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Fig. 1: Overview of the FLASH framework for GPU-parallel simulation and robot policy learning. (a) GPU-native
solvers enable scalable, massively parallel rollouts. (b—c) Sim-to-real results showing high-fidelity contact modeling across
manipulation tasks. Our framework delivers 100-300x training speedup relative to real-time.

Abstract—Simulation frameworks such as Isaac Sim have
enabled scalable robot learning for locomotion and rigid-body
manipulation; however, contact-rich simulation remains a major
bottleneck for deformable object manipulation. The continuously
changing geometry of soft materials, together with large num-
bers of vertices and contact constraints, makes it difficult to
achieve high accuracy, speed, and stability required for large-
scale interactive learning. We present FLASH, a GPU-native
simulation framework for contact-rich deformable manipulation,
built on an accurate NCP-based solver that enforces strict contact
and deformation constraints while being explicitly designed for
fine-grained GPU parallelism. Rather than porting conventional
single-instruction-multiple-data (SIMD) solvers to GPUs, FLASH
redesigns the physics engine from the ground up to leverage
modern GPU architectures, including optimized collision han-
dling and memory layouts. As a result, FLASH scales to over 3
million degrees of freedom at 30 FPS on a single RTX 5090, while
accurately simulating physical interactions. Policies trained solely
on FLASH-generated synthetic data in minutes achieve robust
zero-shot sim-to-real transfer, which we validate on physical
robots performing challenging deformable manipulation tasks
such as towel folding and garment folding, without any real-
world demonstration, providing a practical alternative to labor-
intensive real-world data collection.

I. INTRODUCTION

Deformable object manipulation remains a bottleneck in
robotics due to high degrees of freedom and complex dy-
namics. While learning-based methods are promising, their
dependence on massive interaction data demands simulation
platforms that offer both high physical fidelity and extreme
computational throughput.

Existing GPU simulators often struggle to balance these
needs due to architectural constraints in solver parallelism and
memory access. We present FLASH, a GPU-native frame-
work that unifies simulation, rendering, and learning. By co-
optimizing these components, FLASH enables simulation-only
training of robust, deployable policies. Our key contributions
include:

o High-Performance Solver: A custom non-smooth New-
ton solver achieving real-time (30fps) simulation of 3M+
DoF scenes, a 100-300x speedup over traditional meth-
ods.

« Efficiency: A tightly coupled rendering and simulation
pipeline that minimizes data latency for high-throughput
vision-based learning.

o Sim-to-Real: Zero-shot transfer to real robots (e.g.,
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TABLE I: Comparison of Robotics Simulation Platforms

Platform ‘ Deformable ‘ Dynamic Solver ‘ Contact Model ‘ Multi-Envs Training ‘ GPU ‘ Torch Support Realistic Render
Isaac Sim[19] v XPBD, FEM Compliant v v v v
Newton[24] v XPBD, VBD Compliant v v X X

Physx[[18] v XPBD, FEM Compliant X v X X

Genesis|[1]] v PBD, MPM Compliant v v v X

SOFA[34] v FEM LCP-PGS X v X X
Pinocchio[6] X / NCP (rigid) X X X X
Mujoco[31] X / CCP (rigid) v v v X
Flash (Ours) v FEM NCP v v v v

LCP/CCP/NCP: Linear/Cone/Nonlinear Complementarity Problem; PGS: Projected Gauss-Seidel method.

FLASH

AdamU) enabled by high-fidelity contact modeling and
systematic domain randomization.

 Versatility: A unified framework supporting diverse ma-
terials including cloth, foam, and volumetric objects.

II. RELATED WORKS

A. Deformable Objects Simulation

Simulators for deformable objects generally balance accu-
racy and speed. High-fidelity frameworks like SOFA [34] excel
in medical modeling but lack the throughput for robot learning.
Conversely, speed-oriented engines such as MuJoCo [31]]
initially prioritized rigid bodies. Recent GPU-accelerated plat-
forms, including Isaac Sim [19] (PBD), Genesis [1] (MP-
M/PBD), and Newton [24] (PD/VBD [7]), have scaled soft-
body simulation. However, these methods—ranging from
high-accuracy FEM [29] to efficient PBD/XPBD [23| [17]
and Local-Global PD [36]—still struggle to maintain physical
stability under the massive parallelism required for contact-
rich manipulation. FLASH addresses this by introducing a
GPU-native non-smooth Newton solver.

B. Sim-to-Real Learning of Deformable Manipulation

Sim-to-real transfer mitigates the high cost of real-world
data collection [5, 25} 137]]. Early works utilized domain ran-
domization [21} [10] or algorithmic supervision [28] to bridge
the reality gap. To manage complexity, many approaches
rely on motion primitives [35, [13, 3} 132 [16], dense flow
prediction [33]], generative dynamics [30], or language-guided
planning [8| 2], often requiring expert demonstrations [27]].

Despite these advances, gaps in dynamics and perception
persist [26l [14]. Current solutions involve complex real-to-
sim tuning [20], iterative residual learning [9]], or abstracting
perception via keypoints [[15}12] and neural fields [L1]. Unlike
these methods, FLASH provides high-throughput, contact-rich
simulation that enables zero-shot transfer of policies trained
entirely on diverse, synthetic interactions, enhancing real-
world robustness without task-specific tuning.

III. PRELIMINARY: DYNAMICS MODELING
FLASH builds upon a GPU-optimized local-global

pipeline [36]. Given states at time ¢, implicit Euler integration
computes updated positions q at ¢ 4+ h by solving:
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Fig. 2: An illustration of the FLASH System.

where M is the mass matrix, q is the inertial state, and 1);
represents the elastic energy.

Following the Projective Dynamics (PD) framework [4],
internal elastic forces are evaluated via auxiliary projections
Pi, linearizing the system into Aq = b, where A =
M + A2 ZZ wiGiT G;. To account for contact interactions,
we augment the dynamics with Signorini-Coulomb laws
&(q,A) = 0, leading to a non-smooth Newton system solved
via each iteration:
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Here, J is the contact Jacobian and E is the constraint
compliance. The system is efficiently solved using the Schur
complement Z = JA~'JT + E.

IV. FLASH SYSTEM

FLASH is a unified framework designed for contact-
rich deformable manipulation. By co-optimizing a GPU-native
physics solver with a vision-based learning pipeline, it enables
rapid policy acquisition and zero-shot sim-to-real transfer.

A. High-Performance Simulation Core

The computational bottleneck in contact-rich simulation is
the resolution of the Schur complement Z = JA='JT + E,
which becomes fully dense when many constraints are active.

Lightweight Contact Solver: To maintain scalability, we
adopt an inertia-dominated approximation:

Z~IJM 'JT +E. (3)

This relaxation preserves the sparsity of the system while
retaining numerical robustness through the implicit treatment



of elastic forces. This design allows the contact response to
be governed by local geometry and inertia, which is ideal for
soft materials like cloth or foam.

Multi-Env Parallelization: We exploit hardware paral-
lelism by assembling multiple environments into a block-
diagonal system A = diag(Ay,...,A,). Since Eq. ()
eliminates dense coupling, all stages—including collision de-
tection and Schur-complement solves—are executed as high-
throughput sparse primitives using NVIDIA cuSPARSE and
cuBLAS. This system-level parallelism achieves a 100x—
300x speedup over real-time for scenes exceeding 3M DoF.

B. Policy Learning and Sim-to-Real

FLASH bridges the gap between synthetic data and physi-
cal deployment through a high-throughput distillation pipeline.

Learning Framework: We adopt a teacher-student distilla-
tion framework [22]. A state-based teacher policy, guided by
heuristic primitives, supervises a student policy trained on a
stacked history of proprioceptive and visual observations. To
ensure robustness, we apply extensive domain randomization
to both physical properties and visual depth streams.

Deployment: For zero-shot transfer, we employ a
segmented-depth-to-EE-pose formulation. Perception is han-
dled by segmenting target objects from raw depth via YOLOvS8
and SAM, while the policy outputs end-effector (EEF) position
deltas. This formulation decouples the manipulation strategy
from specific robot kinematics, enabling robust deployment
across hardware platforms via numerical Inverse Kinematics
(IK).

V. SIMULATOR & LEARNING RESULTS

We evaluate FLASH’s performance on a dual-sleeve T-shirt
folding task against representative GPU simulators: Genesis
(PBD), Isaac Sim (FEM), and Newton (VBD) on a single RTX
4090.

A. Cross-Simulator Comparison & Ablation

As shown in Fig. B(a), FLASH most closely aligns with
real-world folding behavior, achieving stable frictional sticking
and symmetric folds without the numerical instabilities or
excessive stiffness observed in baselines. Ablation studies
(Fig. B(b)) confirm that FLASH’s parameters possess clear
physical semantics: varying speed and bending stiffness pro-
duces predictable inertial and elastic responses. Even at ultra-
low solver iterations (2 iterations), FLASH maintains numer-
ical stability, showcasing its robustness for scalable robotics
applications.

B. Throughput and Policy Acquisition

Throughput benchmarks (Table demonstrate FLASH’s
superior parallel scalability. While Isaac Sim is efficient, its
physical artifacts (Fig. [B) limit its utility for generating high-
fidelity training data. FLASH provides the optimal balance
between physical realism and computational speed.

Using this high-throughput pipeline, we trained five diverse
manipulation tasks (Fig. [d). On a single RTX 5090, obtaining

Ours Genesis (PBD) Issac Sim (FEM) Newton (VBD)

(a) Comparison with Real World and Baselines.
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(b) Simulation Parameter Ablation.

Fig. 3: Folding Comparison & Ablation. (a) FLASH aligns
best with real-world results. (b) Predictable physical response
under parameter variations.

deployable policies requires only 50 to 600 minutes of total
wall-clock time. This efficiency enables rapid iteration from
simulation to the real-world experiments discussed in Sec. [VI]

TABLE II: Throughput Comparison (ms/step).

Simulator #1 #32 #128 #256
FLASH (Ours) 5.68 2479 9041 185.10
Isaac Sim 18.02 19.88 29.04 47.81
Newton 9.57 2447 143776 480.64

VI. REAL-ROBOT EXPERIMENTS

Experimental Setup. We evaluate FLASH on two plat-
forms: Airbot Play (dual desktop arms) and AdamU (hu-
manoid). Both utilize a ZED Mini for depth perception.
Policies predict incremental end-effector poses, executed via
manufacturer SDKs or numerical IK.

A. Towel Folding: Efficiency and Robustness

Training on a single RTX 5090 yields a deployable policy
in just 50 minutes. Despite the rapid training, the closed-loop
policy exhibits:

« Robust Initialization: Tolerates -8 cm spatial translation

and arbitrary rotations.

« Reactive Recovery: As shown in Fig.[3] the system nat-
urally re-attempts missed grasps and adapts to dynamic
human interference (e.g., pulling the towel away) without
resets.

Continuous Evaluation: We conducted 106 back-to-back
trials on AdamU. The system achieved an 85.8% success rate
(91/106), maintaining stable inference and convergence despite
accumulated fabric deformations over one hour of operation.
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Fig. 4: Learned policies. Diverse folding tasks trained via FLASH in simulation.

Fig. 5: Recovery Behaviors. FLASH adapts to human-induced
displacements and perturbations in real-time.

B. Complex Garment Generalization

We extend FLASH to garments with diverse topologies
(Fig. [6).

o Shorts Folding: Effectively handles dual-leg geometry
with a 60% success rate (12/20).

o T-shirt Folding: A long-horizon task requiring multi-step
sequences. The policy preserves trajectory coherence,
achieving a 70% success rate (35/50) with zero-shot
transfer.

C. Failure Analysis

Despite the robust sim-to-real transfer, we identified two

primary failure modes:

o Perception Bottleneck: Depth sensor noise on thin
fabrics and self-occlusions occasionally lead to grasp
misalignment. This accounts for the majority of failures
and the observed geometric imprecision in final folded
states.

o Hardware Abstraction Gap: Our unified binary grasp
model neglects motor-level dynamics (e.g., latency and
backlash) and lacks tactile feedback. These factors in-
troduce minor tracking deviations that can accumulate
during long-horizon tasks.

VII. CONCLUSION AND DISCUSSION

In this paper, we presented FLASH, a GPU-native simula-
tion platform for deformable simulation, rendering, and learn-

Fig. 6: Real-World Results. (Left) Bimanual folding of
shorts and T-shirts. (Right) Snapshots from 60-min continuous
evaluation.

ing. By coupling GPU-parallel simulation with efficient depth
rendering and a scalable training pipeline, FLASH supports
high-throughput data generation for deformable manipulation
learning. Through a suite of garment manipulation tasks, we
demonstrate that FLASH reduces the sim-to-real gap and
enables simulation-only training across multiple contact-rich
scenarios. Notably, our vision-based policies can be trained
in minutes and transferred zero-shot to real hardware, ex-
hibiting robust execution and recovery behaviors. Our results
strengthen the case for using large-scale synthetic interaction
data to train deformable manipulation policies, substantially
reducing reliance on costly real-world data collection. How-
ever, limitations remain. Our current implementation still
incurs CPU-GPU transfer overhead in parts of the pipeline,
leaving room for further optimization. In addition, handling
more complex and longer-horizon garment manipulation will
likely require improved learning formulations and supervision
signals, including more effective reward or feedback design.
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