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Abstract— We present a system to address a new problem
of removing all granular objects from a container using a
scoop, a task that requires long-horizon reasoning over the
complex interactions between granular objects, the scoop, and
the container. To tackle this challenge, we adopt a graph-
based neural dynamics (GBND) model trained through sim-
and-real co-training that leverages both rich synthetic data and
a small amount of real-world data. Using the learned model,
we plan long-horizon scooping sequences of behavior primitives
with Monte Carlo Tree Search (MCTS). Extensive experimental
evaluations demonstrate that our system with the co-training
strategy is capable of removing all materials in a container with
fewer than 20 scoops, significantly outperforming strategies
that use only simulation or real data. Our approach can
also generalize in a zero-shot manner to new materials, and
quickly adapt to new containers with few additional data points.
More videos and analyses are available on our project website
https://scoopthemall.github.io/.

I. INTRODUCTION

Robotic manipulation of granular objects is fundamental
for various applications, spanning healthcare [1]–[3], indus-
trial assembly [4], construction [5], collaborative robotics [6],
and scientific exploration [7]. In this work, we study the
problem of scooping all granular objects in a container
(SAGO). While scooping granular terrains and in open
space can often succeed with simple heuristic motions [5],
[7]–[9], SAGO goes beyond simple heuristics and requires
strategic, long-horizon planning. The robot must carefully
coordinate its actions to ensure full coverage and recover
from errors, because single-scoop mistakes can compound,
leaving objects in unrecoverable states and causing task
failure. In addition, SAGO is different from tasks such as
scooping and excavation in open spaces [5], [8]–[10] and
planar manipulation of granular materials [11] that mainly
involve interactions between the scoop and granular particles.
Instead, it requires the robot to also reason about the interac-
tions among the scoop, granular particles, and the container.

To address these challenges, we adopt a model-based plan-
ning approach that employs graph-based neural dynamics
(GBND) to learn the system dynamics [11], [12], which
implements a graph neural network (GNN) for dynamics
learning and has shown good performance on learning the
dynamics of granular media. Different from prior works [11],
[12], where a small amount of real-world data is sufficient
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Fig. 1: Overview of our SAGO task and our approach. We do a co-
training of graph-based neural dynamics model using simulation
and real-world data and use an MCTS planner to decide primitives
and execute robot actions.

for their tasks, using only real-world data performs poorly
on SAGO. Instead, we develop a co-training strategy that
combines a small amount of real-world data with large-
scale, low-cost simulation data, which we refer to as sim-
and-real co-training. Although simulation exhibits a notable
sim-to-real gap for granular objects, we find that this strategy
significantly improves the accuracy of the learned dynamics
model. In particular, simulation provides privileged access
to full particle states, while real-world data offers grounding
in real-world sensor noise and dynamics. Together, these
complementary sources enable accurate and transferable
dynamics learning. Our experiments demonstrate that the
dynamics models co-trained with simulation and real data
significantly outperform those trained solely on simulation
or real-world data. We also find that the dynamics models
trained with real-world data plateau in their performance as
the amount of data increases, significantly underperforming
those co-trained. This highlights that simulation data is not
only helpful, but also necessary for accurately modeling our
task. Once the model is learned, we employ Monte Carlo
tree search (MCTS) with an action primitive library to plan
long-horizon actions that efficiently remove all materials.

In summary, our contributions are threefold: 1) We in-
troduce a challenging multi-step task SAGO, that requires
scooping all granular objects from a storage container; 2)
We present a scooping system that leverages co-training with
simulation and real data for learning a GNN model and a
MCTS-based planner for completing the task at high success
rates; 3) We perform extensive experiments that demonstrate
the effectiveness of our approach across various types of
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Fig. 2: Overview of our framework. (Left and Middle) The first row shows parallel simulation environments and simulation data are
collected; the second row shows the real-world environment and some cashews are swept by a spoon. (Right) The proposed planning
pipeline, where RGB-D observations are passed to the MCTS planner to select the type and parameters of a skill, and then re-plan based
on new observation.

granular objects and containers. Our sim-and-real co-training
strategy is the only approach that is capable of scooping all
materials out of the container.

II. RELATED WORKS

In this section, we review related works in granular
material manipulation tasks. Then we review closely related
works in the technical approaches for leveraging sim-and-
real co-training in robotics, and long-horizon planners for
non-prehensile manipulation tasks.

A. Granular Material Manipulation

Many granular material manipulation tasks have been
explored, such as scooping and excavation from open
spaces [7], [13], grasping [14], and pushing [12], [15]. The
most closely related works study pushing and shape-forming
of granular materials on planar surfaces [12], [15], which
can be seen as special cases of our more general setting. Our
task requires reasoning about interactions with containers of
varying shapes and planning over long horizons, introducing
additional complexity beyond planar pushing. While these
works also leverage GNNs to train the dynamics model,
they train the models only on real-world data, whereas we
demonstrate that co-training on simulation data is not only
helpful but also necessary to achieve good manipulation
performance on this task. In addition, we leverage MCTS
to plan long manipulation sequences with complex behavior
primitives.

B. Sim-and-Real Co-Training in Robotics

While real-world data is expensive to collect, various
works have demonstrated that mixing model training with
simulation and real data boosts the performance of the
trained model in robotic manipulation tasks [16]–[19]. We

similarly adopt this idea for training GNNs to model the
interaction dynamics of granular objects with rigid tools
and environments. As we will detail in Sec. IV-A, one
interesting finding is that in this task, models only trained
with increasing amounts of real-world data would start to
plateau in their performance, significantly underperforming
those co-trained with sim and real data. This is likely due
to the fact that simulation data provides privileged state
information of all the particles in the scene and boosts the
accuracy of the trained model.

C. Long-horizon Planning for Non-Prehensile Manipulation
Tasks

Long-horizon manipulation is a longstanding challenge
in robotics [20], [21]. Integrated task and motion planning
(ITMP) combines discrete task planning with continuous
motion planning, enabling robots to holistically consider
actions and their long-term consequences [22]. Other prior
works explored table-top non-prehensile rearrangement tasks
using a planar push [23]–[26] or MCTS [27] algorithms.
MCTS can search in high-dimensional state spaces with an
adaptive sampling strategy. However, these works assume
negligible sim-to-real gap and thus employ physics-based
simulators such as box2d [28] and pybullet [29] to predict
the effect of a robot action. In this work, we adopt an
MCTS framework because of its ability to search in high-
dimensional spaces efficiently, which is well suited for long-
horizon tasks.

III. PROBLEM STATEMENT

We formulate the task of scooping all granular materials
out from a container using a spoon as a sequential decision-
making problem. In each episode, the robot observes a



colored point cloud of the scene with semantic labels l ∈
{container, granule, scoop} for each point, uses a policy to
apply an action a from a discrete set of parametrized behav-
ior primitives A, and receives a binary reward of whether
the container is empty. Each skill a consists of a sequence
of atomic actions (u1, u2, · · · , ut), ui ∈ Rdcontrol , generated
from semantically meaningful parameters θa ∈ Rda where da
denotes the number of parameters for skill a. When presented
with a task T , characterized by the container type, and the
granular object type, the goal for the robot is to empty the
container in as few actions as possible.

As shown in Fig. 2, the scooping system consists of a
robot arm equipped with a spoon at the end-effector, along
with 4 calibrated RGB-D cameras that generate merged point
clouds of the entire scene. The task is to transfer all granular
materials from one container to the other. We assume that the
container in the scene and the robot scoop are known. The
raw point cloud of the scene is first segmented to remove all
points except for the container, the granular materials, and
the scoop, given the knowledge of the scoop and container
poses obtained from robot proprioception and the estimation
of container pose with colored ICP [30]. All points above
the container bottom are treated as points belonging to the
granular particles. Since only the surface of the granular
particles is observed in the raw point cloud, we fill the
space between the surface point cloud and the container
bottom with additional points. Finally, we downsample the
point cloud with furthest point sampling [31] with a varying
maximum number to be 125 for the computational efficiency
of GNNs and assign semantic labels to all points in the scene.
We denote the positions of the downsampled point cloud as
X .

IV. METHODOLOGY

Our method adopts a GNN to model the interactions
between the particles, the container, and the spoon in contact.
Compared to black-box neural networks, GNNs take advan-
tage of the local interactions between granular particles to
achieve better generalizations [11]. The dynamics model is
co-trained on both rich simulation data and a small amount of
real-world data. During task execution, we adopt an MCTS
planner to plan a long action sequence in each episode to
remove as many particles as possible, until all particles are
scooped out or the time budget is exceeded. In the rest of
this section, we first present the dynamics model and the
training process, and then detail the planner along with the
behavior primitives.

A. Learned Dynamics Model

Inspired by [11], [32], we model the scene as a GNN and
learn the dynamics of how X evolves given a robot action.
The state of the GNN at time t is formed by (Ot, Et), which
consists of a set of GNN vertices and edges. Each vertex
oi,t = ⟨xi,t, ci,t⟩ consists of the 3D positional information
xi,t and vertex attribute ci,t that is the semantic label of the
vertex. To represent robot control commands, for vertices
belonging to the scoop, we additionally augment the vertex

attribute ci,t with the intended motion vi,t, encoding how the
robot is expected to move at that point in time. The graph
vertices Ot are set to be equal to Xt. Each edge ek,t =
(uk, vk, ck) denotes the relations between the vertices and
can represent both interactions between granular particles,
and those with the scoop and the container. Here k is the
edge index, uk and vk denote the receiver and sender vertex
index, and ck denotes the relationship type of the two vertices
(e.g., between granular particles). The edges are formed
between the vertices based on a predefined distance metric
and dynamically evolve over time as the vertices move, hence
the time subscript t on the edges.

To learn the dynamics of the entire scene given a robot
action with a GNN Xt+1 = f(Xt, ut), the vertices and edges
are assigned with latent features hO

i,t and hE
k,t, generated by

Multi-Layer Perceptron (MLP) encoders. Then to predict the
positions of the vertices at time t+1, an object function fO

and an edge function fE are used:

hE
k,t+1 = fE(hE

k,t, h
O
uk,t

, hO
vk,t

) ∀ek,t ∈ Et, (1)

hO
uk,t+1 = fO(hO

uk,t
,

∑
vk∈Nuk

hE
uk,vk,t

) ∀ouk,t ∈ Ot, (2)

where Ni is the set of edges with particle i as the receiver.
The functions fO and fE are both instantiated with MLPs,
and multiple iterations of message passing are employed to
propagate the signals across the graph. We denote the model
parameters of the GNN by ϕ, which consists of the weights
of the MLPs.

B. Sim-and-Real Co-Training

To enable model generalization and real-world transfer,
we adopt a co-training strategy that leverages both synthetic
data that are agnostic to specific granular material types, and
real-world data collected for materials of the target task. The
same set of synthetic data is reused across all tasks.

To generate diverse synthetic data, we randomize the
initial scene configurations in simulation using the domain
randomization parameters such as friction coefficients, ob-
ject radius, number of objects, and object initial positions.
Each episode involves sampling a behavior primitive type
a and its parameters, and executing the corresponding ac-
tion sequence. The simulator uses square-shaped containers
with randomly sampled side lengths to introduce geometric
variability across episodes. Since the simulator provides full
particle-level state information, we directly downsample the
resulting point cloud for each timestep to form training
triplets di = (Xi, ui, Xi+1), yielding a synthetic dataset Dsim
with Nsim samples.

Real-world data Dreal is generated by randomly sampling
and executing behavior primitives on the physical system.
After each execution, the scooped particles are returned to
the container to reset the scene. We record point cloud
observations before and after each action and process using
the perception module, resulting in Nreal data points of the
same form di = (Xi, ui, Xi+1).



Since the simulator provides accurate particle-to-particle
correspondence, we can adopt the mean squared error (MSE)
loss defined as:

LMSE(ϕ;Dsim) =
1

Nsim

∑
di∈Dsim

∥Xi+1 − fϕ(Xi, ui)∥2 ,

(3)
where fϕ denotes the learned GNN dynamics model

parameterized by ϕ.
In contrast, the real-world data lack pointwise correspon-

dences due to independent downsampling at each timestep.
We therefore use the 3D Earth Mover’s Distance (EMD) [33]
to measure the distributional difference between the predicted
and observed point clouds. The EMD loss is defined as:

LEMD(ϕ;Dreal) =
1

Nreal

∑
di∈Dreal

min
µ: fϕ(Xi,ui)→Xi+1

∥µ(fϕ(Xi, ui))−Xi+1∥2 ,
(4)

where µ is the optimal bijection minimizing transport cost
between predicted and ground-truth point sets. While the
resolution of the point cloud downsampling affects the EMD
loss calculation, we find that it is overall insensitive to
the resolution of the downsampling. The final training loss
combines both objectives:

L = αLMSE(ϕ;Dsim) + (1− α)LEMD(ϕ;Dreal), (5)

where α is a constant, and we have set it to 0.98, which
works well empirically.

C. Behavior Primitives and Planner

We adopt a model predictive controller to complete the
task. The controller iteratively plans a sequence of actions
to minimize some objective and executes the first planned
action. Here, we first detail the behavior primitives, and then
present the MCTS-based planner.

To scoop objects out of the container, one common prac-
tice is to adopt parameterized scooping action from past
excavation literature [34], but in practice, it is hard to scoop
anything when the number of object pieces in the container is
low. For humans to accomplish this task, it is intuitive to use
the corner edge of the container and leverage counter forces
to scoop objects out. Therefore, we define four primitives as
defined in Table 1.

To plan sequences of actions over a long horizon for
the container clearing task, we utilize Monte Carlo Tree
Search (MCTS). MCTS constructs a lookahead search tree to
evaluate action sequences from the current state X0. We en-
hance the standard MCTS algorithm by incorporating learned
neural policy (pθ) and value (vθ) networks, inspired by

AlphaZero [35], to effectively guide the search. Furthermore,
our learned graph-based dynamics model fϕ (Section IV-A)
is used within the search to predict the outcomes of simu-
lated actions. MCTS builds a search tree through selection,
expansion, and backpropagation. At each node, the planner
predicts the next state via Xi+1 = fϕ(Xi, a) to evaluate and
expand the tree. After a fixed number of simulations, the
most promising action a∗ ∈ A is selected based on visit
counts N(X0, a).

Although a natural choice for the reward function
for planning is the amount of materials scooped using
Scoop-Corner and Scoop-Side, it is extremely chal-
lenging to train the dynamics function to accurately predict
particles lifted by the scoop. Instead, we use grid-search
to optimize the scooping angle of Scoop-Corner and
Scoop-Side according to a small-scale pilot experiment,
and fix the parameters for planning on one container. As
a result, we simply use a reward function that encourages
the materials to be gathered to the corner of the container,
before being scooped up. The reward is defined by the EMD
between the predicted state and a manually defined target
state, where all particles are gathered in the corner.

V. EXPERIMENTS

Fig. 3: Different containers (from left to right: Container 1, Con-
tainer 2, Container 3) and granular materials (from left to right:
Almonds, Pistachios, Cashews, Peanuts) considered in this work.

We conducted experiments using materials and containers
shown in Fig. 3. As illustrated in Figure 2, each episode
begins with a pile of these materials placed in a container
on the left. The robot’s goal is to transfer all materials to
the right container. Using Isaac Gym PhysX [36], we set
up a simulation environment designed to closely replicate
real-world conditions, including a square storage container,
a spoon of similar shape to the one used in the real-world
setup, a 7-DOF robot arm, and spherical objects to simulate
granular objects. The setting of action primitives is the same
for both the simulation and real-world experiments.

We seek to address three key questions in the experiments:
1) Do dynamics models co-trained with both simulated and
real data outperform those trained solely on simulated or

Name Description Params
Sweep-Left gathers particles towards the left side x_init, x_end
Sweep-Front gathers particles towards the front side y_init, y_end
Scoop-Corner scoops particles from a corner region x_init, y_init, rotation angle
Scoop-Side scoops particles accumulated along a container wall x_init, twist angle

TABLE I: Description and parameters of behavior primitives
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Fig. 4: Dynamics prediction results in terms of 3D EMD using the Almond and Pistachio materials in Container 1 with the four primitives.
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Fig. 5: Qualitative result of different dynamics model prediction for different materials and skills. From left to right: side view of the
primitive start; top-down view of the object state change before and after the action; corresponding dynamics prediction and ground truth
from three different models. The red and blue points indicate the starting and ending point of the action. For the scoop primitive, we only
consider the first half (dragging) as the goal is to gather as many particles to the corner as possible.

real data in terms of prediction accuracy? 2) Does this lead to
better manipulation policies? 3) Can the approach generalize
to different materials and containers?

A. Effectiveness of Dynamics Models

To answer the first question, we compare the prediction
error measured by 3D EMD loss across three different
dynamics models: a GNN dynamics model trained from
simulation data (denoted as sim-only), a GNN dynamics
model trained on real-world data (denoted as real-only), and
a GNN dynamics model co-trained with sim and real data
(denoted as ours). For these experiments, we use the Almond
and Pistachio materials in Container 1. We use 2500 samples

from simulation and 50 samples from the real-world data for
training, with the training procedure described in Section IV-
B.

The quantitative results of the experiments are demon-
strated in Fig. 4, and some qualitative results are shown in
Fig. 5. The model co-trained with sim and real data (ours)
outperforms those trained on pure simulation data (sim-only)
and pure real-world data (real-only) across all skills and
materials. Our empirical analysis reveals distinct limitations
of sim-only or real-only training approaches. The sim-only
model captures general motion trends but exhibits large sim-
to-real gaps, consistently overestimating manipulation ef-
fects. In contrast, the real-only model, constrained by limited
training samples, fails to generalize effectively—particularly
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Fig. 6: Left: Manipulation rollouts of Ours, heuristic, sim-only, and real-only approaches for Almond and Pistachio. Right: Scooped
mass over action steps. Our method achieves 100% success rate within 18 action steps, outperforming baselines by 29.7%, 26.5%, and
13.8% (heuristic, real-only, sim-only) for almond scooping, and by 25.3%, 18.9%, and 7.5% for pistachio scooping at the final state.
Primitive actions (Sweep-Front, Sweep-Left, Scoop, Scoop-Side) are color-coded beneath each rollout visualization. Performance curves
show scooped mass trajectories with variance bands, where our approach demonstrates superior convergence and consistency compared
to baseline methods, scooping out maximum capacity earlier with lower variance.

Fig. 7: 3D EMD loss for Sweep-Front with Almond in Container
1 with different numbers of real samples.

evident in its inability to predict pushing and sweeping dy-
namics accurately. By leveraging both simulation priors and
real-world interactions, our co-training approach achieves
better dynamics prediction that closely matches ground truth

distributions while maintaining consistency across diverse
manipulation scenarios.

We also evaluated the effect of increasing the amount of
real-world data on model performance, as shown in Fig. 7.
Although the model trained exclusively on real-world data
improved with more samples, its prediction performance
plateaued quickly despite the increased data. In contrast,
models trained using our hybrid framework required fewer
real-world samples yet achieved higher accuracy than models
trained on simulation or real-world data alone. This high-
lights the importance of using simulated data, which is not
only helpful but also necessary to the quality of the
learned granular dynamics model.

B. Manipulation Results

To demonstrate the effectiveness of the dynamics model
on the scooping task, we conducted comprehensive SAGO
experiments on Pistachio and Almond. The baseline methods
include using the same MCTS planner but with the sim-
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interaction samples per skill, our approach completes scooping in 18 and 9 steps for pistachios and almonds respectively in new containers,
and achieves 100% success on peanuts (13 steps) and cashews (11 steps).

only and real-only dynamics models, and an additional
heuristic baseline with fixed primitive order (Sweep-Left,
Sweep-Front, and Scoop-Corner). For all the rollouts,
we set an action budget of 18. The results are shown in Fig. 6.
Our method is able to outperform all the baselines. Notably,
our model could accomplish the task with an average number
of actions of 14.7 on the Pistachio task, which none of the
other baselines could finish.

Interestingly, the model trained purely on simulation data
(sim-only) achieves better manipulation results than the
model trained on real-world data (real-only), which aligns
with the dynamics prediction result. We hypothesize that
this is because the sim-only model captures general object
movements more effectively, while the real-only model,
limited by the number of real-world samples, struggles to
identify the effects of certain actions.

C. Generalization to New Materials

To evaluate our approach’s generalization capabilities
to novel materials with similar properties (Peanuts and
Cashews), we deploy the dynamics model co-trained with
simulation data and Pistachio data without finetuning in
the planner. As shown in Fig. 8, our approach achieves
successful scooping with a 100% completion rate, requir-
ing only 13 and 11 action steps, respectively. This zero-
shot transfer demonstrates that our sim-and-real co-training
framework has the potential to learn generalizable manipula-
tion strategies that transfer to materials with similar granular
properties, without requiring further task-specific training for
each new material. On the other hand, the planner that uses

a real-only dynamics suffers in this zero-shot deployment.

D. Adaptation to Novel Container

To evaluate adaptability to different container geometries,
we tested whether minimal real-world samples enabled trans-
fer to unseen containers. Our approach, trained in simulation
and real-world data from container 1, is augmented with only
10 data points each from novel Container 2 and Container 3.
As shown in Fig. 8, with these minimal extra data, our system
successfully completes the tasks in 18 steps for Pistachios
and 9 steps for Almonds in the new containers. This demon-
strates that our sim-and-real co-training framework has the
potential to effectively adapt to novel container geometries
as well.

VI. CONCLUSIONS

In this work, we address the problem of scooping all
granular materials from containers, which requires long-
term reasoning about the dynamics of granular particles
interacting with the scoop and the container. We develop a
framework combining a graph-based neural dynamics model
with an MCTS planner for long-horizon decision-making.
We demonstrated the importance of co-training the GNN on
both simulated and real-world data, which leads to efficient
scooping and significantly enhances our pipeline’s perfor-
mance over those with models trained solely on simulation
or real-world data.

Our work exhibits several limitations: (1) the system
requires high-quality primitives, which are sometimes infea-
sible and inflexible in an open-world setting; (2) we have not



considered very small grains of objects like corn and rice,
which may be a future direction for broader use cases.
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