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Abstract—Manipulating deformable objects like cloth is chal-
lenging due to their complex dynamics, near-infinite degrees of
freedom, and frequent self-occlusions, which complicate state
estimation and dynamics modeling. Prior work has struggled with
robust cloth state estimation, while dynamics models, primarily
based on Graph Neural Networks (GNNs), are limited by their
locality. Inspired by recent advances in generative models, we
hypothesize that these expressive models can effectively capture
intricate cloth configurations and deformation patterns from
data. Building on this insight, we propose a diffusion-based
generative approach for both perception and dynamics modeling.
Specifically, we formulate state estimation as reconstructing the
full cloth state from sparse RGB-D observations conditioned on a
canonical cloth mesh and dynamics modeling as predicting future
states given the current state and robot actions. Leveraging a
transformer-based diffusion model, our method achieves high-
fidelity state reconstruction while reducing long-horizon dynam-
ics prediction errors by an order of magnitude compared to
GNN-based approaches. Integrated with model-predictive control
(MPC), our framework successfully executes cloth folding on a
real robotic system, demonstrating the potential of generative
models for manipulation tasks with partial observability and
complex dynamics.

I. INTRODUCTION

Textile deformable objects, such as clothing, are ubiquitous
in daily life. Yet, manipulating these objects is a long-standing
challenge in robotics [20} 42], due to their complex geometric
structures and dynamics. Effective cloth manipulation requires
accurately estimating the cloth’s geometry despite severe self-
occlusions, as well as reasoning over its complex, continuous
dynamics to optimize actions. These difficulties highlight the
need for advancements in both (i) state estimation and (ii) dy-
namics modeling to enable robust robotic cloth manipulation.

State estimation for cloth is particularly challenging due
to frequent self-occlusions arising from its highly deformable
structure. While humans intuitively infer full object shapes
from partial observations using prior experience, most existing
methods are unable to fully capture the complex mapping
between highly partial observations and high-dimensional ob-
ject states [7, [15 [1]]. A promising direction is to develop
perception models that can “imagine” full states from partial
observations by leveraging extensive prior experience, akin to
human reasoning.

Modeling cloth dynamics poses another significant chal-
lenge due to its highly nonlinear nature. Current approaches
typically represent cloth using particle- or mesh-based struc-
tures and model their interactions with graph neural networks
(GNNGs)[44) 150 [18]. GNNs offer advantages in data-scarce
domains through spatial equivariance and locality, but they

scale inefficiently with the number of graph nodes[31]. More-
over, the locality inherent to graph structures often limits their
ability to capture long-range dependencies, which is crucial
for accurate dynamics modeling.

In this work, we formulate state estimation and dynamics
prediction as conditional generation processes. State estima-
tion reconstructs full states from partial observations, while
dynamics prediction generates future states conditioned on the
current state and robot actions. To model these complex high-
dimensional mappings, we employ diffusion-based models,
inspired by their recent successes in capturing complex data
distributions in computer vision [22} [19], science [32], and
robotics [8]. We hypothesize that diffusion models with scal-
able architecture (e.g., Transformer [35]]) can enable accurate
state reconstruction and dynamics modeling.

Building on these insights, we introduce UniClothDiff,
a unified framework that integrates a Diffusion Perception
Model (DPM), a Diffusion Dynamics Model (DDM), and
model-predictive control for cloth manipulation. Conceptu-
ally, DPM leverages diffusion models and Transformers to
reconstruct full cloth states from sparse and occluded RGB-
D observations, while DDM predicts long-horizon dynamics
conditioned on current states and actions. Trained on a large-
scale cloth interaction dataset with 500K transitions in sim-
ulation and evaluated in both simulation and real-world, our
models achieve substantial performance gains: DPM achieves
superior performance compared to prior approaches in cloth
state estimation, and DDM reduces long-horizon prediction
error by an order of magnitude compared to GNN-based
baselines. With an embodiment-agnostic action representation,
our framework can be deployed on both parallel grippers and
dexterous hands. Real-world experiments demonstrate superior
manipulation performance over previous approaches, high-
lighting the potential of generative modeling in deformable
object manipulation.

II. METHOD
A. Overview

We address the challenge of manipulating cloth with signif-
icant self-occlusions into target configurations. Our problem
formulation comprises three key spaces: observation space O,
state space S, and action space .A. The objective is to learn
two essential components: a state estimator g : O — S and a
transition function 7 : § x A — S for model-based control.

At each timestep, the system processes multiview RGB-D
observations o; € O, represented as o, = {I?, I},..., I\"'}
with [ camera views, to estimate the cloth’s 3D state s; € S



Fig. 1: Overview. (a) Perception:Our Diffusion Perception Model (DPM) reconstructs the full cloth state from a partial point
cloud. Using a denoising process parameterized thyDPM re nes the cloth state oveK denoising steps, starting from
random noise(b) Dynamics Prediction: Our Diffusion Dynamics Model (DDM) generates future cloth states based on the
current estimated state and robot actions, using a transformer-based architecture.

given canonical state of the template mesgh The state of In the forward process, starting from the initial statg
the cloth is dened by a mesls; = fV;;E(g, where E; gaussian noise is gHaduaIIyﬁldded at levegld 1;::;; Tgto get
represents the invariant edge connectivity and2 RNv 3 noisy étate as; = tSo + t ,where N (0;1),
denotes the positions of vertices in 3D space wiyrelenotes = ~__; 1 g, andf 3;:::; tgis the variance schedule
the number of vertices. We propose that generative modefsa process witi' steps. In the reverse process, starting from
can effectively infer unobserved patterns in partial RGB-B noisy states; sampled from the normal distribution, the
observations, enabling robust state estimation. conditional denoising network’ gradually denoising frons;
Given the estimated state, a learned dynamics médelto s; 1 and nally constructsp.
predicts the future statg;,; 2 S based on state history b) Model Architecture:We adopt vanilla Vision Trans-
st it 2 S and planned actioma; 2 A . This dynamics model former (ViT) architecture [9] as our backbone, which has
is incorporated into a model-predictive control framework tbeen shown to be highly scalable in image and video genera-
optimize action sequences for achieving target stgte tion [26, 22]. The model takes a point cloud and a canonical
template mesh as input, in addition to the noisy mesh state
(ag;5an 1) = argmin  J (T(so;(aos:;a4 1));Sg)  that requires denoising. We detail our network architecture
Bian 127 and training objective below.
Tokenization. We tokenize the input mesh as non-
overlapping vertex patches. We rst use farthest point sam-
We rst address the challenging problem of inferring compling (FPS) to sample a xed number of points as patch centers
plete cloth con gurations from partial observations. C 2 RN 3. To patchify the mesh vertices, we use tNe
a) Conditional Diffusion ProcessWe formulate cloth centers obtained from FPS to construct a Voronoi diagram in
state estimation as a conditional denoising diffusion procesise 3D points space. This tessellation divides the point cloud
We use object point cloud as conditioning input to the modehto N distinct regions, where each region contains all points
as the sim-to-real gap is minimized in the particle space [5¢loser to its associated center than to any other center. Each
Specically, we model the conditional distributionVoronoi cell is treated as a distinct patch, encompassing a
p(sjsc; €pc) Using standard denoising diffusion probabilistitocal neighborhood of points which will then go through a
model (DDPM) [11], wheres; represents the state of thePointNet [29] layer for feature extraction.
canonical cloth mesh an@,. denotes the embedding of Conditioning. Following the tokenization process, the input
the conditional point cloud. To get point cloud embeddindgpken is directly subjected to a sequence of transformer blocks
we partition the point cloud into patches by rst samplingor processing. To effectively condition the point cloud embed-
M center points using farthest point sampling (FPS) arding, we adopt two approaches. First, the conventional layer
performing K-Nearest Neighbors (KNN) clustering. Themormalization is replaced with an adaptive layer normalization
each resulting patch is processed through a PointNet [29](#dalLN) [39] to better incorporate conditional information.
obtain its embedding representatigp, 2 R® ™M D1 where Then, we incorporate conditional information through a cross-
B is the batch size an®, is the dimension of the point attention layer positioned after the multi-head self-attention
cloud embedding. (MHSA). In this cross-attention operation, the hidden states

B. State Estimation



serve as the query vector, while the conditional informatiorcategory Method Simulation

acts as both the key and value vectors. The computation #MSE (10 ') #CD (10 ') #EMD (10 %)
proceeds asc = CrossAttentiotW” x; W ene; W eyc) TRTM [1] 507022  267+061  165%071
whereW (©) are learnable parameters, enabling effective conc®" ~ Jansormer S e A
ditioning during the Iearning process. GarmentNets [7] 18.6 + 1.35 6.23 £ 0.79 2.79 + 0.64
Decoding. Finally, the decoding process transforms the MEDOR [15] 21.0 £ 1.54 6.87 £ 0.95 2.24 £ 0.29
hidden statex into 3D vertex coordinates through a two-stage™>"" ~ TRTM I 630+ 045 SIox090 o k02,
process. First, we employ distance-weighted interpolation to DPM 276+ 019  3.22+0.41 1.95+ 0.56

upsample the hidden states, where interpolation weights &F LE I: Quantitative results on state estimation.Lower
computed from canonical-space distances between vertices an - '

. . ) i values indicate better performance. Errors represent a 95%
their corresponding patch centers. This operation producceosn dence interval
an intermediate representation 2 RE Nv Dz A Multi- '
Layer Perceptron (MLP) then maps this representation to

h . . . T 1 .. A .
nal output X 2 R® Nv 3, yielding the predicted noisetW% optimize an action sequentea;g;.,~ by minimizing:

added onto the 3D coordinates for each vertex during the X 1
diffusion forward process. Details of our model are presented miTn . (sT:sg) + T (st &) Q)
in Appendix E-A. fagi- t=0

) (E)) Training: For state estimation, the denoising mod&yhere combines weighted MSE and chamfer distance, ‘and
(s"jSc; &) for DPM is trained by minimizing the 10ss:  enforces action smoothness. Our planning framework utilizes
Model Predictive Path Integral (MPPI) [37] for sampling-

P p__ 2 based optimization. Refer to Appendix E-C for details on the
Lwse = Pl s+ (0 sep planning algorithm and hyperparameters.
where N (0;1) and ) 2 R areK different noise levels [1l. EXPERIMENTS

fork 2 [1;K]. Training details are presented in Appendix E-8. In this section, we investigate three key research questions:

1) How effectively does the Diffusion Perception Model
handle self-occlusions inherent in cloth manipulation?
Given the estimated state, the goal of dynamics predictior2) How does the Diffusion Dynamics Model improve dy-

is to reason about future states of the cloth given robot actions. namics prediction compared to prior approaches?

We extend our state estimation architecture to model dynamic3) How do these enhanced perception and dynamics models

by modifying the condition input to incorporate robot actions translate to overall system performance?

and enhancing the temporal modeling capability with addjye aqdress these questions in three stages: evaluating state

tional temporal attention layers. The remaining componenigsimation accuracy (Section I11-A), assessing dynamics mod-

including tokenization, training objective, and decoding of thg”ng performance (Section IlI-B), and validating our ap-

model, are identical to those in the state estimation frameWOB?oach through real-world cloth manipulation experiments
Conditional Diffusion Process.To learn the conditional (section 111-C).

posterior distributionp(St+1: t+j+1 jat; St i:t), we parameterize

it using diffusion models. Here, represents the robot action,a. State Estimation

st it denotes the historical states, ag@di. (+j+1 iS the |

frame future states to be predicted at timesteollowing

prior work [44, 41], we heuristically sét=3 andj = 5.

The diffusion reverse process constrigt conditioned on

history frames and action by gradually denoising from

C. Dynamics Prediction

1) Baselines:We evaluate our perception module against
four baseline approachessarmentNetq7], MEDOR[15],
TRTM [1] and Transformer, an ablated version of our model.
a 2) Results:We evaluate our method against baselines in
normal distribution with the denoising networK. Since we Poth simulation and real-world environments using Mean
use delta end-effector position as action representation, guared Error (MSE), Chamfer Distance (CD), and Earth
effectively encode the action space, we employ a Fouri.MO"er'S Distance (EM.D). Quantltatlve results are presented
feature-based embedding following NeRF [24] to represeif Table 1. In the T-shirt object, TRTM [1] and Transformer

continuous spatial information, with detailed formulation igréatly outperform GarmentNets and MEDOR [15], demon-
Appendix. strating that the topological information provided by the tem-

plate cloth mesh signi cantly enhances the perception capabil-
ities. Leveraging the cloth modeling prior during the learning
process, TRTM [1] demonstrates better performance compared

We integrate our diffusion dynamics model with Model Preto Transformer. Our approach achieves further performance
dictive Control (MPC) for robotic cloth manipulation. Givengains over both TRTM [1] and Transformer, highlighting the
a current cloth state sequense ix 2 S and target statgyg, signi cant contributions of diffusion models to the task.

D. Model-Based Planning



Fig. 2: Long-horizon dynamics prediction error over time. Mean Squared Error (MSE) in dynamics prediction over time
under two scenarios: (a) using oracle simulation states, and (b) using DPM perception estimates, evaluated on cloths and
T-shirts. Our method signi cantly reduces error accumulation in both cases. Error bars represent 95% con dence intervals.

B. Dynamics Prediction Results

1) Baselines:We evaluated our diffusion dynamics models
against three baseline approaches: a GNN-based method, an
analytical simulator, and an ablated version of our model.
For each baseline, we analyze the mean squared error (MSE)
across different timesteps on clothes and T-shirts.

2) Results:Error analysis over time (Figure 2) shows that
DDM consistently outperforms all baselines across both object
types and input settings. When using ground-truth states, GNN
performs the worst overall, except on cloth objects where
its performance is comparable to Transformer due to simpler
topology. On T-shirts with more complex dual-level topology,
Transformer surpasses GNN, demonstrating the transformer
architecture's advantage in modeling geometric and temporal
dependencies. DDM achieves the lowest MSE at all timesteps,
with minimal error accumulation, bene ting from the proba-
bilistic nature of diffusion models that better capture cloth. _. o
state dynamics compared to direct MSE supervision. WhErlg' 3:Qualitative resuits of real-vyorld system deployment.
using estimated (noisy) states, we include Analytical Simulator Method Cloth T-shirt Long-sleeve
as a baseline. While it initially performs well on cloth, its Self Ext. Comb. Self Ext. Comb. Self Ext. Comb.
sensitivity to input noise leads to signi cant long-horizon GNN 6/10 4/10 3/10 1/10 2/10 2/10 2/10 2/10 0/10
degradation, especially on T-shirts. In contrast, DDM remains ~_©urs 9/10 8/10 6/10 9/10 7/10 6/10 7/10 6/10 4/10
robust under perception noise and complex dynamics.

TABLE II: Quantitative results of real-world manipulation.
Each scenario is repeated 10 times with randomized states.

C. Real World Planning Results
IV. CONCLUSION

a) Comparative AnalysisWe demonstrate the seamless We present UniClothDiff, a unied framework for cloth
integration of DPM and DDM within a Model Predictive Con-manipulation that leverages Transformer-based diffusion mod-
trol (MPC) framework for complex cloth manipulation tasksels for both state estimation and long-horizon dynamics pre-
Our approach is benchmarked against GNN as the dynamitistion. Our method reconstructs full cloth con gurations
model. We evaluate in three types of occlusion: self-occlusidinpm partial RGB-D inputs and signi cantly outperforms prior
external occlusion by other objects (e.g., a robotic arm), a@NN-based approaches. When combined with model-based
combined occlusion. Quantitative and qualitative results atentrol, it enables precise and reliable manipulation. More-
presented in Table Il and Figure 3, respectively. Our methoder, our embodiment-agnostic action representation supports
consistently outperforms GNN across all occlusion scenari@gro-shot transfer to novel grippers. Extensive experiments
In simpler tasks like cloth folding, our model improves Shiighlight the power of generative models in deformable ob-
by 30%. For more complex cases, such as dual-level topolgggt manipulation, advancing the robustness and versatility of
T-shirts where GNN struggles, it achieves up to a 30% gaimobotic systems.
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