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Fig. 1: MoRE: Mixture-of-Motion Experts for Multi-Physics Robotic World Models. MoRE predicts action-conditioned 3D
scene dynamics across diverse manipulation settings by routing interactions to specialized motion experts. Operating directly
in 3D point cloud space, our model captures contact-rich interactions between different tool geometries and objects under
heterogeneous physical regimes, including rigid pushing and deformable manipulation in both prehensile and non-prehensile
settings. Trained at scale in simulation and integrated with model predictive control, MoRE enables accurate, real-time (20
FPS) dynamics prediction and generalizes across tasks, materials, and object instances.

Abstract—A robotic world model should predict how objects

evolve under robot actions and physical dynamics. Existing 3D

world modeling approaches can only handle a narrow set of

object interactions per model, failing to generalize to new objects.

In this paper, we propose MoRE, a novel 3D world model that

switches between different “motion experts” that each handle

a different type of interaction (e.g. rigid-body vs. soft-body,

prehensile vs. non-prehensile). This design allows a single model

to efficiently learn a wide variety of physical dynamics, enabling

generalization to unseen objects. We train a 1B-parameter

version of our model on a diverse dataset of object interactions

collected in IsaacSim and demonstrate that integrating our world

model with Model Predictive Control (MPC) enables a range

of manipulation tasks using a single model. Experiments show

that our method outperforms existing approaches on both rigid

and deformable dynamics prediction benchmarks and real-world

tasks, highlighting its effectiveness for robotic manipulation.

I. INTRODUCTION

Robots that operate in the physical world must predict
how the environment evolves under their actions. A robotic
world model [65, 67, 25, 20, 42, 19, 57] predicts future scene

evolution conditioned on robot controls, which is fundamen-
tal for planning, control, and long-horizon decision making.
This is especially crucial in contact-rich real-world manipula-
tion [49, 55, 35, 61, 60]. For instance, a house cleaning robot
must anticipate cloth and object motion; a cooking robot must
predict material deformation under tools.

Building such a dynamics model is hard. A useful robotic
world model must be accurate, physical-plausible, 3D-aware,
and interaction-grounded. It must handle diverse physical
regimes, from rigid objects to deformable materials. It must
also support diverse manipulation modes, including both pre-
hensile and non-prehensile interaction, with grippers and a
wide range of rigid or soft tools. In short, we need models
that are geometric-grounded, multi-physics, multi-tool, and
contact-rich.

Existing approaches address only part of this problem.
Physics-based methods [28, 58, 15] leverage differentiable
simulators and support long-horizon rollouts, but they often
require heavy system identification and expensive optimiza-



tion. Learning-based dynamics models [63, 10, 33, 36, 39, 59,
5, 47, 50, 33, 61] are typically narrow: they focus on a single
material type, tool, or task, and generalize poorly. Generative
video world models [19, 22, 67] scale well, but they lack
accurate 3D structure and action grounding, which limits their
utility for real robotic execution. A universal robotic world
model that is fully 3D, multi-physics, multi-tool, and precise
remains out of reach.

We aim to close this gap. We propose MoRE, a scalable
robotic world model that takes a short history of object–tool in-
teraction and predicts future 3D point trajectories conditioned
on the current action. Our core philosophy is simple: combine
scaling with physics-informed architecture design. We scale
data aggressively across simulation and real settings, spanning
diverse object geometries, materials, contact types, tasks, and
tools. This diversity is critical for generalization. At the same
time, we argue that robotics dynamics is fundamentally het-
erogeneous, and should not be forced into a single monolithic
predictor. Inspired by interaction structure [5, 33, 60, 61, 46]
in robotics and the success of Mixture-of-Experts [48, 16],
we introduce a Mixture-of-Motion Experts architecture. We
decompose dynamics into functional experts aligned with
physical regimes and interaction types (e.g., rigid vs. non-rigid,
prehensile vs. non-prehensile). All experts share a common
shape-and-motion encoder, but each expert is grounded by
appropriate constraints and inductive biases (e.g., rigidity
preservation). A learned gating module routes each interaction
to the right expert based on short motion history, effectively
inferring material and interaction mode from observation.

We evaluate MoRE in both simulation and real-world ma-
nipulation, covering pushing and grasping with rigid and de-
formable objects. Trained on a large-scale interaction dataset,
our 1B-parameter model runs in real time (20 FPS) and
integrates naturally with tuning-free MPC for closed-loop
control. Across dynamics benchmarks and real robot tasks,
MoRE consistently outperforms prior methods.

In summary, we make three contributions. First, we pro-
pose a 3D, point-based robotic world model for contact-
rich dynamics prediction. Second, we introduce MoRE, a
Mixture-of-Motion Experts framework designed explicitly for
heterogeneous physics. Third, we demonstrate strong real-time
performance and closed-loop control on both simulated and
real-world robotic manipulation tasks.

II. RELATED WORK

Existing robotic dynamic models can be broadly di-
vided into three categories: physics-based simulation methods,
learning-based dynamics models, and foundation robotic world
models. A comparison between our approach and representa-
tive prior work across these categories is shown in Table I.

A. Physics-Based Dynamic Models
Physics-based dynamics models [56, 45, 15] predict ma-

nipulation outcomes by explicitly simulating physical inter-
actions. For rigid bodies [38, 17, 30], common formulations
use state-based dynamics on the SE(3) manifold with contact

TABLE I: Comparison of robotic manipulation methods

across key capabilities: feed-forward inference and unified
modeling of multi-physics dynamics (different material prop-
erties of manipulated objects, e.g., rigid vs. deformable) and
multi-tool interactions (different end-effector geometries and
contact interfaces), as well as 3D-grounded geometry. Parti-
cleFormer shows partial multi-tool support but is trained per
scene. PointWorld relies on implicit dynamics while we ex-
plicitly routes interactions to physics-aligned motion experts.

Method Feed-forward Multi-phys. Multi-tool 3D

PhysTwin [28] ✁ ✁ ✁ ✂

PhysGaussian [58] ✁ ✁ ✁ ✂

AdaptiGraph [60] ✁ ✁ ✁ ✂

ParticleFormer [24] ✂ ✂ ✂† ✂

Points2Plans [27] ✂ ✁ ✁ ✂

RoboDreamer [67] ✂ ✁ ✁ ✁

DINO-WM [65] ✂ ✂ ✂ ✁

PointWorld [25] ✂ ✂ ✂ ✂

Ours ✂ ✂ ✂ ✂

constraints, implemented in rigid-body simulators [2, 3, 56,
12, 11]. For deformable and soft objects, simulators typically
rely on continuum or particle-based representations, such as
MPM [58, 7, 13, 52, 23, 54], PBD [41, 37, 1], or spring-mass
systems [64, 28], to capture material-dependent deformation.
Recent hybrid pipelines [58, 62, 8, 31] combine reconstruction
with physics-informed simulation to build digital twins for
future prediction. These approaches provide strong physical
priors and support long-horizon rollouts when parameters are
accurate, but often depend on system identification and ex-
pensive test-time optimization to match observations [28, 58].
Moreover, they typically require complete state and detailed
geometry as input, making them suffer under partial obser-
vations, sensor noise, or unknown materials. In contrast, our
method is feed-forward and physically grounded, avoiding
test-time optimization and explicit parameter identification.

B. Learning-Based Dynamic Models

Learning-based dynamics models [63, 10, 33, 36, 39, 59]
bypass explicit simulation by learning action-conditioned state
transitions from data. Early work represents objects and
interactions using graphs [33, 44], particles [61, 18, 33],
or GNNs [5, 47, 50], while more recent approaches adopt
transformer-style architectures to improve capacity and scal-
ability for contact-rich interactions. These models enable ef-
ficient inference and strong performance in specific regimes,
operating directly from observations. However, those models
remain narrow: they are trained on category or task-specific
datasets and implicitly assume fixed materials, tools, or in-
teraction modes. This often leads to overfitting and limited
generalization ability. Our model is also learning-based, but is
explicitly designed to support diverse materials, physical prop-
erties, object geometries, and action-conditioned interactions
within a unified framework.



C. Foundation Robotic World Models

Motivated by the success of large visual foundation mod-
els [42, 4, 43], recent work [19, 46, 21, 40, 22] build robotic
world models on top of such models. For example, DINO-
WM [65] models dynamics and performs planning in a DI-
NOv2 [43] feature space, while RoboDreamer [67] uses video
diffusion models [29] to synthesize future videos for planning.
However, these approaches are not explicitly grounded in 3D
geometry or contact interactions, which can limit physical
fidelity. Another line of work focuses on 3D foundation world
models that predict scene evolution directly in geometric
space [25]. The concurrent work PointWorld [25] predicts
action-conditioned 3D point flow from scene point clouds
and robot motion with implicit representations. In contrast,
our approach explicitly decomposes dynamics by interaction
type using learned gating, routing interactions to specialized
motion experts aligned with physical regimes and enforcing
regime-specific constraints, enabling more physically faithful
prediction across heterogeneous manipulation scenarios.

III. METHOD

A. Problem Formulation

We model a robotic 3D world model as a dynamical system
that predicts future scene evolution under robot actions and
physical interactions. Let st → S denote the current scene
state and at → A the current robot action, where S and A are
geometry-based point-cloud spaces defined below. Given the
current state–action pair (st, at) together with a finite history
of past states and actions {st→H→:t→1, at→H→:t→1}, the goal is
to predict future scene states over a horizon of H steps.

We parameterize the world model as

st+1:t+H = fω

(
st, at, st→H→:t→1, at→H→:t→1

)
. (1)

We represent each scene state as a 3D point cloud, st → S :=

RNS↑3 with NS being the number of scene points. Crucially,
we design the action space A in a geometry-centric manner:
unlike most prior work that conditions dynamics on joint com-
mands, end-effector poses, or sparse keypoints [32, 51, 14],
we represent each action by the full 3D state of the tool as
a point cloud, at → A := RNA↑3. Specifically, low-level
robot controls are mapped via forward kinematics to at, where
the tool is any directly actuated geometry by the embodiment
(e.g., grippers, hands, cookware, or daily tools), as long as its
state can be computed via forward kinematics. This represen-
tation decouples the world model from embodiment-specific
kinematics, enabling cross-embodiment transfer and multi-tool
generalization across diverse manipulation tasks. Conditioned
on the current and historical scene–action point clouds, the
model predicts future scene point clouds st+1:t+H , capturing
rigid-body motion, deformation, and contact-induced dynam-
ics.

B. Mixture-of-Experts Dynamic Modeling

Real-world physical interactions span diverse regimes, from
rigid to non-rigid dynamics and from prehensile to non-

prehensile manipulation. These regimes impose distinct kine-
matic and kinetic constraints, making a single monolithic
transformer difficult to learn and optimize for uniformly accu-
rate prediction. Yet, we observe that the interaction regime
is often straightforward to infer from a short history of
states and actions. Motivated by this, we adopt a Mixture-of-
Experts architecture that identifies motion patterns and routes
to specialized dynamics decoders for generic multi-physics
modeling.

Given the current and historical scene states and actions
represented as point clouds, we encode them using a scene
encoder and an action encoder to obtain point embeddings. The
embeddings are fused into a unified representation zt, which
serves as a shared conditioning for both the gating function
and all expert dynamics models. We predict a one-hot routing
vector via a gating function g(·):

gt = gω(zt); where gt → {0, 1}K ,

K∑

k=1

g
(k)
t

= 1, (2)

where K is the number of experts. This hard routing encour-
ages clear expert specialization and reduces interference across
heterogeneous physical regimes.

Each expert dynamics model fk takes the same shared
embedding zt as input and predicts the next H-step scene
states. The overall MoE prediction is

st+1:t+H =

K∑

k=1

g
(k)
t

fk(zt), (3)

which is equivalent to activating only the selected expert under
one-hot routing. The overall architecture is shown in Fig. 2.

C. Physics-Aware Expert Design

A key advantage of our MoE formulation is that expert
routing is physically meaningful. Each expert corresponds
to a distinct interaction regime with different kinematic and
dynamic constraints, enabling not only clearer specialization
but also regime-specific parameterizations and training ob-
jectives. In our instantiation, we use three experts: (i) rigid
non-prehensile, (ii) deformable non-prehensile, and (iii) de-
formable prehensile. We omit rigid prehensile interactions,
since rigid grasping typically induces limited physics uncer-
tainty when slip is negligible, and can be well modeled by
existing world models.

a) Rigid Non-Prehensile Expert.: For rigid objects, mo-
tion is fully characterized by a global 6-DoF rigid transform
(Rε , tε ) → SE(3). Accordingly, the rigid expert predicts a
sequence of transforms via an internal head

(ωt+1:t+H , tt+1:t+H) = hrigid(zt), (4)

where ωt → R6 is the 6D continuous rotation representation
(converted to Rt → SO(3)) and tt → R3 is translation. The
expert then outputs future scene point clouds by rigid warping

frigid(zt; ω) = Rt+1:t+H · st + tt+1:t+H (5)
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Fig. 2: Overview of MoRE. Given the current and historical object states and actions, represented as point clouds, we first
encode the scene and actor inputs into point tokens using two encoders. An explicit gating network then selects among
specialized motion experts, each tailored to a distinct physical regime, to predict the next object state in 3D. P and NP denote
”prehensible” and ”non-prehensible”, respectively.

This parameterization enforces rigidity and global coherence,
reducing the hypothesis space and improving stability com-
pared to free-form point decoding.

b) Deformable Dynamics Experts.: Deformable objects
require free-form geometry updates beyond global rigid warp-
ing. We therefore instantiate two deformable experts with
identical architecture but separate parameters and training:
one specialized for prehensile interactions and one for non-
prehensile interactions. The prehensile expert specializes in
force-induced shape changes under grasping (e.g., squeezing
and stretching), whereas the non-prehensile expert focuses
on contact-induced deformations from pushing and sliding
interactions. For simplicity, we omit explicit expert indices
in the notation.

Given the shared embedding zt, the selected deformable
expert predicts point-wise displacements via an internal head

!st+1:t+H = hdef(zt), (6)

and outputs future scene states by applying the displacement

fdef(zt) = st:t+H→1 +!st+1:t+H . (7)

D. Training and Inference
a) Training: During training, we adopt a self-rolling

strategy [26] to match inference-time behavior and mitigate
distribution shift. Starting from the current scene state st (and
the history buffer), the model predicts the next-step scene
ŝt+1. We then feed ŝt+1 back as input to predict subsequent
steps, rolling out autoregressively over a horizon of H steps.
Following prior work, gradients are detached through the
rolled-in predictions, and losses are computed over the entire
rollout horizon.

We optimize a combined objective consisting of a geometric
reconstruction loss and an expert routing loss:

L =

H∑

ϑ=1

∥∥st+ϑ ↑ sgt
t+ϑ

∥∥2
2
+ ε

H∑

ϑ=1

CE
(
gt+ϑ, g

gt
t+ϑ

)
, (8)

where sgt denotes ground-truth scene point clouds, ĝ is the
predicted one-hot routing distribution from the gating function
g(·), and ggt is the supervision signal for expert selection.

We first warm up the gating network and experts separately
in simulation, where expert labels (e.g., material / interaction
regime) are available. We then perform joint fine-tuning of the
full MoE world model on real data.

b) Inference: At inference time, the model performs fully
autoregressive rollout. Given the observed initial scene and a
history buffer initialized from past states/actions, we iteratively
predict st+1, st+2, . . .. After each step, the predicted state is
appended to the history buffer and used as input for the next
prediction. The procedure repeats until reaching the desired
prediction horizon.

E. Planning with World Model

We use the learned world model as the predictive dynamics
in an Model Predictive Control (MPC) loop. At each control
step, given the current observed state st (scene point cloud)
and history, we sample a set of candidate action sequences
{a(j)

t:t+H→1}Jj=1 over a planning horizon H and roll out the
world model to obtain predicted trajectories {s(j)

t+1:t+H
}. We

evaluate each trajectory with a task-specific cost that measures
progress toward a goal state sgoal (e.g., distance between the
predicted terminal scene and the goal), and select the lowest-
cost plan:

j
ϖ
= argmin

j

C
(
s(j)
t+1:t+H

, sgoal

)
. (9)

We then execute only the first action a
(jω)
t

, observe the next
state, and re-plan at the next step. For obstacle present (e.g.
multi-object manipulation), we add additional cost for collision
avoidance. Other MPC details (action sampling, costs, and
constraints) follow standard practice and are provided in the
following section.



TABLE II: Comparison of dynamic modeling methods across interaction types and physics. Results are reported using
geometric accuracy (MSE, CD) and material-consistent structural metrics (rigidity or Laplacian). Neural dynamics models
(e.g., AdaptiGraph, ParticleFormer) and single-regime experts perform well in narrow settings but struggle to generalize across
contact-rich interactions, while our Mixture-of-Experts model achieves consistently strong performance across all regimes.

Rigid-body Non-Prehensile Deformable Non-Prehensile Deformable Prehensile

Method RMSE → CD → Rigidity → RMSE → CD → Laplacian → RMSE → CD → Laplacian →

AdaptiGraph 0.028 0.084 0.0001 0.031 0.052 0.0068 0.047 0.143 0.0092
ParticleFormer 0.054 0.082 0.0005 0.061 0.079 0.0072 0.058 0.075 0.0058

Rigid-Expert 0.021 0.048 0.0 – – – – – –
Deform-NP-Expert – – – 0.018 0.032 0.0027 – – –
Deform-P-Expert – – – – – – 0.029 0.038 0.0068

Ours (MoE) 0.022 0.048 0.0 0.024 0.027 0.0020 0.026 0.039 0.0050

TABLE III: Ablation of MoRE under different interaction types and physical regimes. We evaluate the impact of expert
specialization, routing strategy, and self-rollout training using geometric and structural metrics. Performance degrades when
removing expert specialization, explicit routing, or self-rollout training, highlighting the importance of each component for
robust dynamics prediction.

Rigid-body Non-Prehensile Deformable Non-Prehensile Deformable Prehensile

Method RMSE → CD → Rigidity → RMSE → CD → Laplacian → RMSE → CD → Laplacian →

Single Expert 0.030 0.054 0.0001 0.028 0.038 0.0038 0.037 0.047 0.0061
Implicit Router 0.026 0.051 0.0 0.032 0.033 0.0032 0.028 0.040 0.0054
Implicit MoE 0.045 0.070 0.0002 0.026 0.031 0.0032 0.032 0.039 0.0071
w/o Self-Rollout 0.031 0.057 0.0 0.035 0.039 0.0056 0.047 0.060 0.0058

Ours (Full) 0.022 0.048 0.0 0.024 0.027 0.0020 0.026 0.039 0.0050

IV. EXPERIMENTS

A. Implementation Details

a) Dataset Curation: We curate a mixed simulation–real
dataset covering diverse physical regimes and interactions. In
simulation, we include 300 rigid objects and 300 deformable
objects from [9, 53], as well as 30 different tools from
[34]. For non-prehensile pushing, actions are synthesized by
randomly sampling contact points on the object surface and
computing surface normals to define push directions; object
properties are randomized per episode, including mass and
friction for rigid objects and Young’s modulus for deformable
objects, to encourage robustness and generalization. Rigid
and deformable objects are both manipulated via randomized
pushing and reaching interactions in simulation. For prehensile
deformable manipulation, we use real-world RGB-D data from
prior work [61]. The final dataset combines simulated and real
trajectories across tools, objects, and interaction regimes.

b) Model Architecture: We use a fixed-size point repre-
sentation with 512 object points and 100 end-effector (tool)
points, and a temporal window consisting of 8 history steps
and a 3-step prediction horizon. At each step, the current object
point cloud is encoded by a frozen Uni3D [66] backbone
to extract per-point static geometry features, while historical
object points together with past and current tool points are
embedded using lightweight point-wise projections with co-
ordinate positional encodings to form dynamic tokens. These

tokens are processed by a motion encoder built on a Uni3D
backbone, and the resulting motion features are fused with
static geometry through a cross-attention module, where static
object features act as queries and motion features provide keys
and values, producing geometry-aware motion representations
for each object point. The fused features are not only used
by expert heads, which predict either a global rigid motion
or per-point deformations, but also fed into an explicit gating
network enabling a hard routing decision. Training follows a
self-rolling strategy, predicting one step at a time and feeding
the prediction back as input, repeating this process three times
to match inference-time autoregressive rollout.

B. Tasks and Evaluation Setup
a) Data: We train and evaluate our model on a large-

scale collection of dynamic point cloud rollouts spanning
diverse physical regimes. The dataset includes rigid-body and
deformable objects, prehensile and non-prehensile interactions,
as well as inertial dynamics without external forces. Most
rollouts are generated in the IsaacSim environment, covering
tool-based pushing, manipulation, and grasping scenarios. To
improve real-world generalization, we additionally collect real-
world recordings of deformable object interactions. The final
training set combines simulated and real data, and we construct
a unified benchmark that evaluates all methods consistently
across rigid and deformable, prehensile and non-prehensile
regimes.
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Fig. 3: Dynamic prediction and planning in simulation. Left: rigid non-prehensile pushing, where the model accurately
simulates the rolling behavior of bottles under end-effector contact. Middle: deformable object interactions under non-prehensile
and prehensile contact, exhibiting both local deformations and global object motion. Right: MPC rollouts in simulation,
visualizing self-rolled trajectories over time. Across all cases, the model preserves rigidity and captures contact-induced
deformations across tools and interaction regimes.

b) Tasks: We evaluate both dynamic modeling accuracy
and downstream control performance across three represen-
tative manipulation regimes: rigid-body non-prehensile push-
ing, deformable non-prehensile manipulation, and deformable
prehensile interaction. Rigid-body tasks involve tool-based
interaction with everyday objects such as boxes and containers,
emphasizing object coherence and contact consistency. De-
formable manipulation tasks involve soft objects such as toys,
ropes, and cloth-like materials, requiring accurate modeling of
local surface deformation. Deformable prehensile tasks further
introduce grasping and sustained contact, posing additional
challenges due to complex contact dynamics and large non-
rigid shape changes.

c) Metrics and Evaluation Setup: We evaluate dynamic
prediction quality using both geometric accuracy and material-
consistent structural metrics, as summarized in Table II. Geo-
metric accuracy is measured by mean squared error (MSE) and
Chamfer Distance (CD) between predicted and ground-truth
point clouds. For rigid-body interactions, we report a rigidity
error computed by fitting an optimal rigid transformation
between predicted and ground-truth point clouds using ICP
and measuring the residual alignment error, where lower
values indicate better rigidity preservation. For deformable
objects, we report a Laplacian error that measures differences
in Laplacian coordinates between predicted and ground-truth
point clouds, with lower values corresponding to smoother and
more physically plausible deformations. All evaluations are
conducted in both simulation and real-world settings using
identical protocols.

C. Dynamic Modeling across Interactions and Physics
Table II compares dynamic modeling performance across

three representative manipulation regimes: rigid-body non-
prehensile interaction, deformable non-prehensile interaction,
and deformable prehensile interaction.

We compare against different baseline models with different
inductive biases. AdaptiGraph [60] and ParticleFormer [24]
are neural dynamics models designed primarily for deformable
object modeling. Rigid-Expert and Deformable-Expert corre-
spond to category-specific dynamics experts with the same ar-
chitecture trained independently for rigid-body and deformable
interactions, respectively.

Across all regimes, existing methods perform well only
within their targeted categories and struggle to generalize
across interaction types and physical properties. In contrast,
our mixture-of-experts (MoE) model consistently achieves
strong performance across all settings. By combining explicit
expert specialization with a shared representation and history-
conditioned routing, our model effectively captures hetero-
geneous manipulation dynamics, yielding improved accuracy
and more physically consistent predictions across rigid and
deformable, prehensile and non-prehensile interactions. The
visualizations are shown in Fig. 3.

D. Ablation Study on Motion Experts and Routing
Table III presents an ablation study evaluating the impact

of architectural and training design choices across interaction
types and physical regimes. Training a single expert to model
all physics leads to degraded performance, indicating that a
unified dynamics model struggles to capture both rigid and
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Fig. 4: Model Predictive Control (MPC) with learned world models. Left: Action-conditioned prediction error measured
by Chamfer Distance (CD) as a function of planning steps, showing how prediction quality evolves during MPC rollouts.
Right: Task success rate as a function of error threshold, measuring robustness of planning under model inaccuracies. Top
row corresponds to a rigid pushing task (pushing box), while the bottom row evaluates a contact-rich manipulation task
(manipulating toy). Across both tasks, MoRE consistently achieves lower prediction error and higher success rates compared
to heuristic and vanilla baselines, demonstrating the benefit of contact-aware, multi-physics world modeling.

deformable behaviors. Implicit routing, which softly combines
expert outputs without supervised, binary gating, further re-
duces geometric accuracy and physical consistency, highlight-
ing the importance of explicit expert selection. Implicit MoE
embeds expert specialization within the transformer using a
shared, displacement-based output representation, rather than
employing explicit motion experts with distinct roles. This
design consistently underperforms across all regimes, sug-
gesting that implicit capacity allocation alone is insufficient
to capture heterogeneous dynamics without explicit expert
separation. Finally, removing self-rollout training and relying
solely on teacher forcing results in less stable predictions,
particularly for contact-rich deformable interactions. Overall,
these results demonstrate that explicit expert specialization,
supervised routing, and rollout-based training are all critical
for accurate and physically consistent dynamic modeling.

E. MPC Performance with Learned World Models
a) Setup: We evaluate downstream control performance

using model predictive control (MPC) in real-world robot
experiments. Evaluations cover box pushing for rigid object
manipulation and toy sloth pose-matching for deformable
object manipulation. The goals are defined as target object
point clouds. We use bidirectional Chamfer distance between
the predicted and target object point cloud as our cost function.
Success rate is defined as the fraction of trials in which
MPC drives the object to the target within a predefined error
threshold. We perform MPC in a multi-view RGB-D setup

with four calibrated RGB-D cameras observing the scene. At
each control step, we use SAM3 [6] to segment the target
object in each camera view and back-project the masked
depth maps into 3D. The resulting partial point clouds are
transformed into a common world frame using known camera
extrinsics and merged into a single object point cloud, which
serves as the state input to the world model for prediction
and planning. We consider two baselines: Heuristic MPC,
which predicts that all points move exactly the same as the
end-effector’s translation; Vanilla*, a single Transformer-based
world model without motion experts or routing. For box
pushing action sampling, we sample 16 candidate pushing
points on the object and then sample 4 random directions for
each point. For deformable toy manipulation, we start the MPC
after the toy has been grasped, and sample 128 displacements
uniformly randomly within a 14cm cube.

b) Results: As shown in Fig. 4, our method consistently
achieves higher success rates and lower Chamfer Distance loss
compared to baselines. Heuristic MPC struggles to generalize
across tasks due to hand-designed, task-specific objectives,
while Vanilla* suffers from limited capacity to model hetero-
geneous physical dynamics. In contrast, our physics-aware,
expert-based 3D world model enables more accurate long-
horizon prediction and efficient MPC, resulting in robust
performance for both rigid and deformable manipulation and
reliable transfer from simulation to real-world robotic control.
Real world dynamics predictions are shown in Fig. 5.



Step 0 Step 5 Step 10 Step 15 Step 20
Vanilla

MoRE

Vanilla

MoRE

Fig. 5: Real world dynamics predictions. We visualize predictions of point motion on real world data. The red points are
the end-effector (action) points. The Vanilla model struggles to treat the box as rigid and the toy sloth as soft. In contrast, our
model correctly handles the different cases.

V. CONCLUSION

We introduced MoRE, a 3D-aware robotic world model for
predicting interaction dynamics across heterogeneous phys-
ical regimes. By modeling scenes and actions directly in
point cloud space and decomposing dynamics into specialized
motion experts, MoRE enables contact-rich reasoning and
robust modeling of both rigid and deformable interactions.
Experiments in simulation and the real world show that
MoRE achieves accurate long-horizon prediction and real-time
control when integrated with MPC, consistently outperforming
prior image-space and single-model baselines. We believe
MoRE is a step toward scalable, general-purpose robotic world
models that can support diverse manipulation tasks.
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The supplementary material provides implementation details
of dataset curation, model architecture, MPC pipeline, and
more qualitative results of dynamic rollout prediction and real-
world results.

I. IMPLEMENTATION DETAILS

A. Dataset Curation

Our training dataset is constructed by mixing simulated and
real-world data, with a fixed mixture ratio of 1:1 through-
out training. The simulated portion is collected using Isaac
Lab [4], leveraging its large-scale parallel simulation capability
to efficiently generate diverse and controllable object–tool
interaction trajectories.

a) Assets: The simulation dataset includes three cat-
egories of assets: rigid objects, deformable objects, and
tools. The rigid-object set contains approximately 300 objects
spanning 130 categories, sourced from RoboTwin [2]. The
deformable-object set includes around 300 objects across
100 categories, adapted from [5]. The tool set consists of
approximately 30 objects from RoboSmith [3], functionally
categorized into pushing, holding, lifting, and flattening tools,
covering a broad range of interaction primitives.

b) Curation pipeline: Interaction data collected in simu-
lation focus on non-prehensile manipulation. To ensure diverse
and physically plausible interactions, we first uniformly sam-
ple contact points on the object surface and use the correspond-
ing surface normal information provided by the simulator
to parameterize action directions. Based on this procedure,
we construct two primary non-prehensile action types: push,
which applies outward forces to displace the object, and reach,
which induces inward pulling interactions. This design enables
systematic coverage of contact configurations while avoiding
hand-crafted action heuristics.

c) Data preprocess: During data collection, we record
the full mesh states of both objects and tools at each simulation
time step, including rigid-body transformations and per-vertex
deformations for soft objects. From each mesh, we uniformly
sample surface points and apply farthest point sampling (FPS)
to obtain fixed-size point clouds with well-distributed spatial
coverage. These sampled point clouds provide consistent point
correspondences across time and are used to construct object
state sequences and tool action sequences as inputs to the
world model.
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Fig. 1: Benchmark tasks visualization: Simulation and real-
world benchmarks covering rigid and soft objects under non-
prehensile and prehensile interactions, designed to evaluate
generalization across diverse physical regimes.

TABLE I: Gating Network Accuracy. Expert selection accu-
racy (%) evaluated over 50 random interactions per task cate-
gory. The gating network maintains consistently high accuracy
across diverse regimes, indicating reliable expert routing for
different physical dynamics.

Push-X Manipulate Toy Soft Grasp Overall

Acc. 95.4% 94.9% 99.8% 96.7%

d) Domain randomization: To improve generalization
and reduce the sim-to-real gap, we apply extensive domain
randomization during simulation. Specifically, we randomize
physical properties such as mass and friction coefficients for
rigid objects, as well as material parameters (e.g., Young’s
modulus) for deformable objects. In addition, to model actu-
ation uncertainty commonly observed in real robotic systems,
we inject Gaussian noise into each action at every time step.

e) Real-world data: To further improve generalization
and bridge the sim-to-real gap, we additionally curate real-
world interaction data from multiple sources, including [7, 6].
These datasets contain real object–robot interaction sequences
captured with RGB-D sensors and reconstructed into 3D point
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Fig. 2: MPC rollout results in simulation tasks. Qualitative simulation results of model-based control using world models
trained with MoRE. The results demonstrates robust performance across diverse tools, objects, and physical regimes, including
both rigid and deformable interactions.

clouds over time. Moreover, they include a wide range of
prehensile manipulation behaviors that are difficult to faith-
fully model in simulation, particularly for deformable object
grasping. We leverage these real-world demonstrations to train
the prehensile experts in our model.

By unifying simulated and real data under a common 3D
point-cloud representation and training with a balanced mix-
ture, the model benefits from both the scale and controllability
of simulation and the realism and noise characteristics of real-
world observations.

B. Model Architecture

a) Backbone: The model consists of two main compo-
nents: a static geometry encoder and a motion encoder with a
mixture-of-experts (MoE) design. The static encoder processes
the current object point cloud using a frozen Uni3D [8] back-
bone, which encodes per-point geometric features. Uni3D is
instantiated with grouped point tokens and a transformer-based
architecture, producing 1024-dim features; its parameters are
fixed during training to provide stable geometric priors. The
motion encoder operates on dynamic tokens constructed from
object and tool histories, and is implemented as a transformer-
based network with multi-head self-attention operating on
concatenated object and tool point tokens. The motion encoder
outputs per-point 1024-dim motion features.

b) Fusion: We adopt a cross-attention mechanism to fuse
static geometric features with motion features, enabling the
resulting latent representations to encode dynamic motion in-
formation while preserving geometric consistency throughout
the interaction process.

c) Decoding: To decode this latent representation into
heterogeneous physical behaviors, we design K different mo-
tion experts. Each expert is an MLP head: the rigid expert
predicts a global 6D rotation and 3D translation parameterizing
an SE(3) transform, while the remaining experts predict per-
point 3D displacements to model deformable dynamics. Given
that different physical regimes exhibit substantially different
dynamics patterns, we adopt hard expert routing. Specifically,
we design the gating vector as a one-hot vector, which selects a
single expert at each time step within an interaction sequence.
The gating network is implemented as a two-layer MLP that
takes the latent motion features as input and outputs expert
selection logits. This design enforces explicit expert special-
ization and avoids blending incompatible dynamics across
physical regimes.

d) Model forward process: Given a history of object and
tool point clouds, the model performs a forward prediction as
follows. The current object point cloud is first encoded by the
static geometry encoder to obtain per-point geometric features.
Object and tool histories are flattened along the temporal
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(a) Real-world dynamics prediction under heterogeneous physical properties, demonstrating that our unified model can accurately capture
object dynamics across different material regimes.

Rigid Non-prehensile: Pushing Box

Soft Prehensile: Moving Sloth

1 3

5

2 4

6 7 8

1 32 4 5 6

(b) MPC rollouts on real-world manipulation tasks, showing robust control performance under sensor noise and partial observations, and
highlighting the model’s ability to handle contact-rich interactions across diverse physical regimes.

Fig. 3: Real-world results on diverse manipulation tasks.



dimension and embedded into dynamic tokens, which are
processed by the motion encoder to produce motion features.
These static and motion features are fused through cross-
attention, producing geometry-aware motion representations.
The gating network predicts expert weights, and each expert
produces a candidate motion prediction. The rigid expert
applies a global SE(3) transform to all object points, while
deformable experts predict per-point displacements. The final
output is selected based on the routing weights from the gating
module.

C. MPC Inference Pipeline
Since expert routing in MoRE depends on historical object

dynamics, the world model cannot directly infer the appro-
priate physical regime from static observations. Therefore, we
adopt a two-stage MPC procedure.

a) Initialization: We first apply a short sequence of
random interactions to the object to get observable motion
responses. These probing interactions provide the dynamic
history required by the gating network, which then predicts
the expert corresponding to the underlying physical regime.

b) MPC procedure: Conditioning on the selected expert,
we perform MPC rollouts using the learned world model. For
non-prehensile manipulation, we sample 48 candidate push
actions by selecting 16 contact points on the object surface and
3 pushing directions per point. For prehensile manipulation,
after a grasp is established, we uniformly sample candidate
tool displacements within a bounded workspace. Each candi-
date is represented as a short “start–end” waypoint trajectory
for the tool. For each candidate, we convert the start–end
tool motion into a dense action sequence by interpolating
the end-effector pose over a fixed horizon. Given the current
history buffer of object states and actions, we roll out the
world model autoregressively for a fixed number of steps. At
each step, the predicted object point cloud is appended to the
history by shifting the buffer, while the corresponding future
action is updated from the precomputed action sequence. After
generating trajectories for all candidates, we compute the goal
cost (Chamfer distance) and select the best candidate and the
rollout step number (it is often better to stop early rather than
complete the full action sequence). The corresponding action
is executed and the system replans at the next observation.

c) Real-world execution: In real-world experiments we
normalize the coordinates by the mean of the object points so
that the point clouds match the model’s training distribution.
The object point cloud is obtained by fusing point clouds from
four Realsense D455 cameras, each masked using SAM3 [1]
with text prompts (“box”, “sloth”). Statistical outlier removal
from Open3D [9] is used to remove points based on average
neighbor distance. Farthest point sampling is applied in the
same way as during training (512 object points, 100 end-
effector points).

D. Gating Network Evaluation
In this section, we provide a detailed evaluation of the

gating network. The gating network determines which expert

is selected and therefore plays a critical role in the accuracy
of the final predictions. We evaluate its performance on three
categories of tasks: rigid non-prehensile, soft non-prehensile,
and soft prehensile manipulation. For each category of tasks,
we perform 50 random interaction trials and measure the
expert selection accuracy. As shown in Table I, the gating
network can effectively infer the appropriate expert from
historical object dynamics, enabling accurate expert routing
and high-fidelity dynamics prediction.

II. ADDITIONAL QUALITATIVE RESULTS

A. Benchmark Task Visualization

We visualize representative samples from the four bench-
mark tasks used in our evaluation in Fig. 1. The tasks span
rigid and soft objects under non-prehensile and prehensile
interactions across both simulation and real-world settings,
covering diverse contact dynamics and interactions.

B. Simulation Visualization

In this section, we provide additional simulation results on
model-based control using world models trained with MoRE.
We evaluate our approach on different non-prehensile manipu-
lation tasks involving diverse rigid objects, deformable objects,
and various tools. The qualitative results, shown in Figure 2,
demonstrate that MoRE enables accurate dynamics prediction,
robust handling of heterogeneous physical properties, and
generalization across diverse object–tool interactions.

C. Real-world Visualizations

We visualize real-world model-based control results in
Fig. 3. Our results show strong model performance under
sensor noise and partial observations.

III. LIMITATIONS

Despite strong performance across a range of interaction
regimes, our method has several limitations related to expert
compositionality, geometric representation, and physical ex-
pressiveness.

a) Single motion expert activation.: Our model assumes
that a single motion expert is active at each time step.
While this design is sufficient for the single-object, single-
material interactions studied in this work, it may limit direct
applicability to more complex scenarios involving multiple
interacting objects or mixed material properties. However, this
assumption is not inherent to the model architecture. In multi-
object settings, expert routing can be performed independently
for each object, enabling parallel prediction of object-specific
dynamics and naturally extending our framework to multi-
object manipulation.

b) Deterministic prediction.: Our approach captures
coarse physical regimes (e.g., rigid versus deformable) but
does not explicitly model finer-grained physical properties
such as mass, friction, density, or elasticity. These unmodeled
factors introduce inherent variability in real-world contact



dynamics, yet our model predicts interactions deterministi-
cally, producing a single outcome per interaction. Incorpo-
rating richer physical attributes and generative dynamics is a
promising avenue for future research.
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