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Abstract—Modeling and manipulating elasto-plastic objects
are essential capabilities for robots to perform complex industrial
and household interaction tasks (e.g., stuffing dumplings, rolling
sushi, and making pottery). However, due to the high degree of
freedom of elasto-plastic objects, significant challenges exist in
virtually every aspect of the robotic manipulation pipeline, e.g.,
representing the states, modeling the dynamics, and synthesizing
the control signals. We propose to tackle these challenges by employing a particle-based representation for elasto-plastic objects
in a model-based planning framework. Our system, RoboCraft,
only assumes access to raw RGBD visual observations. It transforms the sensing data into particles and learns a particle-based
dynamics model using graph neural networks (GNNs) to capture
the structure of the underlying system. The learned model can
then be coupled with model-predictive control (MPC) algorithms
to plan the robot’s behavior. We show through experiments that
with just 10 minutes of real-world robotic interaction data, our
robot can learn a dynamics model that can be used to synthesize
control signals to deform elasto-plastic objects into various target
shapes, including shapes that the robot has never encountered
before. We perform systematic evaluations in both simulation
and the real world to demonstrate the robot’s manipulation
capabilities and ability to generalize to a more complex action
space, different tool shapes, and a mixture of motion modes.
We also conduct comparisons between RoboCraft and untrained
human subjects controlling the gripper to manipulate deformable
objects in both simulation and the real world. Our learned modelbased planning framework is comparable to and sometimes better
than human subjects on the tested tasks. 1

I. I NTRODUCTION
Effective manipulation of deformable objects is an essential
skill for robots deployed in real-world industrial and household environments. However, due to deformable objects’ high
degrees of freedom (DoF) and consequent challenges in state
estimation and dynamics modeling, manipulating deformable
objects requires significant innovations beyond the typical
robotic paradigm that focuses only on rigid objects. Recent
advances show promising results in manipulating clothes [38,
36, 60, 15, 63, 17] and ropes [62, 57], yet the manipulation of
objects with high plasticity, such as dough or plasticine, poses
a unique set of challenges and is currently underexplored [37],
despite the ubiquity of such objects in household and industrial
settings. In this paper, we investigate how to empower robots
to model and manipulate elasto-plastic objects based on raw
RGBD visual observations.
1 Project
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Fig. 1: RoboCraft. The robot uses a parallel 2-finger gripper
to shape an ‘X’ conditioned on the target shape at the top right
corner. The result is shown at the bottom right corner.

The primary challenges of manipulating deformable objects
stem from their high DoFs, partial observability, and complex
non-linear local interactions. Learning dynamics models directly from high-dimensional sensory data offers a promising
data-driven avenue for us to perform effective planning. For
example, model-based reinforcement learning (RL) algorithms
have achieved great success in various planning and control
tasks [52, 44, 35]. However, when faced with elasto-plastic
objects, these prior methods may fail due to a lack of explicit exploitation of the objects’ structure. Another thread
of works represents deformable objects using particles and
employs graph neural networks (GNNs) to model their dynamics [41, 27, 28, 50, 55]. They have shown great generalization
results, demonstrating the benefits of explicit structured modeling. However, most of them require full-state information
and a particle-based simulator to provide particle-to-particle
correspondence between frames. Such strong supervision is
difficult to obtain from raw sensory data, limiting their use
in real-world applications. Hence, the natural question to ask
here is: would it be possible to model the dynamics and
manipulate elasto-plastic objects in the real world solely based
on RGBD visual observations, without needing particle-toparticle temporal correspondence?
To tackle this problem, we propose RoboCraft, a modelbased planning framework that represents elasto-plastic objects
using particles, but employs distribution-based loss functions

and makes novel improvements over recently-developed GNNs
to model the objects’ dynamics. The learned dynamics model
is then coupled with gradient-based trajectory optimization
techniques to plan the robot’s behaviors. The proposed approach closes the perception and control loops, which allows
accurate modeling and manipulation of the elasto-plastic objects in both simulated and real-world settings. Specifically,
our framework consists of (1) a perception module that constructs the particle representation of the object by sampling
from the reconstructed object mesh, (2) a dynamics model
that models the particle interactions using GNNs, and (3) a
planning module that uses model-predictive control (MPC)
and solves the trajectory optimization problem using gradients
from the learned model. Unlike prior learning-based particle
dynamics works which assume temporal correspondence [41,
27, 28, 50, 55], we train the dynamics model directly from
raw visual data using loss functions that measure the distance
between predicted and observed particle distributions.
In this work, we take concrete steps towards more general
deformable object manipulation by enabling robots to model
and manipulate elasto-plastic objects. Through extensive evaluations in both simulation and the real world, we show that our
model-based planning framework allows the robot (equipped
with a parallel gripper) to deform the plasticine into complex
target shapes (heart, alphabetical letters, etc.) purely based on
raw visual inputs. Notably, with just 10 minutes of real-world
interaction training data, our learned model can make accurate
predictions of the object’s deformation under planned actions,
modeling the interactions between the gripper and the object,
as well as the elastic/plastic deformation within the object.
We also asked amateur human subjects to control the robot
to perform the same tasks, and our framework is on-par and
sometimes more precise at achieving target shapes.
Our paper demonstrates that the RoboCraft framework can
manipulate plasticine-like material accurately with a GNN
model-based planning framework, and we hope the insights
from this paper can inspire future work on more complex
deformable object manipulation tasks.
II. R ELATED W ORK
A. Modeling the Dynamics of Deformable Objects
Particle-based simulation is a popular family of methods to
model deformable objects, wherein the dynamics are usually
computed based on each particle’s interaction with neighbor
particles. Within this domain, position-based dynamics [42],
smoothed particle hydrodynamics [40], and material point
methods [56] are widely used. Along with the advancement of
particle-based methods, several differentiable simulators [18,
16, 51] that can propagate gradients through the model have
been introduced to capture the dynamics of non-rigid bodies.
Data-driven approaches are another paradigm for learning
physical dynamics [44, 34]. Recently, people have demonstrated inspiring results on learning the dynamics of deformable objects such as clothes [33], ropes [6], and fluid [25],
with various representations including low-dimensional parameterized shapes [37], keypoints [29], latent vectors [23],

and neural radiance fields [30]. Inspired by prior approaches [27, 50, 55, 4], we choose to use a GNN-based
method, due to its expressiveness in modeling the structure
of an object, with very few assumptions on the underlying
governing equations. Unlike prior methods that assume perfect
perception and access to ground truth particle positions, our
proposed method trains dynamics models directly from raw
visual inputs, from which the one-to-one temporal correspondences among particles are hard to obtain.
B. Manipulating Deformable Objects
Deformable object manipulation is a long-standing challenge in robotics. However, many existing methods focus on
objects such as ropes [59, 45, 61, 57, 24, 3, 61], cables [54,
48, 53], clothes [31, 38, 36, 60, 15, 2, 1], and gauze [58].
By contrast, we investigate the less-explored manipulation
of elasto-plastic objects, such as plasticine, which are only
studied in limited previous works [49, 27].
As for manipulation of deformable elasto-plastic objects
(dough, plasticine, etc), prior works propose to use either
model-based [8, 37, 32, 26] or adaptive methods [46, 7, 64].
As mentioned earlier, it is possible to leverage simulations as
models for actual manipulation [14]. However, the challenges
in state and parameter estimation make it prohibitive to accurately simulate such objects and thus hinder the transfer of
policies to the real world. Another popular approach is to learn
from expert demonstrations [43], which has been proved effective in shaping sand [7] and pizza dough [11]. However, obtaining demonstrations is usually expensive. Matl and Bajcsy
[37] propose to use soft robotic end-effectors to make a dough
a sphere or rope-like shape with low-dimension representations
such as bounding boxes. By contrast, RoboCraft equips the
model with a particle representation and an expressive GNN,
which enable our robot to shape objects to more complex
unseen shapes such as hearts or alphabetical letters. Our work
is unique in the sense that we shape dough-like objects into
complex shapes that contain semantic meanings.
III. M ETHOD
A. Problem Statement
The objective of this work is to use a parallel 2-finger robot
gripper to shape an elasto-plastic object to match a target shape
g. Specifically, we focus on using a sequence of pinching
actions a0,...,T −1 ∈ A, given an observation of the initial state
s0 of the plasticine. At time step t, the robot applies action
at ∈ A upon the plasticine, and the state of the plasticine
transitions from st to st+1 in response.
To predict the complex dynamics of the deformable plasticine, we propose to use a graph neural network (GNN) Φ to
learn the transition function Φ : S × A → S. This dynamics
model takes as input environment observations st−h,...,t ∈ S
and actions at−h,...,t ∈ A and predicts a future observation
ŝt+1 , where h is the length of history and t is the current
time step. With the learned dynamics model in hand, we
can naturally formulate the manipulation task as a modelpredictive control (MPC) problem. The cost function J of

Fig. 2: Overview of RoboCraft. (a) The perception module obtains the particle representation from RGBD cameras. The
algorithm first crops out the object point cloud, then samples particles to represent the object. (b) The dynamics model predicts
the object’s deformation based on graph neural networks (GNN). (c) After obtaining the learned dynamics model, we apply a
combination of sampling- and gradient-based trajectory optimization techniques to solve the model-predictive planning problem.

B. Particle Sampling from Raw RGBD Data
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Fig. 3: The particle sampling procedure. Left: Visualized
point cloud for the manipulation scene. Right: (a) Extracted
point cloud for the object and the gripper. (b) Reconstructed
mesh surface. (c) Sampled particles within the mesh. (d)
Refinement with physics prior. (e) Refinement with shape
prior. (f) GNN-ready downsampled particles.

the MPC problem measures the distance between the state of
the plasticine at the last time step T and the target shape g.
The choice of cost function J will be discussed in section
III-D. And a sequence of actions of length T can be selected
by minimizing the cost function:
(a0 , ..., aT −1 ) = arg min J (Φ(s0 , (a0 , ..., aT −1 )), g) (1)
a0,...,T −1 ∈A

Figure 2 shows the overall framework of RoboCraft.

We aim to sample particles from the raw visual data (i.e.,
RGBD images) for the GNN-based dynamics model as shown
in Figure 2(a). To obtain useful particles, we need to sample
particles that can represent the shape of the object from heavily
occluded raw inputs. We illustrate how we obtain the required
particles through preprocessing, surface reconstruction, refinement with physics prior, refinement with shape prior, and
postprocessing as shown in Figure 3.
1) Preprocessing: We first convert RGBD images into point
clouds, using the intrinsic and extrinsic parameters of the
cameras. We then use RANSAC [12] to detect the plane with
the largest support in the raw point cloud (i.e., the platform
on which we place the object) and remove the inliers of this
plane. We also remove other noisy backgrounds based on the
location of the object. The outcome is shown in Figure 3(a).
2) Surface Reconstruction: Two popular surface reconstruction algorithms are alpha shapes [9] and ball pivoting [5].
However, these algorithms are not robust to occlusion. We
instead use Poisson surface reconstruction [21], a method that
can smooth the occluded surface by solving a regularized
optimization problem. To prepare for Poisson surface reconstruction, we estimate the normal for each point in the point
cloud by calculating the principal axis of its adjacent points.
The outcome is shown in Figure 3(b).
3) Refinement with Physics Prior: We exploit the knowledge that when the gripper is not touching the plastic object,
the shape of the object should largely remain unchanged.

Hence, after sampling the particles as in Figure 3(c), missing
particles that are not reconstructed from the previous step (e.g.,
an artifact caused by shadow) are patched using points from
the previous frame. The outcome is shown in Figure 3(d).
4) Refinement with Shape Prior: In the process of gripping,
the object is occluded by itself as well as the gripper. The
heaviest occlusion occurs when the gripper is pinching the
object. We first perform a simple color-based filter to extract
the object point cloud. However, the point cloud of the plasticine is incomplete due to occlusion, and thus reconstructing
a watertight mesh from it becomes difficult. We propose
leveraging shape prior to refine the point cloud. Specifically,
after obtaining a smooth and watertight mesh from the full
point cloud (object and gripper), we then sample particles
inside the reconstructed mesh based on its signed distance
function (SDF). We finally use the fingers’ SDFs to remove
the points inside them. The outcome is shown in Figure 3(e).
5) Post-processing: To further improve the quality of the
sampled point cloud, we apply voxel down-sampling to get
a uniform point distribution and remove the points that are
statistical outliers. We then use the farthest point sampling
method [39] to further down-sample the point cloud of the
plasticine into a reasonable number of points for the GNN.
The final output is shown in Figure 3(f).

where Ni is a set of relations with particle i as the receiver.
During training, we also use multi-step message passing to
handle instantaneous propagation of forces.
D. Loss Functions
Since our training data comes from sampled point cloud
data, there is no one-to-one correspondence among the points
of each frame as required by particle-wise losses. We explore
two loss functions to measure the similarity between the
distributions of point cloud data.
Earth mover’s distance (EMD). Consider O1 , O2 ⊆ R3 .
The EMD between them is defined as
X
LEMD (O1 , O2 ) = min
∥x − µ(x)∥2 ,
µ:O1 →O2

where µ : O1 → O2 is a bijection [47]. The EMD solves an
assignment problem. For all but a zero-measure subset of point
set pairs, the optimal bijection µ is unique and invariant under
the infinitesimal movement of the points. Intuitively, in this
work, EMD matches distributions while preventing outliers in
the point cloud by the bijection definition.
Chamfer distance (CD). The CD between O1 , O2 ⊆ R3 is
X
X
2
2
LCD (O1 , O2 ) =
min ∥x − y∥2 +
min ∥x − y∥2 .
x∈O1

C. Learning Object Dynamics via Graph Networks
We now introduce how RoboCraft constructs a particle
graph and uses graph neural networks to model the dynamics
of the system, as shown in Figure 2(b).
1) Graph Building: In a graph formed by states st =
(Ot , Et ), the vertices Ot of the graph are the particles oi,t
of the object. Specifically, oi,t = xi,t , coi,t , where xi,t is
the position of particle i at time t, and coi,t denotes the
corresponding attributes (e.g., mass, radius). The edges Et
between the vertices are computed dynamically over time from
their spatial relationship. We connect all the neighbors within
a predefined distance. For relations between particles (e.g., a
pair of particles with an edge), we use ek = ⟨uk , vk , cek ⟩,
where 1 ≤ uk , vk ≤ |Ot | are the receiver particle index and
sender particle index respectively, k is the edge index, and
cek is the type of relationship (e.g., object internal relation or
gripper-to-object relation).
2) Model Training: The goal of the GNN is to infer the
system dynamics and predict the future from the current graph
enc
as ŝt+1 = Φ(st , at ). We use fO
and fEenc to encode the object
features and the relation features respectively as follows:
enc
hoi,t = fO
(oi,t )

(2)

hek,t

(3)

=

fEenc (ouk ,t , ovk ,t , cek )
dec
fO

We then use an object function
and a relation function
fEdec to model the dynamics. The future state at time t + 1 is
predicted as
bk,t = fEdec (hek,t )k=1,··· ,|Et |
X
dec o
ôi,t+1 = fO
(hi,t ,
bk,t )i=1,··· ,|Ot |
k∈Ni

(4)
(5)

x∈O1

y∈O2

y∈O2

x∈O1

In the strict sense, we slightly abuse the term Chamfer
distance because it does not satisfy the triangle inequality
[10]. Intuitively, CD finds the nearest neighbor for a point
in the other set and sums the squared distances.
Our loss function is a weighted sum of the two distance
functions mentioned above: L(O1 , O2 ) = w1 LEMD (O1 , O2 ) +
w2 LCD (O1 , O2 ). Based on experimental results, we find the
optimal hyper-parameters are w1 = 0.9, w2 = 0.1.
E. Model Predictive Control
In this section, we introduce a new model predictive control (MPC) algorithm for controlling the actuators to manipulate the plasticine as shown in Figure 2(c).
1) Action Space: We simplify the action space of each grip
into a parameterized space: {x, y, z, rz , d}. In this simplified
space, {x, y, z} are bounded locations indicating the center of
the grip, i.e. the midpoint of the line segment connecting the
centers of mass of the gripper’s two fingers. rz is the robot
gripper’s rotation about the z axis (i.e., the vertical axis). The
rotations about the x and y axes are always 0. d represents
the minimal distance between gripper fingers during this pinch.
The robot gripper pinches the plasticine at a constant speed.
2) Goal-Conditioned MPC: We denote g as the target
shape of the plasticine and a0:T −1 as the action sequence
sampled from the simplified action space, where T is the time
horizon. We denote the resulting trajectory after applying the
control inputs as s0:T . The task is to determine the actions
that minimize the distance between the actual outcome and
the specified goal J (sT , g) ≜ L(OT , Og ).
We use gradient-based trajectory optimization to obtain the
trajectory with the lowest cost as shown in Figure 2(c). We

Fr
a
nkaEmi
kaPa
nda

4xI
nt
e
lRe
a
l
s
e
ns
e

(
a
)

platform, with a central protruding plastic rod to fix the object
(Figure 4(b)). At the beginning of each episode, we stuff the
plasticine into a 3D printed mold in the shape of a cuboid
cavity (Figure 4(a)) to reset the shape of the object. We will
release STL files for all the 3D-printed parts.
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Fig. 4: Robot Setup. Left: overview of the robot setup; Right:
3D-printed tools including (a) the mold for resetting, (b) the
supporting platform, and (c) the parallel 2-finger gripper.

first do random shooting in the simplified action space and
compute the costs using the GNN-based dynamics model. We
then apply the limited-memory BFGS [13] algorithm on the
lowest-cost trajectories to optimize the actions with gradients,
where the loss is the same as our dynamics model’s training
loss.
In the standard form of MPC, the controller can use intermediate states as feedback to correct future actions. As a tradeoff in this work, acquiring intermediate states with particle
sampling would improve the effectiveness but reduce the time
efficiency. Hence, we provide intermediate states from cameras
only after each grip, ignoring the visual feedback within the
duration of a grip.
While each video in the training dataset includes three grips,
we may require more or fewer grips when aiming at unseen
shapes. To address this issue, we perform MPC with a fixed
look-ahead horizon and execute one grip at a time. The robot
performs additional grips until the loss is small enough or the
maximum number of grips is reached.
IV. E XPERIMENTAL S ETUP
A. Physical Setup
In Figure 4, we show the general setup in the simulator
and real world. For real-world manipulation, we use a Franka
Emika Panda robot arm with 7 DoF and Franka’s parallel jaw
gripper. We substitute the original grippers with a pair of 3Dprinted cylindrical parallel gripper fingers (Figure 4(c)). Four
RealSense D415 RGBD cameras are fixed at four locations
surrounding the plasticine to capture the RGBD images at
30Hz and 848×480 resolution. The four cameras are calibrated
to get the relative positions with respect to each other and the
robot base to reconstruct the object geometry. We use a blue
Play-Doh modeling compound as the deformable object. The
initial shape of the plasticine is roughly a 6cm×6cm×2.5cm
cuboid. In the coordinate frame where the robot base is at
the origin, the initial position of the center of mass of the
plasticine is at (43.00cm, 0.00cm, 7.25cm) on a 3D-printed

We collect 6,000 frames (10 mins) of training data, including 50 episodes with a horizon of 120 frames. For each
episode, three grips are applied to the plasticine. At the
beginning of each episode, we manually shape the plasticine
into a cuboid with a mold and plastic wrap. We knead the
manipulated object before molding it to avoid wrinkles on
the plasticine. The data collection behavior policy randomly
selects parameters in the action space consisting of rotation
angles, translations, and gripper fingertip distances. During
each episode, we save the generated partial point clouds from
each of the RGBD cameras and the robot joint poses from the
robot controller. The data is only saved when the gripper is
on the same plane as the object to optimize memory usage.
C. Tasks and Benchmarks
The main challenges in deformable object manipulation are
1) the high DoF of the object, unlike the other deformable
objects, and 2) a mixture of rigid and non-rigid motion modes.
To highlight these challenges, we propose a series of tasks of
shaping fixed and movable elasto-plastic objects, which require
rich local operations in addition to global pose matching. With
the final goal of real-world manipulation in mind, we first set
up experiments in simulation [19] with two capsule-shaped
fingers and cuboid-shaped plasticine. The following is a brief
overview of the tasks:
Shaping w/ Rigid Motion: Grip a freely movable deformable
object into the target shape. Gripper rotation and translation
are allowed only in the plane parallel to the tabletop.
Shaping w/ 7-DoF gripper: Grip a fixed deformable object
into the target shape. There is no constraint of the parallel
plane for the gripper - it can rotate freely in the 3D space.
Tool Selection: Grip a fixed deformable object. For each grip,
the agent can choose between two tools of different sizes.
Along with these tasks, we propose a benchmark for deformable object shaping in both simulation and the real world.
We use 26 alphabetical letters and five other shapes as our
target shapes in the simulator. For the real robot, we use seven
letters and five other shapes. Note that for letters with holes
such as ‘B’ or ‘P’, we only focus on the contour because
the current tools are not suitable for carving out the hollow
portions. We believe that the proposed shapes span a large
spectrum of possible shapes and can serve as a benchmark for
future research works.
D. Evaluation Metrics
We quantitatively evaluate each step of our whole framework including the particle sampling, the dynamics model
training, and the manipulation results. We use Chamfer distance (CD) and Earth mover’s distance (EMD) as our main

Dynamics Model Evaluation Loss

TABLE I: Sampling results averaged over 120 frames in
Chamfer distance (CD) and Earth mover’s distance (EMD).

0.0375
0.0350

Methods

0.0325

Patch-Based
Crop-Based

Loss

0.0300

CD↓

EMD↓

0.0384 ± 0.003
0.0374 ± 0.001

0.0317 ± 0.005
0.0308 ± 0.002

0.0275
0.0250

TABLE II: The mean and standard deviation of the dynamics
model’s performance over 12,000 frames when trained with
different loss functions.
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Fig. 5: Quantitative results on dynamics prediction. The
figure shows the CD and EMD between the predicted particles
and the ground truth particles over time. The shaded area is
one standard deviation.
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Fig. 6: Rigid motion and non-rigid motion over time
frames. The first row is the ground truth and the second row
is the predicted motion from the dynamics model.

metrics. In addition, we use Hausdorff distance (HD) [20] to
measure whether every point of either set is close to a point
of the other set.
V. E XPERIMENTAL R ESULTS
In this section, we evaluate the proposed method for various
complex deformable elasto-plastic object manipulation tasks.
We compare the proposed method with a set of baseline
algorithms and untrained human subjects. We also carefully
investigate various design decisions to determine the important
factors for future researchers’ reference. Lastly, we apply the
lessons learned from simulation experiments to enable a robot
to manipulate elasto-plastic objects in the real world.
A. Results in Simulation
1) Sampling Results: We first compare the performance of
the proposed sampling method and the patch-based baseline.
The patch-based method extracts the partial point cloud of the
plasticine based on color. It then reconstructs a convex hull
around the incomplete point cloud and extracts points from

Loss Types

CD↓

EMD↓

HD ↓

CD Loss
EMD Loss
Mixed Loss

0.0344 ± 0.003
0.0328 ± 0.002
0.0327 ± 0.002

0.0267 ± 0.006
0.0230 ± 0.004
0.0231 ± 0.004

0.0851 ± 0.018
0.1068 ± 0.011
0.0790 ± 0.016

Fig. 7: Comparison of different trajectory optimization
methods. We benchmarked four different optimization algorithms, including gradient descent (GD), cross-entropy
Method (CEM), random shooting (RS), and reinforcement
learning (RL). CD and EMD are computed on the target shape
‘A’. Lower is better.

the gripper point cloud within the reconstructed convex hull
to patch the point cloud of plasticine.
In Table I, we compute the average distance between the
sampled particles and the ground-truth particles provided by
the simulator. We find that our method (‘crop-based’) achieves
lower losses for both CD and EMD and outperforms the
patch-based baseline. These results resonate with the intuition
that additional physics and shape priors of the gripper can
significantly improve the sampling quality in occluded scenes.
2) Dynamics Model Learning: We train the GNN model as
explained in Section III-C. Specifically, we first construct the
graph by connecting edges between two vertices with the proximity threshold d = 0.05. For each edge and vertex, we encode
them with 3-layer MLPs with hidden and output layers each
of size 150. The propagator consists of one fully connected
layer with an output layer size of 150. The motion predictor
is another 3-layer MLP with a hidden layer size of 150. All
of the neural networks use ReLU activations. The models are
trained for 100 epochs with the Adam optimizer [22], a batch
size of 4, and a learning rate of 1e-4.
We then evaluate GNN-based dynamics models trained with
different loss functions. In Table II, we find that although using

t

TABLE III: Results for tool selection averaged over all the
target shapes.
Methods
w/ Tool Selection
w/o Tool Selection

CD↓

EMD↓

0.0408 ± 0.005
0.0409 ± 0.005

0.0337 ± 0.007
0.0345 ± 0.007
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Fig. 8: Manipulation result in the simulation. On the left
are the manipulation steps. On the right are the result and its
overlay with the target point cloud. The cyan point cloud is
the target, blue the result.
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Fig. 9: The three views of result and target point cloud
overlay with a free-moving gripper. The blue dots are the
point cloud of the plasticine, the cyan ones are the target point
cloud, and the red dots represent the two fingers of the gripper.

CD, EMD, or a combination of CD and EMD has similar
performance in terms of CD and EMD losses, the Hausdorff
distance is significantly improved with the combined loss.
In Figure 5, we plot the CD and the EMD against the
time horizon. We find that although the distance inevitably
becomes larger as the model predicts farther into the future,
it remains in a reasonable range. This result confirms that it
is possible to use these models for manipulation. In Figure 6,
we visualize the predicted particles when rigid motions exist
in the sequence. We find that our model is able to predict
particles under both rigid motion and non-rigid motion.
3) Manipulation Results: We also evaluate the manipulation results of RoboCraft through ablation studies.
Trajectory optimization methods. We compare different trajectory optimization methods including random shooting (RS),
gradient-based planning (GD), gradient-free planning (CEM),
and reinforcement learning (model-based Soft Actor-Critic).
Specifically, for the reinforcement learning baseline, we use
the same action space as in other planning methods. The statespace consists of the position of all the particles and also the
gripper. The reward function is computed from the difference
in CD or EMD after each grip. For training, we use a discount
factor of 0.99 and a learning rate of 0.001 with the Adam
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Fig. 10: Dynamics prediction of the plasticine in the
real world. The first row shows the sampled particles from
the actual visual observation. The second row is the openloop prediction of the particle distributions using our learned
dynamics from just 10 minutes of real-world interaction data.
Red dots represent the gripper’s location.

optimizer. We use 2-layer MLPs with 256 hidden units and
ReLU activation for both the policy and critic models. We
initially collected 50 episodes of warm-up data before training.
The replay buffer size is 1e6 and the target smooth coefficient
is 0.005. As shown in Figure 7, we find that gradient-based
optimization with the learned model outperforms all other
methods. We attribute this to the strong optimization power
of gradient-based optimization in the simplified action space.
We note that the limited-time BFGS optimizer provides the
best results in practice.
In Figure 8, we visualize the procedure of manipulating the
object towards the target shape using a gradient-based method.
We find that the agent can handle various challenges such as
small grooves in the letter ‘E’ and asymmetry in the letter ‘Z’.
This demonstrates that the method can leverage the GNNbased dynamics model for effective manipulation under the
MPC framework. More visualized results can be found in the
video material.
Complex action space. We evaluate our method when all
DoFs are actuated for the robot gripper, namely Shaping with
7 DOF gripper. In Figure 9, we show the top view, front view,
and perspective view of the overlaid result and the target point
cloud. We find that the proposed method can learn to rotate the
gripper in order to achieve the target shape. This experiment
shows the potential of the proposed method to scale to more
complex action spaces.
Tool selection. We evaluate our method when two grippers
with different sizes can be selected for each grip. In Table III,
we find that when more tool choices are provided, the performance can be further improved.
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Fig. 11: Manipulation results on a real robot. On the left are the shaping steps. On the right are the results and
corresponding target point clouds. We want to emphasize that our model is learned purely from offline data collected via
random interactions (10 minutes); thus, the target shapes have never been seen during training. Yet our pipeline can still
achieve these targets with reasonable accuracy.

B. Learning Real-World Manipulation of Deformable Objects
We now present an evaluation of our method on a real robot.
We first evaluate the quality of the dynamics model with only
10 minutes of real-world data. In Figure 10, we visualize the
comparison between the output from the trained model and the
sampled data. Our method is able to model the dynamics even
with limited training data. We then show that the proposed
method is able to manipulate the plasticine to shapes that
are unseen in the training data. Example trajectories of the
robot manipulating the plasticine are shown in Figure 11. The
method successfully identifies the asymmetry in the target
shape ‘B’ by putting the finger closer to one side of the
plasticine at the beginning of the grip. For more complex
shapes such as the letter ‘A’, the method also seems to
creatively discover a solution that roughly achieves the target
shape. These results illustrate that, although the task is very
challenging, our method is able to perform well with a small
amount of training data.
C. Comparing with Other Dynamics Models in the Real World
RoboCraft uses a GNN-based dynamics model learned from
real-world data. We compare its efficacy with two other widely
adopted options: 1) a physics simulator based on Material

Point Method (MPM) with manually selected parameters and
2) a GNN learned in the simulator with simulation data. We
follow previous work [19] to create the MPM dynamics model.
As shown in Figure 12, RoboCraft outperforms both baselines.
We attribute this to the fact that RoboCraft learns from realworld data while other models suffer from the large domain
gap between simulation and reality.

D. Generalizing to Novel Initial Shapes and Material Types
We test the generalization ability of RoboCraft by applying
the framework to different initial object shapes and material
types (modeling foam). As shown on the left of Figure 13, we
find that RoboCraft can manipulate the objects with a circle,
triangle, or rectangle as their initial shapes into our target shape
‘X’. We also display the result of the original square shape
in this figure for comparison. In the right side of Figure 13,
we test whether the dynamics model of RoboCraft which is
trained on plasticine can be used to manipulate modeling foam.
We find that it can also roughly make an ‘X’ shape without
retraining. The results illustrate the potential of RoboCraft to
generalize to various unseen scenarios.

TABLE IV: Results of human subjects and the robot in the
simulator. Numbers are averaged over all the tested shapes.
Methods
Human Subjects
RoboCraft (ours)
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CD↓

EMD↓

0.0655 ± 0.025
0.0359 ± 0.007

0.0661 ± 0.023
0.0340 ± 0.005
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Fig. 12: RoboCraft outperforms methods that use Material
Point Method (MPM) or GNN-based model trained in
simulation (simGNN) as the dynamics model. The first two
columns show the outcomes of transferring control signals
from MPM models into the real world. The third and fourth
columns show the outcomes of transferring the simGNN
model into the real world. We list the outcomes of RoboCraft
as well as the target shapes for comparison.
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Fig. 13: RoboCraft generalizes to different initial shapes
and material types. Left: RoboCraft is applied on 3 different
initial shapes including circle, triangle, and rectangle. Right:
RoboCraft is applied on modeling foam.

E. Results on Comparing with Human Performance
We invited four amateur humans to perform the same
task with the robot gripper in both simulation and realworld settings. While humans are not trained to manipulate
plasticine, they usually have strong intuitive understandings
of the dynamics of plasticine. Each user was asked to shape
three pieces of plasticine in each domain. For the simulation
experiments, we provided a successful manipulation video as
an example for the users and allowed two trials for each shape
since the dynamics in the simulation were also new to each
human. The human subjects controlled the gripper using the
keyboard to shape the plasticine to ‘C’, ‘E’, ‘Y’, ‘Z’, and
heart. In the real world, we allowed the users to play with
the plasticine for one minute before resetting it to the starting
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Fig. 14: Shaping results by amateur humans and
RoboCraft. Results in the first two rows are from human
subjects. The results in the third row are from the robot. The
left two columns are results in the simulation. The right two
columns are the results in the real world.

shape for the experiment. After that, human users controlled
the robot arm and gripper manually in the guiding mode to
shape the plasticine to ‘A’, ‘B’, ‘R’, ‘T’, and ‘X’. In Table IV,
we show the average distance over all the target shapes from
four users, in comparison with that of our agent. Empirical
evidence suggests that the proposed tasks are challenging for
both manipulation algorithms and untrained human subjects
alike. We also find that RoboCraft is comparable to or stronger
than amateur humans on the tested tasks. One observation is
that RoboCraft outperforms humans in the distance metrics.
However, the visualized human results are recognizable even
when the distances are high, suggesting that better evaluation
metrics are desired. In Figure 14, we show the outcome from
both human users and the robot for comparison.
VI. C ONCLUSION
We have proposed the first model-based framework that
manipulates elasto-plastic objects to complex unseen target
shapes both in simulation and on a real robot, with only 10
minutes of robot exploration time. Real robot experiments
demonstrate the high efficacy of the proposed system, with the
control algorithm outperforming amateur human users. Furthermore, we explore the possibility of applying the proposed
method to harder tasks with complex action spaces, mixtures
of motion modes, and multiple tools.
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