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Abstract: Simulator-in-the-loop optimization offers a promising inference-time
mechanism for robot manipulation. It uses a physical simulator as a backend
rollout engine to evaluate candidate trajectories in parallel and refine nominal
actions online, a paradigm proven effective in rigid-body manipulation where
state and contact are relatively tractable. We bring this paradigm to real-world
cloth manipulation from a single RGB input through three pillars. (i) We design
a scalable synthetic-data generation and inference-time rollout pipeline built on
FLASH, a deformable-object simulator that provides a practical balance among
physical fidelity, numerical stability, and rollout efficiency. (ii) We develop a real-
to-sim module, trained purely on synthetic data, that maps a single RGB obser-
vation to simulation-compatible cloth state by fusing pretrained visual features
with learnable canonical tokens. (iii) We perform online planning by coupling
a sparse-mesh rollout backend with prior-guided MPPI, anchored at an offline-
distilled policy trajectory, preserving manipulation-relevant deformation and con-
tact while enabling sufficient parallel rollout batches. Real-robot experiments
show higher success rates and stronger robustness than baseline methods. Project
page: https://silr-cloth.github.io/
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1 Introduction

Deformable-object manipulation presents fundamental challenges: infinite-dimensional configura-
tion spaces, continuously evolving local geometry, severe self-occlusion, and pervasive frictional
contact. These factors substantially complicate both state estimation and action reasoning, making
reliable cloth manipulation considerably more challenging [1, 2, 3, 4].

Imitation learning has become a dominant paradigm for deformable-object manipulation, bypassing
explicit dynamics modeling by fitting policies to the distribution of expert demonstrations and robot
interaction data [5, 6, 7, 8]. Recent robot foundation models [9, 10, 11, 12, 13] further scale this
idea and show promising task-level generalization [14, 15]. However, at the deployment stage, these
policies have limited ability to correct their own execution errors. Small deviations in perception,
grasp selection, timing, or action prediction can accumulate through contact-rich cloth dynamics and
drive the system away from the intended task state. Reliable cloth manipulation, therefore, requires
an inference-time mechanism that refines policy proposals and recovers from accumulated errors.

High-fidelity deformable-object simulators offer a promising foundation for physically grounded
inference-time reasoning in cloth manipulation. Recent work has explored this direction by us-
ing simulators to generate data for diffusion-based neural dynamics models, paired with full-state
reconstruction from partially observed point clouds [16]. We argue instead that the physical simu-
lator itself is the most natural forward dynamics model [17]: direct simulator rollout avoids task- or


https://silr-cloth.github.io/

asset-specific dynamics training, removes the additional approximation error of learned predictors,
and can serve as a general physical reasoning engine across deformable assets.

This raises the central question of this work: Can we directly use deformable-object simulators as
inference-time forward models for real-world cloth manipulation? Answering this question requires
solving the full real-to-sim-to-real loop. The simulator must be physically faithful and fast enough
for online rollout. The real cloth state must be recovered accurately enough to synchronize a simu-
lated twin. The rollout representation must balance state granularity, dynamics fidelity, and parallel
candidate diversity under a limited control budget. If any part fails, the optimized action becomes
misaligned with the physical scene or too expensive to compute online.

Contributions. We structure the investigation around three coupled system-level questions: (i)
how simulator fidelity, numerical stability, and rollout efficiency affect inference-time refinement
for cloth manipulation; (ii) how to recover simulation-compatible cloth states from practical real-
world observations; and (iii) how to refine nominal policy trajectories into robust closed-loop actions
through inference-time physics rollouts under limited online budgets.

Based on this joint study, we propose a unified simulator-in-the-loop framework for real-world
cloth manipulation shown in Fig. 1. The framework contains two coupled flows. Offline, we use
FLASH [18] to generate scalable synthetic cloth-deformation data and train an RGB-native real-
to-sim module with pretrained visual features, canonical query tokens, and random grasping-point
masking. Online, a single RGB observation is lifted into a sparse simulation-compatible cloth state,
which synchronizes a sparse cloth-mesh rollout backend. A prior-guided MPPI controller then re-
fines the nominal policy trajectory through parallel physics rollouts and applies the optimized action
in a receding-horizon loop on hardware. The proposed pipeline provides a general mechanism
for refining prior policies into robust closed-loop execution through online physics inference under
limited rollout budget. To our knowledge, this is the first framework that directly uses a deformable-
object simulator as an inference-time forward model for cloth manipulation under a real-time robot
control budget. Real-robot experiments show that replacing or weakening any single component de-
grades closed-loop performance, and that the full system achieves higher success rates and stronger
robustness, with further evaluations demonstrating generalization potential across deformable assets
of different shapes and local deformation patterns.

2 Related Works

We use simulator-in-the-loop control to refer to methods that refine policy execution with an
inference-time forward model. Given an estimated state and candidate actions, the model predicts
short-horizon physical consequences for online optimization, and the selected action is applied in a
receding-horizon manner. We review prior work along three axes central to this paradigm.

State Estimation. State estimation for rigid objects is commonly formulated as 6D pose tracking
from RGB or RGB-D observations [19, 20, 21]. Cloth manipulation requires a different represen-
tation: the object state is high-dimensional, continuously deforming, and often self-occluded. Prior
work reconstructs garment or cloth geometry from partial observations, including canonical garment
completion from point clouds [22], mesh reconstruction with occlusion reasoning [23], diffusion-
based mesh prediction from multi-view partial point clouds [16], and RGB-based refinement through
3D Gaussian splatting [24]. Other methods avoid explicit full-state reconstruction by feeding point
clouds [25] or 3D keypoints [26] directly to the policy. Depth and point-cloud inputs are common,
but thin fabric remains difficult for depth sensing, and geometry-only observations discard texture
cues. Recent benchmarks also show persistent sim-to-real gaps for cloth perception [4, 27].

Forward Model. A simulator-in-the-loop controller requires a forward model that predicts how
cloth responds to candidate actions with sufficient physical fidelity and rollout speed. One direction
is to use physical simulators directly. GPU-parallel engines such as Isaac Sim [28], SAPIEN [29],
Genesis [30], and FLASH [18] provide task-agnostic dynamics and support large-scale rollout, syn-
thetic data generation, and contact-rich interaction. Another direction is to learn dynamics from
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Figure 1: Overview of the proposed framework. Offline, we use FLASH to generate synthetic
data for real-to-sim training. Online, RGB observations initialize physics rollouts that refine the
prior policy through MPPI for closed-loop hardware execution.

simulated or real interaction data. For deformable objects, graph-based models such as MeshGraph-
Nets [31], DPI-Net [32], VCD-Cloth [33], AdaptiGraph [34], and GraphGarment [35] model mesh,
particle, or graph-structured dynamics, while UniClothDiff [16] learns diffusion-based cloth dy-
namics from synthetic rollouts. These learned models reduce per-rollout cost but remain tied to
their training distribution and source simulator.

Rollout-based Action Optimization. Sampling-based optimization is well suited to contact-rich
manipulation because it does not require differentiating through non-smooth dynamics [36, 37, 38].
CEM [39] and MPPI [40, 41] optimize action sequences by evaluating sampled rollouts, and re-
cent variants improve sampling through learned values, covariance adaptation, biased proposals, or
diffusion-style annealing [42, 43, 44, 45, 46, 47]. However, most applications focus on rigid-body
systems with relatively compact state spaces. In cloth manipulation, high-dimensional deformation
and nonconvex geometric objectives make unguided sampling inefficient, often limiting prior work
to open-loop primitives or heavily randomized policies [48, 49, 50].

3 Method

In this section, we detail the implementation of the proposed framework illustrated in Fig. 1. We be-
gin with the closed-loop execution formulation and notation, then describe the simulator backbone,
real-to-sim reconstruction module, and prior-guided MPPI controller.

3.1 System Overview

At each control step ¢, the robot receives a single RGB observation I; of the scene. The real-to-sim
module reconstructs a simulation-compatible cloth state

St = fo(lr), ey
which is used to synchronize the simulator. Given a nominal action sequence U; from an offline pol-
icy, the controller samples candidate sequences, evaluates them through parallel rollouts in FLASH,
and executes the first action of the refined sequence:

a; = MPPI (3,0, F,c), ()

where F is the simulator rollout operator and c the task cost. The executed action yields a new
observation I, and the process repeats as a receding-horizon real-to-sim-to-real loop.



3.2 Simulator Backbone

In this loop, the simulator plays a dual role: it provides synthetic supervision and defines the
simulation-compatible state space for real-to-sim training, and it serves as the inference-time rollout
engine for MPPL. Its physical fidelity, numerical stability, and rollout efficiency therefore directly
determine the performance of the entire real-to-sim-to-real pipeline.

We compare several deformable simulators in Section 4.1 and build the framework on FLASH [18].
FLASH represents cloth as a triangular mesh, where vertices are the simulated degrees of freedom
and mesh connectivity encodes local deformation and surface geometry. For contact-rich cloth dy-
namics, FLASH resolves frictional contact through non-smooth Newton iterations on Signorini—
Coulomb conditions, preserving stick—slip behavior under large deformation. Its local-global in-
tegrator and contact formulation reduce the dominant computation to GPU-friendly sparse matrix
operations, enabling stable repeated rollouts for online control [51].

Let z; = (g, ¢:) denote the simulator state, where ¢; and ¢; are the mesh vertex positions and
velocities. Given a robot action a; applied through the end-effector or selected grasping points,
FLASH advances the dynamics as

Ty = F(xt, at), (3)
where F denotes one simulation step under manipulation, gravity, contact, and friction. During
online control, this update is rolled out in parallel over candidate action sequences and passed to
MPPI for action refinement.

3.3 RGB-native Real-to-Sim Reconstruction

We develop the state estimator fy in Equation (1) to recover a simulator-compatible cloth state 3;
from a single RGB image. The estimator predicts the deformed positions of N material vertices on
the garment asset at each time step ¢:

8 =1{Pri}ll,,  Pri€R® (4)

where each vertex corresponds to a fixed material point on the rest-shape mesh constructed offline.

Simulator asset construction. For each garment, we reconstruct a fixed-topology rest-shape mesh
offline from ZED 2i RGB-D frames. Given a target mesh granularity, we segment the garment with
SAM 2 [52], back-project the masked depth region into a point cloud, triangulate it via ball piv-
oting [53], and regularize the surface through isotropic remeshing with boundary-locked smooth-
ing [54, 55]. This yields a triangular mesh whose material vertices are shared by real-to-sim recon-
struction and rollout.

Synthetic supervision. Given the reconstructed asset, we train fy purely on synthetic data gener-
ated in FLASH. We simulate manipulation episodes with randomized cloth poses, configurations,
and deformation patterns. Every frame is rendered from camera poses matched to the calibrated real
setup and paired with the ground-truth vertex positions, giving M image—state pairs:

Dopn = {([<m>7 {pz<m>}§1) }M . )
= m=1

Network architecture. Given the RGB observation I;, a frozen DINOv2 encoder [56] extracts a
set of dense patch features, which a learnable linear layer P projects to the model dimension d:

Vi = P(®pmvo(l)), Vi € RMvxd, (6)

where ®pino denotes the frozen encoder and M, is the number of patch tokens. In parallel, we
maintain N learnable canonical tokens C' = {ci}f\él e RV*d one per mesh vertex, optimized
during training to encode the persistent identity and canonical location of each material point.

The N learnable canonical tokens and M, visual tokens are concatenated and processed jointly
by self-attention layers. Each canonical token aggregates visual evidence from the image while



exchanging structural context with others. We take the output slice corresponding to the /N canonical
tokens:

Zy = SelfAttn ([C'; Vi ).y » Z, € RN, %)

where [ -; -] denotes token concatenation and (+);. extracts the canonical-token outputs. A shared
decoder Dy maps each token feature to its deformed 3D position:

Pti = Do(Z1 ), i=1,...,N. 8)

Training objective. We supervise fy against the simulator ground truth with a smooth-L; loss:

N
1 R
Er?s = N Zl gsmooth—L1 (pi7 p:) . (9)
We optimize only the projection layer P, the learnable canonical tokens C, the attention layers, and
the decoder Dy, while keeping DINOvV2 frozen.

Robust augmentation. To improve robustness to sim-to-real visual shift, we inject perturbations
at two levels during training. At the input level, we apply image-space randomization to the rendered
RGB. At the latent level, we add noise and masking to the visual tokens, including random grasping-
point masking around sampled contact regions, so the model learns to infer the cloth state from
incomplete and corrupted visual evidence. Details of dataset configuration, network architecture,
and augmentation parameters are provided in Appendix A.1.

3.4 Prior-Guided MPPI Refinement

We assume access to a base policy that maps the current cloth state to robot actions. At deployment,
the base policy produces a nominal action sequence U; over horizon H. Rather than being executed
directly, this sequence serves as a task-level prior and is refined online through simulator rollouts.

Prior-guided online refinement. Given the synchronized cloth state 5;, we sample K candidate
action sequences around the nominal proposal:

UM =0, +e®, B oN@O,%), k=1,..,K, (10)

where X controls the local exploration scale. Each candidate is evaluated by rolling it out in the
simulator backend:

" = For (50,U07) an

and assigned a task cost S (Tt(k)) based on the folding objective and regularization terms such as
workspace limits, table penetration, and action smoothness.

MPPI converts the rollout costs into normalized weights:

exp(=S(r")/\)

wy = : , (12)
S exp(=S(r)/A)
where A is the temperature. The refined action sequence is computed as
K
U = wiUM. (13)
k=1

Receding-horizon execution. The optimized sequence is applied in a receding-horizon manner:
the robot executes a} = U}[0], receives a new RGB observation, and repeats the real-to-sim-to-real
loop. In this way, the base policy is continuously corrected by online physics inference, allowing
the system to recover from local execution errors and cloth-state deviations.



4 Experiments

We organize the evaluation around the design questions in Section 1, validating the necessity of each
component and demonstrating the effectiveness of the developed simulator-in-the-loop framework
on real-world cloth manipulation tasks.

4.1 Simulator Backbone

Baselines. We compare Taple 1: Simulator backbone evaluation under the same cloth ma-
representative deformable- nipulation task and MPPI controller.
object simulators, including

GENESIS  [30], NEw-  Simulator K _Timey ~ KPem| MSEJ SR 1
TON [57], ISAAC SIM [28], Step  MPPI (cm) (cm®)
and FLASH [18], using the 64 41.0 085 840+8.72 56.8+73.1 40%

ame o manion ooy 13 1L WE IS it o

. . . . . . (o}
task as a controlled probe. 512 2328 480 13.02+13.06 92.3+105.3 35%
The cloth asset, task cost,

rollout  horizon.  MPPI 64 117 026 9.78+10.74 60.5=1044 55%
’ 128 222 050 10.88+11.13 67.4+108.0 45%
256 411 092 7.09£5.60 324+47.6 55%

controller, and compute ISAAC SIM

environment are identical. 512 807 179 5.84+4.73 24.6+328 60%

. 64 194 040 1.61+1.18 3.7+43 100%
Metrics. We  evaluate FLASH 128 360 075 1544088 31+1.9 100%
each simulator in the same 256 689 142 1954+1.82 55+11.0 95%
MPPI loop under different 512 137.3 284 208+1.93 39+32 95%

numbers of parallel envi-

ronments. For rollout efficiency, we report the wall-clock time per deformable dynamics step (ms)
and per MPPI rollout batch (s). For control quality, we report the task-keypoint alignment error (KP
err), which is the planner’s geometric objective, and define success by whether this error falls below
a task-specific threshold. To assess physically implausible final states beyond keypoint alignment,
we also report mean per-vertex MSE, Chamfer Distance (CD), and Earth Mover’s Distance (EMD)
against the target cloth state.

Results. Quantitative results are summarized in Table 1 and Fig. B.1. Across all parallel-
environment counts, FLASH achieves the best overall trade-off among control accuracy, compu-
tation time, and final-state fidelity. Isaac Sim is marginally faster per step (1.5-1.9x), but FLASH
attains 95-100% success across all K while Isaac Sim and Newton stay below 60%, with per-vertex
MSE and EMD roughly an order of magnitude lower. Newton further shows occasional numerical
instabilities, reflected in its large standard deviations, and Genesis is omitted as it fails to produce a
stable fold across all K and seeds. Implementation details are provided in Appendix B. 1.

4.2 State Estimation

Baselines. We evaluate on two cloth assets, a towel and a long-sleeve shirt. Baselines include a
point-cloud DPM state estimator from UniClothDiff [16] with 50 denoising steps, and a depth-based
variant using DeFM [58] in place of our RGB encoder.

Metrics. We report mean per-vertex MSE, CD, and EMD against the simulator ground truth, fol-
lowing [16]. Single-frame inference latency is also recorded for inference efficiency.

Results. Table 2 summarizes the quantitative comparison. Our RGB-native module achieves the
lowest reconstruction error on both assets across all three metrics while maintaining the fastest
inference, showing stronger material-point correspondence and better preservation of the overall
cloth shape. The per-vertex MSE is 24.23 mm? on the long-sleeve shirt and 2.33 mm? on the
towel (about 4.9 vs. 1.5 mm in RMS), while the CD and EMD remain within a few millimeters



Table 2: State-estimation comparison. Per-vertex MSE, CD, EMD, and single-frame inference
latency on the validation split.

Asset Real-to-Sim MSE (mm?) | CD (mm) | EMD (mm) | Lat. (ms) |
Ours 233+1.21 1.94+041 1.98+0.45 74+0.6
Towel DPM 717 +£2.22 3.89 £0.67 4.01+£0.72 3185£3.7
DeFM 43.36 £ 34.66 5.51 +£0.99 6.53 £ 1.52 12.6 £ 0.5
Long-sleeve Ours 2423 +1149 3.65+078 467+124 124+04
Sgh'rt DPM 45.74 +14.19 5.93 £0.27 8.21+£0.65 512.9£6.0
! DeFM 43.52 +£22.02 4.05 £0.38 5.93+£0.91 18.0 £ 0.6
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Figure 2: Real-world real-to-sim reconstruction. Panel (a) towel and (b) long-sleeve top, each
comparing our RGB-native estimation with DPM at different folding stages. From top to bottom,
the real observation, predicted vertices overlaid on the image, and the reconstructed cloth.

and the lowest among all methods. Fig. 2 further visualizes real-world deployment examples. Poor
vertex accuracy or weak shape preservation can produce abnormal real-to-sim assets, whereas our
method maintains both material-point consistency and global cloth shape, enabling faithful simulator
initialization for rollout. Baseline details are provided in Appendix B.2.

4.3 Real-World Evaluation

Tasks. We construct end-to-end pipelines with different module choices and evaluate them on two
real-world tasks: single-arm diagonal folding and dual-arm symmetric folding. For each trial, we
randomize the initial towel pose and run the method on the same robot platform.

Baselines. We evaluate variants by replacing the state estimator, simulator backbone, or controller
in the full pipeline. Specifically, we compare the RGB-native module with DPM [16], the FLASH
backend with Isaac Sim [28], and prior-guided MPPI refinement with direct base-policy execution.
A trial is successful if every target corner pair is aligned within 2 cm in the final cloth state.

Results.  The full pipeline achieves Table 3: Real-world pipeline-variant evaluation. Each
the highest success rate on both tasks, row replaces one component of the full pipeline (first row).

demonstrating a substantial closed-

. . Task Real-to-Sim  Backend Controller  Real SR (1)

loop improvement over direct base-

policy execution. The drop. in perfor- Single-arm (D);KZ (RGB) IE{JQSSII_}I MII: PI”II gﬁg
mance from replacing any single com- ;000001 Ours (RGB)  Isaac Sim MPPI 5/10
ponent further shows that state syn- Ours (RGB) FLASH  Base-policy 3/10
chronization, simulator fidelity, and Ours (RGB) FLASH MPPI 8/10
online refinement are tightly coupled, puaicarm  DPM FLASH MPPI 3/10
and that weakening any part degrades  symmetric Ours (RGB) Isaac Sim MPPI 4/10
the entire real-to-sim-to-real loop. All Ours (RGB) FLASH  Base-policy 1/10

variants use the same robot platform,
camera setup, action primitive, task cost, and stopping criterion. Detailed configurations and addi-
tional trial visualizations are provided in Appendix B.3.
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4.4 Generalization and Robustness

Tasks. We further evaluate the framework on Taple 4: Generalization and robustness eval-
four additional real-world settings: long-sleeve wuation.
shirt folding, shorts folding, reverse-diagonal towel

. . . Task Real SR
folding, and mid-fold disturbance recovery. These
settings test generalization across garment assets Iéﬁngt—sleeve gﬁg
. . orts
and folding variants, as well as robustness to exter- Towel, reverse diag. 8/10

nal perturbations. All tasks follow the same evalu- Towel, mid-fold disturb.  8/10
ation protocol as the towel experiments, with task-
specific geometric success criteria. Full task configurations are provided in Appendix B.4.

Results. Table 4 reports the success rate over ten trials for each task, and Fig. 3 shows one repre-
sentative execution sequence per setting. The framework remains reliable across new garment assets,
folding variants, and mid-fold disturbances without additional dynamics retraining, demonstrating
robustness to task and asset variations as well as recovery from execution perturbations.

5 Conclusion

We presented a simulator-in-the-loop framework that brings inference-time physics refinement to
real-world cloth manipulation from a single RGB observation, coupling the FLASH deformable
simulator, an RGB-native real-to-sim module, and a prior-guided MPPI controller into one closed-
loop real-to-sim-to-real pipeline. Real-robot experiments show that the framework attains higher
success rates and stronger robustness than baselines, and remains robust across broad tasks.

6 Limitations and Future Work

Two open problems remain. First, although our system strikes a good balance between rollout
efficiency and physical fidelity, solving deformable dynamics is far less parallelizable than the rigid-
body case, so rollouts easily saturate the single-GPU budget, and the achievable batch size, which
upper-bounds the closed-loop control rate, remains tied to the simulation backend. Future work will
scale inference across multiple GPUs via distributed rollout and further backend optimization. Sec-
ond, generalization to novel garments is still limited by two per-asset stages: the offline cloth-mesh
reconstruction and the real-to-sim module, which is currently trained per garment. We see a promis-
ing direction in image-conditioned mesh foundation models that produce a simulator-compatible
asset from a single observation, paired with a category-level real-to-sim module that removes the
per-garment training step.
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Appendix
A Implementation Details

This section provides the full implementation details of the two modules introduced in the main
paper. We describe the RGB-native real-to-sim reconstruction module in §A.1 and the prior-guided
MPPI controller, including its cost terms and hyperparameters, in §A.2.

A.1 RGB-native Real-to-Sim Reconstruction

The real-to-sim module maps a single RGB frame to the deformed 3D positions of a fixed set of N
cloth mesh vertices, the same vertex set the planner rolls out. The model has four trainable com-
ponents on top of a frozen visual backbone: a linear projection P, a bank of N learnable canonical
tokens, a self-attention fusion backbone, and a per-vertex MLP decoder.

Input. The input is a single RGB frame center-cropped and resized to 392 x 392 and normalized
with the standard ImageNet statistics. The same crop and normalization are applied identically at
training and test time.

Visual Encoder. The encoder is a frozen pretrained DINOv2-small [56] ViT-S/14, with patch size
14. The 392 x 392 input yields M,, = (392/14)? = 784 dense patch tokens at the backbone hidden
dimension d,;; = 384. A learnable linear projection P : R34 — R maps each patch token to the
model dimension d = 256.

Canonical Tokens. We maintain N learnable canonical tokens C' = {¢;}¥; € RV*4 one per mesh

vertex (N = 464 for the towel, N = 1156 for the pants, and N = 1379 for the long-sleeve top).
Each ¢; is initialized from a deterministic Gaussian random Fourier-feature map of its rest-shape
coordinate x}** € R3:

” = [ sin(27 xI®'B); cos(2r xi'B) ] € RY, B e R¥>*¥2 By ~ N(0,0%), (14)

with op = 4.0 and a fixed random seed. The matrix B is sampled once and frozen, while C' is
optimized as a free parameter table during training.

Fusion Backbone. The N canonical tokens are concatenated with the M, projected visual tokens
into a sequence of length N+ M, and processed by a stack of L. = 4 standard pre-norm self-attention
blocks (multi-head self-attention + feed-forward) operating at d = 256 with h = 8 heads and
dropout 0.1. The output slice corresponding to the first N positions is taken as the fused canonical
features Z € R™V*4, Structural context and visual evidence are exchanged jointly by self-attention.

Decoder. A shared per-vertex MLP decoder maps each Z; to its predicted 3D position. It applies a
LayerNorm followed by two hidden Linear—GELU blocks of width 512 and a final Linear projec-
tion to R3:

Pi = Wouws GELU(W, GELU(W1 LN(Z;))), (15)

where Wy € R256X512 1), € R512X512 and W, € R512%3,

Loss. We supervise the model against the simulator ground-truth vertex positions with a smooth-71
loss (Huber threshold 5 = 1.0), reduced as the mean over the NV vertices and the batch.

Training Data. Paired RGB—mesh examples are generated in FLASH by replaying scripted goal-
guided demonstration trajectories and rendering each frame from the camera pose that matches our
real-world setup. For every frame we record the ground-truth deformed 3D positions of all /V cloth-
mesh vertices. The dataset is partitioned 90%/10% between training and validation at the episode
level so that no frame leaks across the split.

Augmentation. Two-level perturbations are applied at training time to bridge the sim-to-real visual
gap: photometric, geometric, and lighting randomization on the RGB input, plus token-level mask-
ing that propagates a grasp-point pixel occlusion into the overlapping DINOv2 patch tokens. The
full parameter ranges are tabulated in Tab. A.1.
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Table A.1: Training-time augmentation for the RGB module. Every randomized operation ap-
plied during training, with its application probability and parameter range. Color jitter and Gaussian
blur run on every frame with parameters sampled from the listed ranges. The grasp-point token mask
is propagated only when the grasp-point pixel occlusion is applied, so its probability is conditional
on that event.

Operation Level Prob. Range/ strength

Color jitter Image 1.0 brightness, contrast, saturation £0.4, hue £0.1
Random grayscale Image 0.2 convert RGB to single channel

Gaussian blur Image 1.0  kernel 5, 0 € [0.1,2.0]

Directional lighting Image 0.6  gradient depth o € [0.15,0.40]

Random erasing Image 0.3 erased area fraction € [0.02, 0.15]

Grasp-point occlusion ~ Image 0.7  half-side € [25, 55] px, aspect € [0.7, 1.5], corner jitter
+12 px, center jitter £10 px, fill brightness € [0, 0.05]

Grasp-point token mask Token 0.8 DINOV?2 patches with > 30% area overlap flagged in-
valid for fusion

Optimizer and Schedule. The trainable parameters are { P, C, self-attn, decoder}; the DINOv2
backbone is frozen. We use AdamW with learning rate 3 x 10—, weight decay 10~*, and gradient-
norm clipping at 1.0. The learning rate follows a cosine schedule with a 3-epoch linear warmup
and a minimum-LR ratio of 1072, Training runs for 50 epochs with a batch size of 32 on a single
NVIDIA RTX 4090.

Deployment. At test time, each RGB frame is center-cropped to 392 x 392 and passed through the
network to obtain the predicted 3D positions of all N vertices. The predictions are transformed
from camera frame to world frame and broadcast into all K parallel simulation environments. The
end-effector pose and gripper state are read from the robot proprioception stack and synchronized
in the same step.

A.2 Prior-Guided MPPI Control

Prior-Informed Sampling. At each planning step, the cloth state is synchronized from the real-
to-sim module (§A.1) into all K parallel simulation environments. Our default MPPI configuration
uses K = 256 parallel sampled trajectories, a planning horizon of H = 5 steps, a per-dimension
noise standard deviation of ¢ = 5x 10~ m, and a softmax temperature of A = 0.08. The proposal
noise is temporally independent Gaussian, egk) ~ N(0,02T), and the K rollouts are dispatched to
K parallel simulation environments that remain resident on the GPU across planning steps. The
proposal mean is anchored at the distilled-prior nominal Uy as described in the main paper, and
refined locally by the importance-weighted update.

Cost Function Details. The stage cost combines a task-driving distance term with a small set of
safety and smoothness penalties whose mix changes across the manipulation phases. Let x.. € R?
denote the end-effector position, z its vertical coordinate, and z,p)e the table surface height. The
distance term is phase-dependent. In the reach phase it is the full 3D distance from the end-effector
to the pick corner ppick. In the fold phase it is the in-plane distance from the grasped cloth corner
Pgrasp to the fold target piarget. The remaining components penalize table penetration, workspace-
boundary violation, and action magnitude. The terminal cost ¢(x ) reuses the phase-dependent
distance evaluated at the final rolled-out state. Expressions, weights, and activations are listed in
Table A.2.

At deployment we use a table safety margin d;;,; = 5 mm, and a workspace soft-boundary margin
5bnd =2cm.
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Table A.2: MPPI stage cost components. xZ¥ denotes the in-plane end-effector position. Wnger

denotes the interior of the safe workspace after shrinking each axis by a soft margin dpnqd. 254 1S
the nominal lift height during folding.

Term Expression Weight Activation
Cdist (reach)  [[Xee — Ppick]|2 1.0 reach phase
Cdist (fOId) Hpgglasp - pfa%/rget H2 1.0 fOZd phase
Ctable max(0, Zeable + Otbl — Zee)” ‘ 50.0  all phases
Climit axis-wise squared hinge on W_2r®*  20.0  all phases
Cvel lag3 10.0  all phases
Cheight (Zee — 210)2 2.0  fold phase

B Experiment Details

This section documents the detailed configurations behind the experiments referenced in the main
paper. We describe the simulator backbone comparison in §B.1, the state-estimation dataset and
baseline configurations in §B.2, the real-world pipeline-variant evaluation in §B.3, and the general-
ization and robustness study in §B.4.

B.1 Simulator Backbone Comparison

We compare GENESIS [30], NEWTON [57], ISAAC S1M [28], and FLASH [18] on the same
single-arm diagonal-fold task under a shared vanilla MPPI controller, varying only K &
{64,128, 256,512}. Main results are in Table 1 and Fig. B.1.

Task and controller. The cloth is a 30x30 cm towel mesh of Niqwel = 464 vertices. MPPI plans an
H=6-step horizon at At,.;=40 ms with per-step EE translation clamped to 20 mm; each simulator
runs at Atg,=10 ms (i.e., 4 simulation steps per action). Trials early-stop when KP err. < 5 cm,
then settle 150 further steps to acquire the final folding behavior.

Seeds and compute. Each K uses 20 fixed seeds over a £8 cm / +30° init randomization. The
same per-seed initial pose is replayed on every simulator to ensure a fair comparison. All trials run
on a single RTX 4090.

Metrics. Step and MPPI are wall-clock per simulation step and per MPPI iteration, respectively.
KP err. is the settled horizontal distance between pick- and target-corner. MSE is the mean squared
horizontal distance between each moved-half vertex (231 on the 464-vertex mesh) and its mirror
partner in the stationary half (cm?), which measures cloth overlap after the fold, independent of the
rest target. CD and EMD (Fig. B.1) compare the settled cloth to the ideal perfect-fold triangle. SR
is the seed fraction with KP err. < 5 cm.

Simulator configurations. Table B.3 lists the cross-simulator settings. Cloth material parameters
are omitted from the table because they are not commensurable across solver types. Each cloth was
properly tuned with solver-specific values given per simulator below.

Table B.3: Simulator backbone configurations under the shared cloth asset, MPPI controller,
action clamp (20 mm/step), and cost. Per-solver iteration counts use different update rules and are
not directly comparable as a compute proxy.

GENESIS NEWTON IsAACc SiM FLASH

Dynamic solver ~ PBD VBD XPBD FEM
Solver iters 4 1 16 8
Time step At 10 ms 10 ms 10 ms 10 ms
Friction 1.0 1.0 1.0 1.0

GENESIS. GENESIS uses position-based dynamics (PBD) with 4/1/1 iterations on
stretch/bending/shear. It re-tessellates the input into ~ 1400 internal particles while keeping 464
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Figure B.1: Settled-state fold-quality distributions across simulators at four parallel environ-
ment counts. Each panel shows the 20-seed distribution of per-vertex MSE (cm?, log left axis), CD
(cm), and EMD (cm) for Newton, Isaac Sim, and FLASH under identical seeded initial cloth poses.

controllable vertices, with stretch compliance gtreteh = 1074, bending compliance apeng = 1072,
and density 1.0.

NEWTON. NEWTON uses vertex block descent (VBD) on Warp with 1 iteration per step. The
material is parameterized by triangle stretch coefficient 200, edge bending coefficient 5 x 103, and
density 10.

ISAAC SIM. ISAAC SIM uses the particle-cloth model, wrapping PhysX’s XPBD solver with 16
iterations per step. The material is parameterized by spring stretch stiffness 10* and bending stiffness
2x 1072, and per-particle mass 103,

FLASH. FLASH uses FEM with isometric bending and a Signorini—-Coulomb non-smooth Newton
contact solver, with 8 local-global iterations and 10 constraint iterations. The material is parameter-
ized by stretch stiffness 4 x 108, bending stiffness 2 x 10~2, and total mass 1.0.

GENESIS fails the fold task. GENESIS does not produce a usable fold across any K or seed since
the plane friction does not take an effect under drag for the held corner to settle on the target. Tuning
substeps, compliance, friction, and pin strategy closed only part of the gap, so we omit GENESIS
from Table 1.

Results analysis. (i) Compute. NEWTON is 2.5-3.5x slower per step than ISAAC SIM. ISAAC
S1M and FLASH both scale near-linearly in K, with ISAAC SIM a constant ~ 1.7 faster per step.
(ii) Control accuracy. NEWTON and ISAAC SIM stay at 6-13 cm KP err. with SR < 60% at every
K, while FLASH attains 1.5-2.1 cm and 95-100% SR. The gap is not closed by more rollouts.
(iii) Physical fidelity. NEWTON and ISAAC SIM sit at median MSE 30-300 cm? and EMD 5-10 cm
at every K, while FLASH is one to two orders tighter (median MSE 3—4 cm?, EMD 1.5-2.5 cm).
Furthermore, FLASH is the only candidate that provides a usable physics oracle for online MPPI
cloth folding across our K range.
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B.2 State Estimation

Cloth assets. We evaluate on two cloth assets, a towel and a long-sleeve top. The towel uses a
sparse triangle mesh of Niower = 464 vertices. The long-sleeve top uses Ngjeeve = 1379 vertex
sparse mesh. Both meshes and their vertex orderings are computed once and persisted; the same
per-asset vertex set is used by the FLASH rollout backend and as the ground-truth labels for state
estimation.

Data collection. Episodes are generated in FLASH with scripted goal-guided demonstration tra-
jectories that drive the cloth toward target fold configurations or settle it at rest. Per asset, we collect
two subsets. The fold subset samples random goal keypoints on a workspace grid so each episode
covers a different fold target. The rest-state subset drops the cloth under gravity from a randomized
initial pose and stores one frame per episode at rest.

At episode reset, the cloth is randomized by drawing the centroid offset Az ~ 1/(0.16,0.40) m and
Az ~U(—0.40,—0.20) m, and the yaw angle ~ U (—0.50,0.50) rad.

Each frame logs the RGB image, the depth map, and the ground-truth mesh-vertex positions in the
world frame, written as a . pt file per episode. The point cloud is obtained by back-projecting valid
depth pixels through the camera intrinsics. Representative samples are shown in Fig B.2.

..

Y L A O S 2

Figure B.2: Representative synthetic cloth deformation samples from the state-estimation dataset,
covering the towel and the long-sleeve top across the fold and rest-state subsets. Top, RGB views.
Bottom, depth maps.

Baseline configurations. All three methods predict the same N indexed material vertices per asset
and are trained on the dataset described above. They differ in input modality and encoder. Table B.4
summarizes the architecture and training, with per-method notes below.

B.3 Real-World Evaluation

We deploy on the AIRBOT Play robot arm in single-arm and dual-arm configurations. Visual obser-
vations come from a single ZED 2i stereo camera mounted overhead. Our pipeline uses only the left
RGB stream, and the stereo depth is used to provide the point-cloud input required by one baseline.
All policy distillation and online planning run on a single NVIDIA RTX 4090.
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Table B.4: Architecture and training configuration of the three state-estimation methods.

Ours (RGB) DeFM (depth) UniClothDiff DPM (point cloud)
Input RGB 3922 depth 3922 10,000 points
Encoder DINOV2 ViT-S/14, frozen DeFM ViT-S/14, frozen KNN-grouper + patch MLP

N canon. tokens, DDPM denoiser,

Output head AL self-attn (=256, h=8), MLP same as Ours template-cond.
Loss smooth ¢; smooth ¢; DDPM noise pred.
Optimizer (AdamW) Ir 3e—4, wd 107* Ir 3e—4, wd 10™* Ir 1073, wd 1072
Batch size 32 32 4 per GPU

50 ep., cosine, 900K steps, const.,
Schedule 3-ep. warrrf)up, EMA 0.999 same as Ours 500—steppwarmup
Gradient clip 1.0 1.0 1.0

Figure B.3: Full-rollout visualization of successful single-arm diagonal folding trials. Time pro-
gresses from left to right.

Robot Platform. We use the AIRBOT Play 6-DoF robot arm in both single-arm and dual-arm con-
figurations. Each arm is commanded through end-effector delta-position. The gripper is a parallel
gripper with a binary open and close command. In the dual-arm configuration, the two arms are
mounted symmetrically on a common tabletop base. End-effector position commands for both arms
are synchronized through a single control loop.

Camera Setup. Visual observations come from a single ZED 2i stereo camera mounted overhead
to provide a good view of the manipulation region. Only the left RGB stream is consumed by the
real-to-sim module. The camera runs at resolution 1280 x 720.

Visualizations. Additional full-rollout visualizations of successful real-world trials are provided
in Fig. B.3-Fig.B .4.

B.4 Generalization and Robustness

This section provides detailed configurations for the four generalization and robustness settings, to-
gether with additional trial visualizations. Each trial randomizes the initial garment pose by drawing
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Figure B.4: Full-rollout visualization of successful dual-arm symmetric folding trials. Time pro-
gresses from left to right.

a translation uniformly from [—5, 5] cm along the two horizontal axes and a planar rotation from
[—0.5, 0.5] rad.

Long-sleeve shirt folding. The task folds both sleeves toward the torso center and then folds the
torso along the horizontal midline. Full rollouts are visualized in Fig. B.S.

Shorts folding. The task folds the two legs toward the waistband region and then folds the shorts
into a compact final shape. Full rollouts are visualized in Fig. B.6.

Reverse-diagonal towel folding. The task folds the same square towel along the opposite diagonal
from the one used in the main single-arm experiment, without retraining. Full rollouts are visualized
in Fig. B.7.

Mid-fold disturbance recovery. The task tests whether the system can recover when the towel is
manually displaced during the folding process and continue folding from the new state. Full rollouts
are visualized in Fig. B.8.

C Real-to-Sim Augmentation Ablation

This section ablates the effect of training-time data augmentation for the RGB-native real-to-sim
module. We train the same model with and without the input- and latent-level randomization, and
evaluate reconstruction accuracy and real-world closed-loop success. Table C.5 shows that training-
time augmentation has little effect on reconstruction accuracy on the synthetic test set, but becomes
important during real-world deployment. Without augmentation, the estimator is less robust to real-
image noise, visual-domain shift, and robot-arm or gripper occlusions, leading to poorer state syn-
chronization and lower closed-loop success.
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Figure B.5: Full rollout visualization for long-sleeve shirt folding.

Table C.5: Randomization ablation. Validation reconstruction metrics and real-world success rate
over 10 trials.

Task R2S Aug MSE (mm?) CD (@mm) EMD (mm) Real SR (1)
Single-arm  on (Ours)  2.33+1.21 1.94+0.41 1.98+0.45 9/10
diagonal offt 1.85£1.93 1.72+£047 1.744+0.51 6/10
Dual-arm on (Ours)  3.59+2.08 2.4240.57 2.51£0.68 8/10
symmetric  off 3.64+£2.05 2.37+0.58 2.4240.60 5/10
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Figure B.7: Full rollout visualization for reverse-diagonal towel folding.
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Figure B.8: Full rollout visualization for mid-fold disturbance recovery.
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