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Abstract—Robotic manipulation of cloth remains challenging
for robotics due to the complex dynamics of the cloth, lack of
a low-dimensional state representation, and self-occlusions. In
contrast to previous model-based approaches that learn a pixel-
based dynamics model or a compressed latent vector dynamics,
we propose to learn a particle-based dynamics model from a
partial point cloud observation. To overcome the challenges of
partial observability, we infer which visible points are connected
on the underlying cloth mesh. We then learn a dynamics model
over this visible connectivity graph. Compared to previous
learning-based approaches, our model poses strong inductive bias
with its particle based representation for learning the underlying
cloth physics; it is invariant to visual features; and the predictions
can be more easily visualized. We show that our method greatly
outperforms previous state-of-the-art model-based and model-
free reinforcement learning methods in simulation. Furthermore,
we demonstrate zero-shot sim-to-real transfer where we deploy
the model trained in simulation on a Franka arm and show that
the model can successfully smooth different types of cloth from
crumpled configurations. Videos can be found on our anonymous
project website.1

Index Terms—TBD

I. INTRODUCTION

Robotic manipulation of cloth has wide applications across
both industrial and domestic tasks such as laundry folding and
bed making. However, cloth manipulation remains challeng-
ing for robotics due to its complex dynamics, lack of low-
dimensional representation, and self-occlusions.

One approach to cloth manipulation explored by previous
work, which we also adopt, is to learn a cloth dynamics model
and then use the model for planning to determine the robot
actions. However, it is unclear what is the appropriate state
representation for the cloth dynamics model. One choice is to
use a mesh model of the entire cloth [3]. However, fitting a
full mesh model to an arbitrary crumpled cloth configuration
is fairly difficult. Recent work have proposed to compress the
cloth representation into a fixed-size latent vector [7], [11]–
[13]. Such compressed vector representations lose much of the
spatial information of the cloth. Another previous approach is
to learn a visual dynamics model in pixel space [2]. However,
a pixel-based dynamics model is somewhat disconnected from
the real physics of the cloth dynamics.

* Equal contribution, order by dice rolling.
1https://sites.google.com/view/vcd-cloth

In contrast to a pixel-based dynamics model, particle-
based models have recently been shown to be able to learn
dynamics for fluid and plastics [4], [9], [10]. A particle-based
dynamics representation has the following benefits: first, it
captures the inductive bias of the underlying physics, since
real-world objects are composed of underlying atoms that can
be modeled on the macro-level by particles. Second, particle-
based models are invariant to visual features such as object
colors or patterns. Last, such models are interpretable, since
a person can visualize the predicted movement of the object
particles. As such, in this paper we aim to learn a particle-
based dynamics model for the cloth. However, the challenges
in applying the particle-based model to cloth are that we
cannot directly observe the underlying particles composing the
cloth nor their mesh connections. The problem is made even
more challenging due to the partial observability of the cloth
due to self-occlusions when it is in a crumpled configuration.

Our insight into this problem is that, rather than fitting a
mesh model to the observation, we should learn the visible
connectivity dynamics (VCD): a dynamics model based on
the connectivity structure of the visible portion of the cloth.
To do so, we first learn to estimate the visible connectivity
graph: we estimate which points in the point cloud observation
are connected in the underlying cloth mesh. Estimating the
mesh connectivity of the observation is a simplification of the
problem of fitting a single full mesh model of the entire cloth
to the observation; however, it is significantly easier to learn,
since we do not need to find a globally consistent explanation
of the observation; to estimate the mesh connectivity of the
observation, we only need to consider the local cloth structure.
We further learn a dynamics model directly on the inferred
visible connectivity graph.

In this work, we focus on the task of smoothing a piece of
cloth from a crumpled configuration. We propose a method
that infers the observable particles and their connections from
the point cloud, learns a visible connectivity dynamics model
for the observable portion of the cloth, and uses it for planning
to smooth the cloth. We show that planning with a visible
connectivity dynamics model can be effective in smoothing
the cloth and our method greatly outperforms state-of-the-art
methods that use a fixed-size latent vector representation or
learn a pixel-based visual dynamics model. Furthermore, we
demonstrate zero-shot sim-to-real transfer where we deploy



the model trained in simulation on a Franka arm and show
that the learned model can be used to successfully smooth
different types of cloth from crumpled configurations.

II. METHOD

A. Graph Representation of Cloth Dynamics

We represent the state of a cloth with a graph 〈V,E〉. The
nodes V = {vi}i=1...N represent the particles that compose
the cloth, where vi = (xi, ẋi) denotes the particle’s current
position and velocity, respectively. There are two types of
edges E in the graph, representing two types of interactions
between the particles: mesh edges and collision edges. The
mesh edges, EM , represent the connections among the parti-
cles on the underlying cloth mesh. The mesh connectivity is
determined by the structure of the cloth and does not change
throughout time. Each edge eij = (vi, vj) ∈ EM connects
nodes vi to vj and models the mesh connection between the
two nodes. The other type of edges are collision edges, EC ,
which model the collision dynamics among two particles that
are nearby in space. These collision edges are dynamically
constructed at each time step based on the following criteria:

EC
t =

{
eij

∣∣ ||xi,t − xj,t||2 < R
}
, (1)

where R is a distance threshold and xi,t, xj,t are the positions
of particles i, j at time step t. Additionally, we assume that
EM ⊂ EC , since a mesh edge connects nodes that are close
to each other and hence should also satisfy Eqn. 1.

B. Inferring Visible Connectivity from a Partial Point Cloud

In the real world, we observe the cloth as a partial point
cloud, and we need to infer the connectivity of particles for the
visible portion of cloth. We first pre-process the point cloud by
filtering it with a voxel grid filter: we overlay a 3d voxel grid
over the observed point cloud and then take the centroid of
the points inside each voxel to obtain a voxelized point cloud
P = {xi}i=1,...,Np

. This preprocessing step is done both in
simulation training and in the real world evaluation.

Given the voxelized point cloud, the collision edges are
then inferred by applying the criterion from Eqn. 1. However,
inferring the mesh edges is less straightforward, since in the
real world we cannot directly perceive the underlying cloth
mesh connectivity. To overcome this challenge, we use a graph
neural network to infer the mesh edges from the voxelized
point cloud. Given the positions of the points in the voxelized
point cloud P , we first construct a graph 〈P,EC〉 with only
the collision edges based on Eqn. 1. Based on our assumption
that EM ⊂ EC , we train a classifier to estimate whether each
collision edge e ∈ EC is also a mesh edge. Our classifier takes
the form of a graph neural network (GNN) [1]. We term this
classifier the edge GNN, and denote it as Gedge. It takes as
input the graph 〈P,EC〉, and outputs a binary label for each
edge e ∈ EC , indicating whether such a collision edge is also
a mesh edge. We take the network architecture in previous
work [10] (referred to as GNS) for the edge GNN Gdyn.

C. Modeling Visible Connectivity Dynamics with a GNN

In order to predict the effect of a robot’s action on the cloth,
we must model the cloth dynamics. We learn a dynamics
model based on the voxelized point cloud and its inferred
visible connectivity (Sec. II-B). Formally, given the cloth
graph Gt = 〈V,E〉, a dynamics GNN Gdyn predicts the
particle states in the next time step, which includes both the
positions and the velocities. Here, E refers to inferred visible
connectivity that includes both the predicted mesh edges EM

as well as the non-mesh collision edges. We also use the GNS
architecture for our dynamics GNN Gdyn.

D. Planning with Pick-and-place Actions

We plan in a high-level, pick-and-place action space. For
each action, denoted by two positions a = {xpick, xplace}, the
gripper grasps the cloth at xpick, moves to xplace, and then
drops the cloth. Our goal is to smooth a piece of cloth from
a crumpled configuration. To compute the reward function r,
we treat each node in the graph as a sphere with radius R and
compute the covered area of these spheres when projected onto
the ground plane. Given the current voxelized point cloud of a
crumpled cloth P , we first estimate the mesh edges using the
edge predictor EM = Gedge(〈P,EC〉). These edges are kept
fixed throughout the rollout of a pick-and-place trajectory. We
then sample K high-level pick-and-place actions. For each
sampled high-level action, we roll out our dynamics model
using that action for H low-level steps and obtain the sequence
of predicted point positions.

E. Training in Simulation

The simulator we use for training is Nvidia Flex, a
particle-based simulator with position-based dynamics [6], [8],
wrapped in SoftGym [5]. In Flex, a cloth is modeled as a
grid of particles, with spring connections between particles to
model the bending and stretching constraints.

One challenge that we must address is that the points in
the observed partial point cloud do not directly correspond
to the underlying grid of particles in the cloth simulator. This
presents a challenge for obtaining the ground-truth labels used
for training the dynamics GNN and the edge GNN, including
the position and velocity for each point in the observed point
cloud and the mesh edges among them. To address this issue,
we perform bipartite graph matching to connect each point
in the voxelized point cloud to a simulated particle. After we
get the mapping from the points to the simulator particles,
the ground-truth acceleration of each point is simply assigned
to be the acceleration of its mapped particle, which is used
for training the dynamics GNN. For training the edge GNN,
we need to obtain the ground-truth of which collision edges
are also mesh edges. During simulation training, a collision
edge is assumed to be a mesh edge if the mapped simulation
particles of the edge’s both end points are connected by a
spring in the simulator.



Algorithm# of pick-and-place
actions 5 10 20 50 100
(Ours) 0.620 ± 0.252 0.738 ± 0.273 0.879 ± 0.202 0.956 ± 0.196 -

VSF [2] 0.337 ± 0.141 0.585 ± 0.194 0.750 ± 0.180 0.932 ± 0.102 -
CFM [13] 0.028 ± 0.070 0.053 ± 0.082 0.072 ± 0.122 0.122 ± 0.149 0.132 ± 0.177
MVP [12] 0.330 ±0.296 0.341 ±0.262 0.337 ±0.296 0.421 ±0.304 0.379 ±0.268

TABLE I
NORMALIZED PERFORMANCE OF ALL METHODS IN SIMULATION, FOR VARYING NUMBERS OF ALLOWED PICK AND PLACE ACTIONS.

Material# of pick-and-place
actions 5 10 20 Best
Cotton 0.504 ± 0.155 0.682 ± 0.253 0.797 ± 0.297 0.903 ± 0.153

Silk 0.412 ± 0.164 0.457 ± 0.236 0.456 ± 0.236 0.648 ± 0.169
TABLE II

NORMALIZED PERFORMANCE OF OUR METHOD IN THE REAL WORLD ON TWO CLOTHS OF DIFFERENT MATERIALS.

III. EXPERIMENT

A. Experimental Setup

Simulation Setup As mentioned, we use the Nvidia Flex
simulator, wrapped in SoftGym [5], for training. For the
simulation experiments, we use a nearly square cloth. For all
methods, we randomly generate 20 initial cloth configurations
for training and another 40 initial configurations for testing.

The performance metric we use for evaluation is the normal-
ized increment of the covered area of the cloth in the top-down
view. In brief, the normalized performance metric is 0 if no
action is taken and 1 if the cloth is fully flattened. We compare
our proposed method (Visible Connectivity Dynamics) with
the following baselines which are state-of-the art methods
for cloth smoothing: (1) VisuoSpatial Foresight (VSF) [2],
which learns a visual dynamics model using RGBD data;
(2) Contrastive forward model (CFM) [13], which learns a
latent dynamics model via contrastive learning; (3) Maximal
Value under Placing (MVP) [12], which uses model-free
reinforcement learning with a specially designed action space.

We trained each of the baselines for at least as many
pick-and-place actions as they were trained in their original
papers. For training our method , we collect 1500 trajectories,
each consisting of 1 pick-and-place action. Each method is
evaluated on 40 test configurations and we report the mean
and standard deviation of the results. For planning with VCD,
we sample 500 pick-and-place actions, where the pick point
is first uniformly sampled from a bounding box of the cloth
and then projected to be on the cloth mask.

Real World Setup After training in simulation, we evaluate
our trained dynamics model in the real world with a Franka
Emika Panda robot arm with a standard panda gripper. We
evaluate on two pieces of cloth: One is made of soft polyester
satin (Silk). The other is made of cotton (Cotton). We use the
same covered area as our reward function and the evaluation
metric for the real world experiments. For each cloth, we
evaluate 10 trajectories each with a maximum of 20 pick-
and-place actions. For each trajectory, the robot stops if the
normalized performance is higher than 0.95 or if the predicted
rewards of all the sampled actions are smaller than the current
reward. For each pick-and-place action, we sample 100 pick-
and-place actions to be evaluated by our model.

B. Simulation Results
For each method, we report the achieved normalized perfor-

mance after different numbers of actions (counting high-level
pick-and-place actions). The trajectory ends if the normalized
performance is above 0.95 or if the maximal number of
actions is achieved. For CFM and MVP, we additionally test
them with 100 pick-and-place actions to compensate for the
typically small action size of these methods. The results are
summarized in Table I. Under any given number of pick-and-
place actions, greatly outperforms all of the baselines. Due
to their use of RGB data, the baselines do not incorporate
the inductive bias of the cloth structure into their dynamics
model or policy. In contrast, our method learns a particle-based
dynamics model that incorporates this inductive bias and leads
to better performance.

C. Real-world Results
We also evaluate our method for smoothing in the real

world. The point cloud representation allows VCD to easily
transfer to the real world. The quantitative results of our
method can be found in Table II and visualizations of smooth-
ing sequences can be found on our project website. We note
that, despite the drastic differences in visual appearances, as
well as the different dynamics of the cotton and silk cloths,
our model is able to smooth them. We also evaluate our
model performance if we were able to terminate optimally in
hindsight and choose the frame with the highest performance
in each trajectory; the result is shown in the last column of
Table II.

IV. CONCLUSION

In this paper, we propose the visible connectivity dynam-
ics (VCD) model, under a framework that infers a visibility
connectivity graph from the partial point cloud, learns a
particle-based dynamics model over the graph, and apply it to
plan action sequences for the task of cloth smoothing. has
the advantage of posing strong inductive bias that fits the
underlying cloth physics, being invariant to visual features,
and being interpretable. We show that greatly outperforms
previous state-of-the-art methods for cloth smoothing, and
achieves zero-shot sim-to-real transfer when deployed on
a Franka arm for smoothing different types of cloth from
crumpled configurations.
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