Emerging Extrinsic Dexterity in Cluttered Scenes
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Fig. 1: Given the current object state (blue), the policy aims to rearrange objects to the goal state (green). To achieve this
in cluttered scenes, the robot policy leverages extrinsic dexterity selectively. (a) The policy avoids unnecessary contacts to
minimize disturbance when free-space motion suffices. (b) When contact is unavoidable, it robustly traverses obstacles under
contact-rich dynamics. (c) It actively leverages environmental contacts to accomplish otherwise difficult manipulations (e.g.,
flipping objects). (d) The approach generalizes across diverse cluttered environments.

Abstract—Extrinsic dexterity leverages environmental contact
to overcome the limitations of prehensile manipulation. However,
achieving such dexterity in cluttered scenes remains challenging
and underexplored, as it requires selectively exploiting contact
among multiple interacting objects with inherently coupled
dynamics. Existing approaches lack explicit modeling of such
complex dynamics and therefore fall short in non-prehensile
manipulation in cluttered environments, which in turn lim-
its their practical applicability in real-world environments. In
this paper, we introduce a Dynamics-Aware Policy Learning
(DAPL) framework that can facilitate policy learning with a
learned representation of contact-induced object dynamics in
cluttered environments. This representation is learned through
explicit world modeling and used to condition reinforcement
learning, enabling extrinsic dexterity to emerge without hand-
crafted heuristics or complex reward engineering. We evaluate
our approach in both simulation and real-world. Our method
outperforms prehensile manipulation, human teleoperation, and
prior representation-based policies by over 25% in success rate
on unseen simulated cluttered scenes with varying densities.
The real-world success rate reaches around 50% across 10
cluttered scenes, while a practical grocery deployment further
demonstrates robust sim-to-real transfer and applicability.

Project Page: https://pku-epic.github.io/DAPL

I. INTRODUCTION

Robotic manipulation in cluttered scenes demands strategies
beyond prehensile actions. Objects are often tightly packed
and occluded in cluttered environments, where incidental and
coupled contacts are pervasive, making reliable grasps difficult
and collision-free execution highly constrained. In such cases,
effective manipulation often relies on extrinsic dexterity—the
ability to selectively leverage or avoid contacts with the
surrounding environment through non-prehensile actions such
as pushing, sliding, or toppling—to achieve task goals that
grasping alone cannot.

Existing non-prehensile approaches either rely on highly
specific designs or simplify away the complexity of contact-
rich interactions. Model-based planning and hand-designed
primitives do not scale beyond narrowly defined
settings, while reinforcement learning methods [23] are
typically confined to simplified contact scenarios. Even recent
geometry-centric representation learning approaches, such as
CORN][8]] and UniCORN([9], remain brittle when faced with
dense clutter and multiple interacting contacts. All these works
lack explicit modeling of complex dynamics and therefore fall



short in manipulation in cluttered environments.

As discussed above, achieving extrinsic dexterity in clut-
tered scenes remains underexplored and challenging, as it re-
quires selectively exploiting beneficial contacts while avoiding
disruptive ones. For example, a policy may need to bypass
light objects (Fig[I(a)), navigate through unavoidable obstacles
(Fig[T[b)), or leverage stable neighbors to flip a target object
(Fig[I(c))—tasks that cannot be solved by grasping alone.
In such cluttered scenarios, success is not determined by
geometry alone, but by how objects respond once contact
occurs—whether they slide, topple, or transfer motion to
surrounding clutter. These complex interactions depend on
underlying object dynamics and cannot be reliably inferred
from static observations or sparse rewards. This motivates us to
decouple dynamics representation learning from task-specific
control and to equip the policy with an explicit, learned
representation that models contact-induced object motion.

In this paper, we introduce a Dynamics-Aware Pol-
icy Learning (DAPL) framework for more effective non-
prehensile manipulation in cluttered scenes. It facilitates
the emergence of extrinsic dexterity through contact-induced
scene dynamics representation. Specifically, our approach
learns this representation via a physical world model trained
to predict object motion under interaction, capturing how
contacts among multiple objects influence future dynamics.
The learned dynamics representation is then used to condition
reinforcement learning, enabling policies to reason about the
consequences of contact and to selectively exploit environmen-
tal interactions. We further introduce curriculum learning into
the DAPL framework, which uses policy rollout trajectories
to iteratively refine the dynamics representation. As a result,
extrinsic dexterity emerges naturally rather than being hand-
designed or shaped by complex rewards.

We evaluate our approach extensively in both simulation
and the real-world. To enable systematic training and bench-
marking, we introduce Clutter6D, a simulation environment
for 6D object rearrangement in cluttered scenes with vary-
ing densities. In simulation, DAPL significantly outperforms
prehensile manipulation baselines, human teleoperation, and
prior representation-based policies, achieving over 25% im-
provement in success rate on unseen cluttered scenes. After
training in simulation, our policy can be zero-shot deployed
in the real world. Across 10 diverse cluttered scenes, it
achieves approximately 50% success—comparable to human
teleoperation—while demonstrating higher efficiency (mean
execution time 42.6s vs. 55.9s). These results highlight the
robustness and generalization of our method. Finally, we
integrate the learned policy with a high-level planner and a
grasping module to perform practical grocery retrieval tasks.
This demonstrates the applicability and potential real-world
impact of our approach.

In summary, our contributions are threefold:

o We study the problem of non-prehensile object rear-
rangement in cluttered scenes, where effective manip-
ulation requires extrinsic dexterity to selectively leverage
and avoid environmental contacts.

e We introduce Dynamics-Aware Policy Learning
(DAPL), a framework that equips policies with a learned
representation of contact-induced scene dynamics via a
physical world model and curriculum learning, enabling
extrinsic dexterity to emerge without hand-designed
primitives or complex reward engineering.

o We extensively evaluate our approach in both simula-
tion and the real-world, including a new benchmark
Clutter6D, zero-shot sim-to-real transfer across diverse
cluttered scenes, and deployment in a practical grocery
retrieval task.

II. RELATED WORK

A. Extrinsic Dexterity

Extrinsic dexterity[[11] refers to manipulation skills that
augment a robot’s intrinsic hand capabilities by exploiting
external resources such as environmental contacts, gravity, and
dynamic arm motions.[[10, [19} [18]] Prior work[3} [S} |6} 411 [21]]
has demonstrated that complex manipulation behaviors can be
achieved with simple grippers, including in-hand reorientation,
prehensile pushing, and shared grasping. However, these suc-
cesses largely rely on hand-crafted trajectories, task-specific
motion primitives, or explicit planning over contact modes,
which require precise object pose estimation and extensive
manual design. As a result, such methods do not scale well
beyond narrowly defined tasks or object sets. Learning-based
methods [37, 23| 140] improve generalization, but they remain
constrained to simplified scenes and are still brittle in cluttered,
contact-rich environments. Dengler et al. [14] study learning-
based pushing in clutter; however, their method focuses on
2D collision avoidance and does not address the challenges
of full 6D object rearrangement with complex, contact-rich
dynamics.

B. Representation Learning for Robotic Manipulation

Prior work accelerates reinforcement learning via represen-
tation pre-training with high-dimensional observations, using
pretext tasks such as geometric completion, pose prediction, or
contrastive learning[8} 1} 12, 124} 27]]. Recent self-supervised[42}
16, 117, 139] approaches based on patch-wise transformers learn
strong geometric features for point clouds, but primarily model
static shape and lack sensitivity to contact and interaction
dynamics. To better support manipulation, CORNI[8] intro-
duces contact-centric object representations, later extended
by UniCORNJ[9] to scene-level point clouds. However, these
geometry-driven representations remain brittle in dense clutter,
where effective manipulation requires selectively avoiding
lightweight objects while exploiting heavier ones as external
supports for extrinsic dexterity. Recent dynamics-aware pre-
training methods, such as [26]], learn temporal representations
from videos in pixel space, but do not model object-level
physical properties or interaction forces. As a result, they are
insufficient for contact-rich robotic manipulation that hinges
on physically grounded scene dynamics.
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Fig. 2: Overview of the proposed two-stage learning framework. Stage 1 (World Model Pretraining): The model takes a cropped
point cloud augmented with physical attributes (mass and velocity) as input. A Transformer-based architecture encodes these
inputs into dynamics features (fg,), which are used by an MLP decoder to predict future per-point positions and velocities
conditioned on robot actions. Stage 2 (Policy Learning): The pre-trained dynamics representations (fyy) are fed into an Actor-
Critic policy network alongside proprioceptive data and task goals to facilitate efficient policy learning within a physical

simulator.

III. METHOD

Our goal is to learn a non-prehensile manipulation policy
that can selectively exploit or avoid environmental contacts to
achieve object rearrangement in cluttered scenes. As illustrated
in Fig. [2| our framework decouples the dynamics representa-
tion learning stage and RL policy learning stage. Specifically,
our framework iteratively trains: (1) a physical world model
using policy rollout interaction data to capture contact-induced
object—scene dynamics; and (2) an RL policy that explores in
a physical simulator while being conditioned on the learned
dynamics representation.

A. Dynamics Representation Learning

To explicitly encode this physical prior, we learn a physi-

cal world model that predicts future object-centric dynamics
conditioned on the current state and action. The world model
serves as a physics-informed representation learner whose
latent features are subsequently reused for downstream policy
learning.
Physical Scene Representation. At each timestep ¢, the state
consists of three components: (i) the target object point cloud
Pobi_ (ii) the surrounding scene point cloud %", and (iii) the
robot end-effector point cloud. The surrounding scene point
cloud is spatially cropped within a local region centered at the
target object, focusing the representation on contact-relevant
geometry while reducing background redundancy. Each 3D
point is augmented with physical attributes, resulting in a per-
point feature:

x; = (P, Mi, Vi), (D

where p; € R? denotes the point position, m; the point mass,
and v; the point velocity.

Architecture. As shown in Fig. [2] the world model consists
of a dynamics encoder and decoder, built upon a patch-based
transformer backbone. Following prior work on point cloud
transformers [8} 9} [16]], we first partition the point cloud into
local patches. Patch centers are selected using Farthest Point
Sampling (FPS), and each patch is formed by gathering the
k-nearest neighbors (kNN) of the center point. Each patch is
normalized by subtracting its center coordinate. A lightweight
PointNet-style encoder embeds each normalized patch into a
fixed-dimensional token. To restore global spatial information,
we add sinusoidal positional embeddings based on the patch
center coordinates. The resulting patch tokens are processed by
a ViT, which models multi-object coupling effects. On top of
the transformer features, a small MLP decoder predicts future
point-wise dynamics, including positions and velocities.

World Model Training Objective. We train the world model
with dense point-level supervision. Given predicted position

If)?z+1 and velocity 02“, we minimize
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In cluttered scenes, most points exhibit near-zero velocities,
leading to highly sparse supervision in the velocity field. As
a result, optimizing only point-wise velocity losses can cause
the model to collapse to trivial solutions that predict uniformly
small velocities and fail to capture contact-induced motion.
To address this, we treat the scene as a point distribution
rather than independent points and introduce a variance-
aware regularization over point-wise velocities. Specifically,
we match the standard deviations of the predicted and ground-
truth velocity fields:

Lo = ||Std ({17 }:) = Std({vIT' 1), - 3)



This regularization preserves the overall magnitude and spatial
variability of motion in dynamic regions, preventing degener-
ate near-zero velocity collapse.

The overall world model training objective is defined as

L = Lyyn + oLy, 4)
where « controls the strength of variance-aware regularization.

B. Dexterous Policy Learning via RL

Observation and Action Spaces. At each timestep, the
policy observes three components: a dynamics-aware scene
representation, the robot proprioceptive state, and a task goal.
The physical scene is processed by the dynamics encoder
to produce a set of embeddings that capture contact-induced
object dynamics. The robot proprioceptive observation consists
of joint positions, joint velocities, and end-effector poses,
while the task goal is represented as the relative pose between
the target object and the desired goal configuration. The policy
outputs continuous joint-space control commands, which are
executed using an impedance controller.
Reward Design. Our reward design follows standard prac-
tice in non-prehensile manipulation (e.g., HAMNet [9]) and
uses only lightweight shaping rather than heavy task-specific
reward engineering. The reward consists of a sparse task
success term and two lightweight shaping terms that encourage
physical contact and goal-directed object motion. The contact
term 7'eontact 1 defined based on the minimum distance d, be-
tween the target object and the end-effector, which encourages
interaction:

Tcontact = 1 — tanh(doe)- &)

The goal-reaching term rg, measures the distance dog be-
tween the object and the desired goal pose, and is activated
once the end-effector distance d,. falls below a threshold 7,:

Tgoal = ]I(doe < Td) (1 - tanh(dog)) . (6)

A sparse success reward is issued when the target object
reaches the desired pose. To penalize disturbance to the scene,
the reward is discounted by the displacement of non-target
objects Dyisp measured by Chamfer distance:

T'success — ]Isuccess (1 - BDdisp) (7)

All coefficients and thresholds use standard values and are
provided in the Appendix.

C. Curriculum Learning with Policy Interaction

Rather than relying on a fixed offline dataset, we adopt an
iterative curriculum that alternates between policy learning and
world model refinement. We initialize the process by training
an RL policy from scratch without a pretrained dynamics rep-
resentation. In each curriculum iteration, we freeze the dynam-
ics encoder and train the policy until both reward and success
rate plateau. This typically takes about 2 x 10* RL steps per
stage, with fewer steps required in later iterations. Once the
policy reaches basic task coverage, we roll out the policy to
collect approximately 60k interaction steps. These trajectories

are intentionally imperfect and include substantial random
collisions and suboptimal behaviors, which is beneficial for
exposing diverse contact dynamics. The collected interaction
data is then used to update the world model for 500k training
steps until the validation loss stabilizes, improving its ability
to capture contact-induced momentum transfer under realistic
policy-induced distributions. The refined dynamics encoder
is subsequently reused by the RL policy, yielding improved
exploration efficiency and more stable policy learning. We
repeat this alternating procedure until both the policy perfor-
mance and the learned dynamics representation converge. This
curriculum allows the world model and policy to co-evolve,
progressively shifting from noisy exploratory interactions to
task-relevant, physically consistent manipulation behaviors.

D. Clutter6D: Object Rearrangement Environment

To train and evaluate manipulation policy in clutter scenes,
we introduce Clutter6D, a comprehensive 6D object rear-
rangement environment and benchmark. Clutter6D is designed
to explicitly stress manipulation scenarios where extrinsic
dexterity is necessary rather than optional. Increasing clutter
density not only reduces free-space motion but also amplifies
the coupling between object dynamics, making contact out-
comes highly sensitive to physical properties. In such regimes,
collision-free planning and grasp-centric strategies become
unreliable, and successful manipulation requires selectively
leveraging or avoiding environmental contacts. Compared to
prior clutter benchmarks that emphasize collision avoidance or
planar pushing, Clutter6D focuses on full 6D object rearrange-
ment with multi-object contact and dynamic coupling. The
use of task-oriented scene graphs enables systematic control
over relational constraints while preserving scene diversity,
making the benchmark suitable for evaluating contact-rich
manipulation policies beyond grasping.

Environment Setup. Clutter6D is built on the IsaacLab
simulator with PhysX as the physics backend. We curate
high-quality object assets from Objaverse [12] and process
them using mesh simplification and convex decomposition
(PaMO[29] and CoACD[33]]). Physical properties such as scale
and mass, as well as semantic attributes including category,
color, and material, are automatically generated[33]] and ver-
ified through a human-in-the-loop process. From these, we
select and normalize 10K assets to tabletop scale. Task scenar-
ios are synthesized from object semantics and represented as
task-oriented scene graphs (ToSG)[15]], which specify spatial
relations among objects. Scenes are instantiated by placing
objects in topological order according to the scene graph,
discarding placements that violate relational constraints.

Benchmark Setting. Clutter6D defines three difficulty tracks
based on clutter density: Sparse (4 objects), Moderate (8
objects), and Dense (12 objects). The sparse track contains
1,024 scenes for training, while each track includes 128 held-
out scenes for evaluation. Performance is evaluated using two
metrics: (i) task success rate, where success is achieved if
the target object reaches the desired pose within 0.05 m and
0.1 rad, and (ii) chamfer distance of non-target object offsets,



measuring unintended disturbance to the surrounding clutter.
Episodes terminate upon task completion, object drop, or after
300 simulation steps.

IV. EXPERIMENTS

In this section, we evaluate our method in both the proposed
Clutter6D simulation benchmark and real-world scenarios.

A. Simulation Experiments

Setup and Baselines. We evaluate all methods on the Clut-
ter6D benchmark across three difficulty levels: Sparse (4
objects), Moderate (8 objects), and Dense (12 objects). We
compare our approach against three categories of baselines:

o Prehensile Manipulation: GraspGen + CuRobo [28] 34],
a pipeline combining grasp synthesis with motion plan-
ning.

o Human Teleoperation: A baseline established by expert
human operators using a Gello [38] interface.

o Representation Learning+RL Policy: We compare our
method against two types of learning-based baselines:
(i) general point cloud encoders, including Point2Vec
[22] and Concerto [42], and (ii) encoders specifically
tailored for non-prehensile manipulation: CORN [8]] and
UniCORN]I9]]. We also include a CORN-multi baseline
which uses a CORN encoder to extract features from
each individual object and fuses them into a global
representation.

All learning-based methods share comparable policy net-

works to ensure a fair comparison. While the baselines use
only standard geometric coordinates (z,y,z) as input, our
approach leverages the full 7-dimensional physical features
(including velocity and mass), highlighting the advantage of
explicit physical reasoning and a dynamics-aware learning
paradigm rather than architectural differences.
Main Results. Table [[| summarizes quantitative results across
varying clutter densities, while Fig[9] shows representative
qualitative rollouts. Our method consistently outperforms all
baselines, with the performance gap becoming particularly
pronounced in the Dense setting. While geometry-based meth-
ods such as CORN achieve reasonable success in sparse scenes
(46.63%), their performance degrades sharply under heavy
clutter (22.22%). In contrast, our approach maintains a robust
success rate of 44.56% in dense environments, effectively
doubling the strongest baseline.

This advantage is further reflected in the Mean Offset (M.O.,
measured in cm) metric, which measures unintended distur-
bance to non-target objects. Our method achieves a favorable
balance between task success and environment preservation.
Specifically, while the CORN baseline manages a certain level
of success, it incurs significantly higher disturbance (17.43 vs.
our 12.65) due to its lack of dynamics reasoning. Conversely,
lower offsets reported by other methods are largely artifacts
of execution failure, whereas our policy maintains the highest
success rate through precise, intentional interactions. Quali-
tatively, as shown in Fig[5] CORN relies on static geometric

reasoning and often initiates excessive or poorly directed con-
tacts, triggering unintended contact chains that cause the robot
to become stuck in clutter. In contrast, our policy exhibits more
selective and intentional interactions, exploiting environmental
contacts when beneficial while actively avoiding unnecessary
collisions. Together, these results support our core hypothesis
that static geometric representations are insufficient in dense
clutter, where momentum transfer and multi-object contact
dynamics critically determine task success.

Training Efficiency and Convergence. Beyond final perfor-
mance, Fig. [] illustrates the learning dynamics of different
methods. Our approach demonstrates significantly higher sam-
ple efficiency, reaching approximately 70% success within the
first few thousand training iterations. In contrast, baselines
relying on static geometric representations (e.g., CORN and
UniCORN) converge substantially slower, while other rep-
resentations fail to learn meaningful policies. These results
indicate that the dynamics-aware representation provides a
strong physical prior, allowing the policy to learn effective
interaction strategies early without expending excessive sam-
ples on discovering basic contact physics.

Analysis of Dynamics Representation. We conduct ablation
studies to assess the contribution of the proposed dynamics
representation (Table [[I). Removing physical attributes such
as velocity and mass leads to a substantial performance drop,
highlighting the importance of reasoning about the potential
Jfor motion in cluttered manipulation. Additionally, replacing
point-level dense prediction with object-level 6 DoF pose pre-
diction leads to inferior performance, suggesting that pose su-
pervision is too coarse to learn the intricate contact physics and
local deformations essential for precise tracking. Moreover,
replacing the dynamics prediction objective with simple au-
toencoder reconstruction significantly degrades performance,
indicating that the effectiveness comes from dynamics learning
other than static shape reconstruction. We further visualize
world model predictions and observe close agreement with
ground-truth object motion in Fig[f] confirming the quality of
learned dynamics.

Effectiveness of Curriculum Learning. Fig. [7| shows the
evolution of policy performance across curriculum iterations.
Starting from 61.3%, the success rate steadily improves to
71.8% after three iterations. Early policies generate diverse
and imperfect interaction trajectories, which are used to refine
the world model. The improved dynamics representation then
provides more accurate conditioning for subsequent policy
learning, leading to progressively more effective extrinsic
dexterity.

Behavior Analysis for Extrinsic Dexterity. To examine
whether the learned policy exhibits extrinsic dexterity be-
yond aggregate success metrics, we manually analyze 50
sampled simulation trajectories for each method. We measure
unnecessary contacts, disturbance to non-target objects, and
the occurrence of Avoid, Traverse, and Leverage behaviors.
Table [III] summarizes the results. Compared with CORN,
DAPL produces fewer unnecessary contacts and substantially
fewer large translations and rotations of non-target objects. It
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Fig. 3: Overview of our proposed Clutter6D Benchmark and real-world setup. (a) Representative examples of the Clutter6D
Benchmark with three levels of scene density: Sparse (4 objects), Moderate (8 objects), and Dense (12 objects). (b) The
real-world experimental setup consisting of a Franka Research 3 robot and three Intel RealSense cameras for point cloud
acquisition, along with the complete set of objects used in our real-world experiments.
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Methods Action Type Sparse Moderate Dense
SR.*+ MO./ SR. Tt MO.|l SR. Tt MO. |
Teleoperation Mixed 50.0 3.13 40.0 7.49 20.0 21.34
GraspGen + CuRobo Prehensile 26.6 - 15.6 - 3.13 -
Point2Vec [22] Non-prehensile  6.89 5.09 1.95 3.36 0.78 5.35
Concerto [42] Non-prehensile ~ 3.13 1.65 1.56 2.90 0.39 7.56
CORN Non-prehensile  46.63 3.15 45.83 5.51 22.22 17.43
CORN-multi Non-prehensile ~ 35.93 2.73 15.38 3.92 11.83 12.06
UniCORNI9] Non-prehensile  20.61 1.71 11.67 4.13 5.81 9.79
Ours Non-prehensile ~ 71.88 2.59 51.04 2.7 44.56 12.65

TABLE I: Quantitative results measured by success rate in

the simulation benchmark. Note that Mean Offset (M.O.) for

GraspGen + CuRobo is omitted because it relies on the CuRobo motion planner, which strictly prioritizes collision-free
trajectories. Our method significantly outperforms all baselines across all clutter densities, maintaining high success rates even
in dense environments where baselines experience a sharp performance decline.
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Fig. 4: Training efficiency and convergence comparison. Our
method (blue) achieves significantly higher sample efficiency
compared to geometry-based baselines, reaching about 70%
success rate within the initial 10* iterations. This demonstrates
that our dynamics-aware representation provides a robust
physical prior, facilitating the rapid acquisition of complex
interaction strategies without the need for exhaustive sampling
of contact physics.

also exhibits Avoid, Traverse, and Leverage behaviors more
frequently, suggesting that the learned policy develops pur-
poseful contact strategies rather than relying on indiscriminate
pushing.

Sensitivity to Noisy Inputs. We further evaluate policy sen-
sitivity to noisy physical and goal inputs through controlled

Initial State & Goal

Result: CORN

Result: Ours

Fig. 5: Compared to static geometric representation base-
line CORN, which either triggers excessive contact chains
leading to significant environment disturbance (middle left)
or becomes “stuck” due to a lack of dynamics reasoning
(middle right), our policy (bottom row) exhibits selective and
intentional interactions, successfully reorients the target while
preserving scene stability.



Pretrain Task Granularity Velocity Phys. PE. | S.R. 1 M.O. |

Recons. Point-level X X - 11.75  1.31
Recons. Point-level v v - 29.63 2.63
World Model Object-level X X 3.1 1413 327
World Model Object-level v v 32 1688 3.84
World Model Point-level X X 4.1 42.00 491
World Model Point-level v X 5.1 5825 4.86
World Model Point-level v v 46 71.88 2.59

TABLE II: Ablation Study on Pre-training Objectives and
Input Modalities (Sparse Track). P.E.: Chamfer Distance pre-
diction error (cm). Results highlight the indispensability of
velocity and physical features, while further establishing that
point-level dynamics modeling is a more effective pretext
task than either object-level relative pose prediction or simple
reconstruction.

Current State Predicted Next State

Next State

velocity

10

Fig. 6: Visualization of our world model predictions.

perturbations in simulation. As shown in Table mass and
velocity perturbations maintain similar success rates over a
broad noise range, although larger noise gradually increases
scene disturbance. In contrast, goal-pose noise causes a much
sharper performance drop because it directly changes the task
specification.

Analysis of Adaptive Behavior. Beyond quantitative perfor-

71.8%

Success Rate (%)

iter-0 iter-1 iter-2 iter-3 iter-4

Iteration

Fig. 7: Success rate over curriculum iterations. Performance
steadily improves from 61.3% to 71.8%, demonstrating that
iterative model refinement provides more accurate dynamics
conditioning for learning effective manipulation strategies.

Method (E,Irllrtl;;S Object Disturbance Dexterous Behaviors (%)
Small Small Large Large
Trans. Rot. Trans. Rot. Avoid Traverse Leverage Simple
CORN 3.6 2.8 2.6 44 4.8 22 14 6 62
Ours 24 32 3.0 1.8 1.2 52 38 42 28

TABLE III: Behavior analysis over 50 sampled trajectories per
method. Unnec. Contacts and Object Disturbance metrics are
reported as average counts per trajectory. Small/Large Trans.
count non-target objects with translations below/above 5 cm,
while Small/Large Rot. count non-target objects with rotations
below/above 45°. Avoid, Traverse, and Leverage correspond
to the dexterous behavior types illustrated in Fig. [Tl Multiple
behavior types may occur in one trajectory; Simple denotes
trajectories in which none of the three is observed.

. 0.5% 5% 25% 50%
Noise Source
S.R. M.O. SR. M.O. SR. M.O. SR. M.O.
Mass 669 3.1 673 34 660 41 624 59
Velocity 640 36 640 32 6l1.1 39 585 44
Goal Pose 66.3 3.1 650 33 481 35 151 40
All Inputs 657 37 66,6 49 451 60 59 84

TABLE IV: Sensitivity to noisy physical and goal inputs under
controlled simulation perturbations. Noise levels are reported
as percentages of the corresponding input mean. S.R. denotes
success rate and M.O. denotes mean offset (cm).

mance gains, our policy exhibits adaptive interaction strategies
that reflect a deep understanding of contact-induced dynamics.
We demonstrate this through a controlled experiment where
we maintain identical initial and goal configurations while
modifying the objects’ physical properties. As shown in Fig[§]
when the pie is heavy and the Pringles can is light, the policy
proactively exploits the pie as a stable anchor. It establishes
deliberate contact with the pie to generate the necessary torque
for object reorientation. Conversely, if the mass assignments
are swapped, the policy autonomously adapts its trajectory
to avoid the lightweight pie. It prevents unintended scene

o

[ Heavy mass [ Light mass [l Init pose [l Goal pose

Fig. 8: Adaptive behavior guided by physical priors. In identi-
cal scenes, our policy autonomously adapts its interaction tra-
jectory based on whether the pie or the Pringles can (pink/cyan
mask) is assigned a heavy mass, transitioning between using
objects as stable anchors versus avoiding them to prevent
destabilization



Methods S1 S2 S3 S4
SR.+ MT. | SR.+ MT. | SR.+ MT. | SR.+ MT. |

Teleop. [25] 3/5 77 4/5 59 3/5 39 1/5 81
Ours 2/5 51 1/5 26 3/5 33 1/5 73

Methods S5 S6 7 S8
SR.+ M.T. | SR.+ MT. | SR.+ MT. | SR.+ MT. |

Teleop. [25] 3/5 28 2/5 39 4/5 20 0/5 90
Ours 4/5 37 3/5 59 2/5 24 2/5 28

Methods S9 S10 Avg.
SR.+ MT. | SR.1+ MT. | SR. 1+ MT. |

Teleop. [25] 5/5 62 1/5 64 52%  55.9
Ours 5/5 45 1/5 50 48%  42.6

TABLE V: Quantitative results across 10 scenes. Mean (last
column) denotes average performance across all scenes. SR
1 indicates success rate and MT | indicates mean execution
time.

destabilization by utilizing the now-heavy Pringles can as
the functional support instead. These results suggest that the
policy reasons about how interactions unfold purely through a
dynamics-aware representation rather than relying on geomet-
ric heuristics.

B. Real-world Experiments

System Setups. We deploy our policy on a Franka Research
3 robot equipped with three Intel RealSense cameras. Ob-
ject segmentation is initialized using SAM2[32]] on the first
frame and tracked online with XMem[4]. Object poses are
estimated using FoundationPose[36]. For sim-to-real transfer,
we perform system identification of key physical parameters.
Object mass is estimated using a vision—language model[33]]
that provides coarse physical priors, while velocities are
obtained by temporal differentiation followed by EKF-based
filtering [20]. To further bridge the sim-to-real gap, we employ
a student-teacher distillation framework under perturbation.
By training the student to recover the teacher’s latent dy-
namics from observations injected with Gaussian noise, we
force the policy to infer effective dynamics despite imperfect
perception. Although these estimates are not precise, they
provide sufficient priors for the policy to select appropriate
interaction strategies. We compare our method against FACTR
[25], a teleoperation baseline that enhances operator precision
in contact-rich tasks through multimodal sensory integration.
We evaluate performance on 10 diverse real-world cluttered
scenes. A trial is considered successful if the target object
reaches the desired pose with errors below 0.05 m and 0.1 rad
within 90 seconds. We report success rate and mean execution
time.

Results. As shown in Table[V] our method achieves an average
success rate of 48% across 10 scenes, approaching human tele-
operation performance (52%). Notably, our approach achieves
comparable success with more consistent execution times,
demonstrating reliable real-world performance despite sensing
noise and modeling inaccuracies. Although the dynamics

representation relies on estimated physical attributes such as
mass and velocity, precise estimation of these quantities is
not required for effective deployment. In practice, coarse mass
priors and noisy velocity estimates provide sufficient cues for
the policy to differentiate stable supports from objects likely to
be displaced. This observation is consistent with the sensitivity
analysis in Table where mass and velocity perturbations
have limited impact on success rate compared with goal-pose
noise.

C. Applications

To demonstrate practical utility in unstructured environ-
ments, we deploy our policy on a humanoid robot (Galbot
G1) for a grocery retrieval task. The manipulation policy is
trained entirely in a digital twin of the target shelf environment
using Galbot, without access to real-world interaction data.
We integrate a VLM-based planner (SoFar[31]) to translate
natural language commands (e.g., “Retrieve the cracker box”)
into 6D target poses. As shown in Fig. direct grasping is
often infeasible in shelf scenarios due to limited reachability
or objects exceeding the gripper’s width. In this pipeline, our
learned policy acts as a critical pre-grasping skill: it leverages
extrinsic dexterity to slide and reorient the target object out
of the clutter into a grasp-friendly configuration, enabling the
downstream grasping module[[13] to successfully complete the
task.

V. CONCLUSION, LIMITATIONS AND FUTURE DIRECTION

We studied non-prehensile object rearrangement in cluttered
scenes, where effective manipulation requires extrinsic dexter-
ity to selectively leverage and avoid environmental contacts.
We proposed Dynamics-Aware Policy Learning (DAPL),
which equips reinforcement learning policies with a learned
representation of contact-induced scene dynamics via a phys-
ical world model and curriculum learning. Furthermore, we
introduced Clutter6D, a new benchmark tailored for evaluating
6-DoF non-prehensile manipulation across varying clutter den-
sities, where DAPL achieves state-of-the-art performance. By
reasoning about interaction outcomes beyond static geometry,
our method enables robust extrinsic dexterity; importantly, in
real-world experiments, DAPL achieves success rates com-
parable to human teleoperation while noticeably reducing
average execution time.

Our approach has several limitations. The dynamics repre-
sentation relies on approximate physical attributes (e.g., object
mass and velocity), which may be noisy or unavailable in real-
world settings. In addition, we focus on tabletop rearrangement
with rigid objects and do not explicitly address articulated or
deformable objects, nor long-horizon multi-stage tasks. Future
work includes improving online dynamics estimation through
richer sensing and system identification, extending dynamics-
aware representations to articulated and deformable objects,
and integrating DAPL with higher-level planning for long-
horizon manipulation in complex environments. We believe
dynamics-aware representations offer a promising direction



Fig. 9: Qualitative Results in the real world. The goal pose is shown transparently.

Our Skill

Grasping

Initial State

Fig. 10: Humanoid grocery retrieval using extrinsic dexterity. Our policy enables the Galbot Gl to manipulate objects in
cluttered shelves by sliding and reorienting them into graspable configurations

for advancing dexterous manipulation beyond grasp-centric
paradigms.
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