set,
LoRA fine-tuning improves performance over the off-the-
shelf baseline (Table II).

C. Applications: Robot Learning

Motivation: Dynamic rope swinging amplifies modeling
errors: small inaccuracies in bending/torsion and contact can
cause large deviations in the rope-tip trajectory, leading to a
pronounced sim-to-real gap in fast “whipping” regimes. We
therefore use a planar hit-target rope-swinging benchmark
inspired by Chi et al. [8] as a stress test to quantify
whether improved DLO physics yields more reliable sim-
to-real policy transfer.

Task and Metric: A URSe robotic arm swings a rope so
that its tip passes as close as possible to a fixed target point.
Following [8], we evaluate performance using the minimum
tip-to-goal distance over a rollout,

dmin =

i ip(t) — oa . 3
in, [Ptip(t) — Pgoall, 3)

We parameterize the robot motion with a low-dimensional
joint-space action

ag = (A'Jla AJQv AJ?))) (4)

where AJ;—AJs denote bounded per-step increments for the
three actuated URSe joints. These increments are accumu-
lated into joint position targets at each control step. Planar
Motion Constraint: We constrain the robot motion to be
planar, and define the target location in-plane. This restriction
is sufficient for the hit-target task, since out-of-plane targets
can be reached by a trivial rotation of the robot base; we
therefore fix the base rotation and focus on planar whipping
dynamics.



Fig. 7: (a) Robot-driven rope experiment with one end
anchored to the ground and the other attached to the robot
end-effector, which executes a sinusoidal trajectory; overlays
are shown with time stamps. (b) Trajectory error over time,
as defined in Eq. 5

Parameter Settings of Simulated Ropes: The choice of
rope parameters can significantly affect experimental out-
comes. To ensure a fair comparison between DeformX and
the baseline simulator, we calibrate the rope parameters
using a robot-driven rope motion experiment. Specifically,
we attach a 2m rope to a URS5e robot arm and command
a sinusoidal end-effector trajectory (1.2Hz frequency and
0.2m amplitude), while tracking the rope in 3D using a
motion-capture system. The identical boundary motion is
then replayed in simulation. We tune the rope parameters
so that the trajectory error between simulated and real rope
configurations is minimized for both simulators:

1o
Error(t) = i Z folm(t) — Xfal(t)H2 , (%)
i=1

where N is the number of motion-capture markers placed
along the rope (here N = 20).

The resulting trajectory errors are shown in Fig. 7. The
calibrated rope parameters produce small and comparable
errors for both simulators. These parameters are subsequently
used for RL training.

Controlled Comparison and Training: To isolate the effect
of the DLO simulator, we keep the PPO algorithm, obser-
vations/actions, reward, training budget, and all non-DLO
task components fixed, and vary only the DLO backend: (i)
DeformX and (ii) an Isaac Sim linked-capsule baseline. PPO
is trained with identical rollout, parallelization, and state/goal
inputs for both backends. The policy controls a planar 3-
DoF subset of URS5e joints via bounded incremental position
commands, with the same action space and command limits
for both backends.

Sim-to-real Evaluation: We deploy the learned open-loop
motion on a real URS5e and track the rope tip using an Opti-
Track system. For a fixed goal, we repeat the same execution
n=10 times and report the mean and standard deviation of
dmin. Representative rollouts are shown in Fig. 8, and results
are summarized in Table III. While both simulators obtain
low in-simulation errors, only DeformX transfers reliably to
the real robot. Across all three targets, DeformX reduces the
real-world minimum tip-to-goal distance from 15.1/25.9/30.4
cm to 6.6/7.3/5.8 cm, respectively. Since both simulators are
calibrated on the same robot-driven rope experiment and

Fig. 8: Goal-conditioned dynamic manipulation of a DLO.
Our RL policy reaches the goal. Left: simulation rollout.
Right: real-world rollout. The goal location is marked by a
star. Colored curves visualize the DLO configuration over
time during a rollout.

Target Point Method Sim dwin Real (n=10) dmin
(0, 200, 230) Defoljra:)e(h?(e)urs) :g 165512?4?.71
(0, 200, 150) Defolzrils)e(h?(emrs) ?j 275-.39:?1?.29
0, 170, 50) Defoll?lils)e(h?gurs) gg 323 ji: ?1>423

TABLE III: Hit-target task results. dy,;, (unit: cm) is defined
in Eq. (3) and reported in centimeters. Real-world results are
computed over n=10 repeated executions for the same goal;
we report mean and standard deviation.

all PPO settings are kept fixed, this result indicates that
physically accurate modeling of bending, torsion, and contact
is critical for sim-to-real transfer in dynamic rope swinging.

V. CONCLUSION AND DISCUSSION

We introduced DeformX, a co-simulation framework that
integrates a dedicated Cosserat rod engine with NVIDIA
Isaac Sim to enable DLO simulation that is both physically
faithful and visually realistic, while remaining compatible
with scalable data generation and robot learning. Our frame-
work supports contact interactions with free-form meshes,
multi-rate coupling with rigid-body dynamics, and CAD-
quality visualization through mesh skinning. Leveraging De-
formX, we further constructed WireSeg-32k, a wire instance
segmentation dataset that provides RGB images, depth maps,
and ground-truth annotations.

Despite these advantages, there are several limitations.
First, our current Cosserat rod engine is implemented entirely
on the CPU, which limits computational efficiency and
scalability. Second, in the present multi-rate co-simulation
scheme, the influence of the DLO on contacting rigid bodies
is approximated by integrating contact forces into a single
impulse or wrench within each Isaac Sim time step. This ap-
proximation may introduce inaccuracies in the bidirectional
coupling between deformable and rigid objects. Additionally,



recent advances in stable Cosserat rod formulations [25]
propose a split position-rotation optimization scheme with
a closed-form Gauss-Seidel quasi-static orientation update,
achieving high accuracy under large stiffness parameters
while maintaining stability with larger time steps. Such meth-
ods also support GPU parallelization. Incorporating these
techniques would not only improve computational efficiency

but

also potentially eliminate the time-scale discrepancy

between Isaac Sim and the rod engine.

Future work will therefore focus on upgrading DeformX to
adopt a stable Cosserat rod formulation, aiming to fundamen-
tally resolve time-scale discrepancy issue while leveraging
GPU acceleration for improved performance and scalability.
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