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Decoupling Vision and Motion: Object-Centric Representations for Enhanced Manipulation

Abstract

We introduce a novel approach for manipulating articulated objects with the ability to
generalize across object translations, scaling, and robot kinematics. In traditional imitation
learning scenarios, the learned policy fails if camera perspectives or the relative positions of
objects change during inference, and is specific to certain robot configurations. To tackle
these challenges, we propose an object-centric representation for both observations of
object motions and robot actions, which decouples vision-based decision making from robot
execution. The center here refers to a canonical frame of the articulated object that remains
invariant regardless of the contact point. We further use object-centric imitation learning to
make stable predictions under varying camera views, object placements, and robot
kinematics. Experiments and analysis demonstrate that our method achieves state-of-the-art
performance in articulated object manipulation and dramatically improves generalization
performance.

Overview

Question: The core problem in robot imitation learning is the strong dependency between a
robot’s learned policy and its specific configuration, camera perspectives, and the relative
positions of objects. This makes it difficult to generalize the robot’s learned skills to new
situations.

Motivation: This problem is crucial in enabling robots to perform tasks in real-world
environments. For example, a service robot may need to open doors of varying sizes and
placements within its environment, and we want the policy to work cross embodiment.
Coupling learning of visual perception and robot control makes generated action highly
overfit to noise and task-irrelevant inputs. By developing methods for object-centric learning,
we decouple observed object motions and robot actions to make our policy generalize over
various object translation, scaling and robot configurations.

Challenge: The current state-of-the-art robot learning methods often rely on pixel-based
visual inputs and trajectories anchored in the robot's base frame. However, we want to
decouple vision-based decision making and robot execution.

Approach: Inspired by the grasp detection algorithm, we want to "detect" object-centric
executable trajectories for door opening. Object-centric means the trajectories are attached
to the object itself, irrelevant to specific robot configurations, and we study observations of
object motions irrelevant to the object’s placements or camera views.



Related Work

Learning from Human Demonstrations

Recent studies focus on imitation learning including utilizing Transformer architectures [16,
17, 18, 20, 21, 22] to predict robot actions. To break the limitations of 2D observations, the
3D policy models C2F-ARM [19] and PerAct [16] voxelize the robot's workspace and are
trained to identify the specific 3D voxel that contains the next key pose for the end effector.
ACT3D [23] represents the scene as a continuous resolution 3D feature field rather than
voxel. Another method is to apply diffusion models to robotic applications. Chi et al. [24]
introduced the groundbreaking Diffusion Policy (DP), while 3D-DP [25] learns to predict full
trajectories by employing a modified MLP as an efficient backbone for processing point
clouds. A combination can be seen in ChainedDiffuser, which [26] first predicts high-level
key points using ACT3D, then generates low-level trajectories that connect these key points
through standard trajectory diffusion techniques. We show in our paper that the actions can
be directly generated as the point features based on our object-centric representation.

Articulated Object Manipulation

Manipulating articulated objects is challenging, with some approaches using analytical
methods [2, 3, 4, 5, 6] and data-driven learning-based methods [7,8], including techniques to
model manipulation with explicit parameters [9, 10, 11, 12], visual affordances [7, 13, 14] and
articulation flows [1, 15]. Different from previous learning-based works which tend to learn
the representation through a pure object model, we incorporate contact point concept and
leverage the point for prediction.

Problem Formulation

The task we aim to solve is to open an articulated object from a single-view depth sensor. At
a high level, our objective is to decouple agents' observed object motions with its actions in
imitation learning, and then to use the learned policy to perform generalization across the
object translations, scaling and robot configuration. We focus on opening an articulated
pivot-hinge door, supposing there is a handle in the door and the door can be directly pulled
or pushed to open.

We propose an object-centric representation to learn the robot’s observation and action. To
be more specific, in the door-opening task, the robot first establishes and maintains contact
with the door before manipulating the door’s 1 degree of freedom (DoF) rigid plane along its
pivot axis. The object’s configuration and geometry property provides a possible frame
definition, and the contact point serves as an anchor for this frame, together formulating our
object-centric here.

We aim to train an imitation learning policy 7" (alo) based on the demonstration dataset

N
D = {(os, ar) },—, .To obtain our object-centric representation of both the object motions and
robot actions, we define a frame A € SE(3) attached to the contact point P" € P When
the robot opens the door, we detect the contact points pr=(2",y",2") , and the rotation



A

matrix c? based on the object-centric definition. Later the robot actions are transformed to
the frame A. During inference, we predict per-point binary contact possibility and robot
actions in frame A. The robot actions predicted on contact points are then transformed in

robot base frame B € SE(3) for execution.

Subproblems(solution)

N
We collect a demonstration dataset P = {(0t; @) },—1 where 9 is in the camera frame
C € SE(3) and 4 is in the robot base frame B € SE(3) . In this work, O: is a 3D point

P={pk€ IR3}

cloud ke[n] captured by depth cameras and “: is the end effector pose.

In the door-opening task, we define the contact frame A as following: 7 -axis is aligned with
the door's pivot hinge axis. X -axis is perpendicular to the manipulated surface of the door,
which is also the surface to which the handle is attached. The Y -axis is computed as the
cross product of the X and Z axes, i.e.,Y = X x Z.

k

epr k¥ and obtain actions QteH under it. A

F

For each point P« , we identify its frame

— k
per-point flow f k_( Ck’ @iy H) is defined, where C € {0, 1} jndicates whether the point

is a contact point. Thus, we would like to find a function f 0( Ot) that predicts the 3D
trajectory flow directly from point cloud observations. We define the objective of minimizing

LMSE:zk”fk_f e(oz) sz .

the L2 error of the predicted flow:

/\k —
During inference, we consider 4.1+ H where ke {k|ck l}and transform the action from

F

k to base frame B for execution.
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