ABSTRACT

ABSTRACT

We introduce a novel approach for manipulating articulated objects with the ability to gener-
alize 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 chal-
lenges, 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 anal-
ysis demonstrate that our method achieves state-of-the-art performance in articulated object

manipulation and dramatically improves generalization performance.

KEY WORDS : imitation learning, object-centric, robot manipulation



P ZAGE K FARE BT R3O

II



CONTENTS

CONTENTS

I INtrodUCHION . . o .ottt
LT MOtIVALION . .o oottt e e e e e e
1.2 Literature ReVIEW . ... ...

1.2.1 Articulated Object Manipulation...............c.ooiiiiiiiiiiiiiinnnn...
1.2.2 Learning from Human Demonstrations ........... ... ...,
1.2.3 Object-Centric Representation for Manipulation...........................
1.3 Main WOtk . ..o

2 Theoretical OVETIVIEW . .. ...ttt et e et e e e

2.1 Action Chunking With Transformers ........... ... ... i
2.1.1 conditional variational autoencoder (CVAE)...............................
2.1.2 Action Chunking and Temporal Ensemble ................................
2.1.3 Algorithm Workflow. ... e

2.2 3D Diffusion PoliCy . ...t
2.2.1 Diffusion Policy . ...
2.2.2 Incorporation of 3D visual representation ............ ...
2.2.3 Algorithm Workflow. ... e

3 Decoupling Vision and Motion: Object-Centric Representations for Enhanced Ma-

MIPULATION . . .
3.1 Object-Centric Representation for Vision-based Decision Making...............
3.2 Object-centric Policy Learning ............. ..ot
3.3 Contact-Aware Implementation.................oo i,

4 EXPOIIMENLS . . o oottt et e e e e e e et
4.1 Experimental Setup. ...... ..o e
4.2 Effectiveness and Efficiency. ...

S5 ConCIUSION . . ...t

Acknowledgment . . ... i e

RETEIENCES . . . oot e

III



P ZAGE K FARE BT R3O

v



1 Introduction

1  Introduction

1.1 Motivation

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.
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 mo-
tions and robot actions to make our policy generalize over various object translation, scaling
and robot configurations. 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. Inspired by the grasp
detection algorithm, we want to “detect” object-centric executable trajectories for door open-
ing. 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.

1.2 Literature Review

1.2.1 Articulated Object Manipulation

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

for prediction.

1.2.2 Learning from Human Demonstrations
Recent studies focus on imitation learning including utilizing Transformer architectures
[16—18, 20] to predict robot actions. To break the limitations of 2D observations, the 3D pol-
icy 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
1
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[24] represents the scene as a continuous resolution 3D feature field rather than voxel. An-
other method is to apply diffusion models to robotic applications. Chi et al. [25] introduced
the groundbreaking Diffusion Policy (DP), while 3D-DP [26] learns to predict full trajectories
by employing a modified MLP as an efficient backbone for processing point clouds. A com-
bination can be seen in ChainedDiffuser [27], which 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

taking point cloud and oracle robot states as input based on our object-centric representation.

1.2.3  Object-Centric Representation for Manipulation

Several works focus on extracting object features and transforming observation frames to
guide robot actions. [29] introduces an affordance-centric coordinate frame for representing
robot actions in long-horizon, multi-object tasks, while [30] detects grasp points from depth
recordings with a novel grasp representation. [31] mines multiple coordinate frames by com-

bining transformed point cloud data to propose actions.

1.3 Main Work

We consider the problem of enabling a robot to imitate a door-opening task from a limited
number of expert demonstration videos. The goal is to develop a policy that generalizes to
unseen object placements, camera viewpoints, and robot configurations that are out of distri-
bution.

Each task instance involves a robot equipped with a parallel-jaw gripper interacting with
a target object, such as a door. The task is defined by a trajectory of object poses over time.
During the demonstration phase, the robot performs the door-opening task while a stationary
camera records a sequence of observations o, = {(P;, 6,)}f; 1» Where N is the task horizon.
Here, P, € RV»*3 denotes the observed object point cloud, and ¢, is the robot” s oracle state. At
inference time, given a robot observation o;, the objective is to learn a policy 7 that maps o; to
an end-effector trajectory a;.isk = (Prsks Retaks Weiek ), Where priwx € R? and Ry € SO(3)
denote the position and orientation of the end-effector, and w;.;4x € R is the gripper width. The
goal is to maximize the likelihood of successful task execution.

Assumptions. During implementation, we make the following assumptions: (1) Visual
observations are captured from a single view camera and do not include action labels. (2) The
robot has no prior knowledge of object geometry, task dynamics, or 3D models. (3) All doors
are modeled as rigid bodies with a handle attached to the surface and can be opened by directly
pulling or pushing using the designated gripper.



2 Theoretical Overview

2 Theoretical Overview

2.1 Action Chunking With Transformers

2.1.1 conditional variational autoencoder (CVAE)

The CVAE encoder and decoder is implemented with transformers, as transformers are
designed for both synthesizing information across a sequence and generating new sequences.
(1)The encoder of the CVAE

The CVAE encoder is implemented with a BERT-like transformer encoder. The inputs
to the encoder are the current joint positions and the target action sequence of length k from
the demonstration dataset, prepended by a learned ”[CLS]” token similar to BERT. The output
is the mean and variance of the “’style variable” z, which is then used as input to the decoder.
(2)The decoder of the CVAE

We use ResNet image encoders, a transformer encoder, and a transformer decoder to im-
plement the CVAE decoder. the transformer encoder synthesizes information from different
camera viewpoints, the joint positions, and the style variable, and the transformer decoder gen-
erates a coherent action sequence. The whole model is trained to maximize the log-likelihood
of demonstration action chunks, i.e.
min= > logmp(arm | ). @-1)

6
St,r:1+k €D

where D is the demonstration dataset, s, is the input state at time #, and a;.;, is the target action
sequence of length k starting at time 7. with the standard VAE objective which has two terms:
a reconstruction loss and a term that regularizes the encoder to a Gaussian prior.

2.1.2  Action Chunking and Temporal Ensemble

To mitigate the compounding errors in imitation learning while maintaining compatibility
with pixel-to-action policies, we adopt an action chunking strategy that reduces the effective
horizon of long trajectories collected at high frequency. Instead of modeling individual action
distributions, the policy models a distribution over action chunks, i.e., mg(a;.+x | 5;), leading
to a k-fold reduction in the effective horizon. In our implementation, the agent generates and
executes k actions sequentially at every k steps after receiving an observation.

To further stabilize action execution, we employ a temporal ensemble strategy that per-
forms a weighted average over predicted actions using an exponential weighting scheme: w; =
exp(—m - i),where wq corresponds to the oldest action. The rate at which new observations
influence action selection is controlled by m, with smaller values allowing faster incorporation

3
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of new information[22].

2.1.3 Algorithm Workflow

The observation space consists of four RGB images, each with a resolution of 480 X
640, along with joint positions for two robotic arms, totaling 14 degrees of freedom (DoF).
The action space is represented as a 14-dimensional vector containing absolute joint positions
for both robots. With action chunking, the policy outputs a k X 14 tensor given the current
observation.

For visual feature extraction, we employ ResNet18 [21] as the backbone, processing 480 %
640x3 RGB images into feature maps of size 15x20x512. These feature maps are then flattened
along the spatial dimension to obtain a sequence of 300 X 512. To retain spatial structure, a 2D
sinusoidal positional embedding is added to each feature sequence. Repeating this for all four
images results in a final visual feature sequence of dimensions 1200 X 512.

In addition to image features, we append two additional inputs: the current joint positions
and a learned “style variable” z. Both are projected to 512-dimensional embeddings using
linear layers, yielding a complete input representation of size 1202 x 512 for the transformer
encoder.

The transformer decoder conditions on the encoder output via cross-attention. Its input
consists of a fixed positional embedding of size k X512, while keys and values are derived from
the encoder outputs. The decoder generates an output of size k X 512, which is subsequently
down-projected via an MLP into a k X 14 matrix, corresponding to the predicted target joint
positions for the next k steps. For training, we use L1 loss instead of L2 loss, as we find that

L1 loss results in more precise action sequence modeling.

2.2 3D Diffusion Policy

2.2.1 Diffusion Policy

Diffusion policy is a new form of robot visuomotor policy that generates behavior via a
”conditional denoising diffusion process on robot action space”. In this formulation, instead
of directly outputting an action, the policy infers the action-score gradient, conditioned on
visual observations, for K denoising iterations. This formulation allows robot policies to inherit
several key properties from diffusion models —significantly improving performance. The core
design of DP3 is the utilization of a compact 3D visual representation, extracted from sparse
point clouds with an efficient point encoder [26].

2.2.2 Incorporation of 3D visual representation

The generality of visual imitation learning comes at a cost of vast demonstrations. To
enable (offline) imitation learning algorithms to learn robust and generalizable skills with as
few demonstrations as possible, DP3 encodes sparsely sampled point clouds into a compact 3D
representation using a straightforward and efficient MLP encoder. Subsequently, DP3 denoises
4



2 Theoretical Overview

random noise into a coherent action sequence, conditioned on this compact 3D representation
and the robot poses. This integration leverages not only the spatial understanding capabilities
inherent in 3D modalities but also the expressiveness of diffusion models. This exhibits notable

advantages over 2D-based diffusion policies in efficiency and generalization.

2.2.3 Algorithm Workflow

(1) Perception

3D Diffusion Policy (DP3) represents 3D scenes using sparse point clouds, as they of-
fer greater efficiency compared to alternative explicit representations such as RGB-D images,
depth maps, and voxels. In both simulation and real-world settings, depth images (84 x 84)
are captured from a single camera and converted into point clouds using camera extrinsics and
intrinsics, while omitting color information to enhance appearance generalization. To improve
data quality, redundant points from surfaces like tables and the ground are removed via bound-
ing box cropping, and the remaining points are downsampled using farthest point sampling
(FPS) to ensure sufficient coverage and reduce randomness. The downsampled point cloud is
then encoded into a compact 3D feature representation using a lightweight DP3 Encoder, which
consists of a three-layer MLP, a max-pooling function for order-equivariant feature aggrega-
tion, and a projection head. With interleaved LayerNorm layers for training stability, the final
encoded feature vector is only 64-dimensional. Ablation studies demonstrate that this simple
encoder can outperform large pretrained models like PointNeXt, reinforcing the effectiveness
of task-specific lightweight architectures in visuomotor control.

(2) Decision

The decision module in DP3 employs a conditional denoising diffusion model to generate
actions by iteratively refining Gaussian noise while conditioning on 3D visual features and

robot poses. Given an initial Gaussian noise aX, the denoising process follows:

a“t = ay (ak — Vi€ (ak, k,v, q)) + o N (0, 1), (2-2)

where N (0, 1) is Gaussian noise, and g, yx, o are noise scheduling parameters. The
training objective minimizes the mean squared error (MSE) between the predicted and actual

noise:

£ =MSE (ek, € (c‘xkao + Bre kv, q)) ) (2-3)

For training, DDIM is used as the noise scheduler with 100 diffusion timesteps, and infer-
ence is performed with 10 timesteps. The model is trained for up to 3000 epochs with a batch

size of 128, ensuring efficient high-dimensional action generation.



P42 0l R AR T (30

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

In this work, we propose an object-centric learning framework for robotic manipulation.
Our method leverages a learned contact confidence to establish a dynamic object-centric frame,
within which action sequences are processed and predicted. This allows generalization over
varying cameare poses and object placements. We train our policy using end-effector positions
and orientations as the action space, which enables generalization across different robot config-
urations. The ability to generalize over camera viewpoints and object placements is illustrated
in Figure 3-1.

We aim to train an imitation learning policy 7*(a | o) using a demonstration dataset
D = {(oy, a,)}ﬁl, where all observations and actions are initially expressed in the world frame
C € SE(3). At each time step ¢, the policy takes the current observation o; and predicts a
sequence of k future actions (ay, . .., a;+k-1). To enable object-centric reasoning, we define an
object-centric frame A, = (‘é’ R;, ‘é‘]}) € SE(3), where the rotation ‘é’ R, € SO(3) aligns with
the estimated object orientation, and the translation é’Tt = p* = (x*,y*,7") € R3 corresponds
to a detected contact point on the object. During training, we transform both the robot actions
and oracle states o, into the object-centric frame A; to form object-centric representations.
Similarly, object motion P, is normalized with respect to the object” s orientation. At inference
time, A, is computed using a PointNet-based segmentation model and an object pose estimator.
The predicted object-centric actions are transformed back into the robot’ s base frame B €
SE(3) for execution.

3.1 Object-Centric Representation for Vision-based Decision Making

We propose an object-centric representation to model the robot”’s observations and actions.
Specifically, in the door-opening task, the robot must first establish and maintain contact with
the door before manipulating its single degree-of-freedom (DoF) rotation along a fixed pivot
axis. The configuration and geometric properties of the door suggest a natural definition of an
object-centric coordinate frame, anchored at the contact point.

Npx3 we define a contact confidence vector

Given a cropped object point cloud P, € R
¢, € {0,1}"r, where ¢! = 1 indicates that the i-th point in P; is a contact point. The ground

truth contact point is then denoted as:

p* =P, wherei={i|c =1}
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P~ ]

(a) Different camera viewpoints (b) Different object placements

Figure 3-1 Generalization across camera viewpoints and object placements. Left: Four examples
showing variations in camera perspective. Right: The same object under different placement orienta-
tions. Our object-centric policy enables consistent action generation across these conditions.

The orientation of the object-centric frame is aligned with the geometry of the door.
Specifically:

* The Z-axis is aligned with the hinge axis of the door (pivot axis).
» The X-axis is defined as perpendicular to the door surface to which the handle is attached.
* The Y-axis is computed as ¥ = X X Z.

This object-centric frame enables consistent and transferable representations of observa-
tions and actions across varying door placements and camera views.

Perception We transform the point cloud P, € R»*3 to be aligned with the object’s
estimated rotation ‘é’ R; and centered at the point cloud’s centroid p;. This transformation is
defined as:

Pl =g Ri- (P =p)) + (T,
where p} is the centroid of P;. This transformation ensures that the object-centric representation
is invariant to the object’s absolute position and camera view.
Actuation We record the oracle state o, using the ground-truth action a,, and transform
it to the object-centric frame A, to evaluate the robot” s interaction with the object. The robot

actions as.r4x = (Prs+ks Ret+ks Wk ) are transformed into the object-centric frame A; as fol-

lows:

~A A * A hA A ~A
P,;;+k =R (Prsk —P7) + CtTt, Rt:tt+k = CtRf “ Resk, Wz:;+k = Weir+k-

This object-anchored representation allows the policy to remain invariant to the robot” s base
7
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frame and configuration. As a result, the learned policy generalizes across different object

placements and robot embodiments by reasoning in an object-centric reference frame.

3.2 Object-centric Policy Learning

We train a seperate point cloud segmentation model to determine the most probable con-
tact point for reference frame transformation, and a visuomotor policy for action generations.

An overview of our poliy is in Figure 3-2.

objecl_centric Z style Z style end effector compact
i i variable ~ state 3D Repr.
representation variable P
\7ﬁ [CLS] token En’-; action
LY 2 position transformer sequence
& end effector state in { 'q?“ E end effector state = embeddings encoder
& world frame A7 o in contact frame 9,
A
3 ‘4 3 U
r . action sequence in =
¢ " action sequence in contact point door pose contact frame g D
world frame ae:ction estimation r 8 D
5 = - g\\ s O transformer
dogll;zzml (nforonce ) = C] decoder

pointnet
segmentation

A

Figure 3-2 Overview of object-centric policy. During training, the framework jointly learns a
PointNet-based segmentation model and a decision-making policy from expert demonstrations. At
evaluation time, it first establishes the object-centric frame using the predicted contact point from the
segmentation network, then generates actions within this frame by conditioning on the 3D point cloud
representation and the robot” s state, using a CVAE-based policy network.

perception

compact 3D Repr.
process

Pointnet segmentation To dynamically determine the most probable contact point for
reference frame transformation, we adopt the PointNet Segmentation Network [33] to predict
the contact confidence ¢, for each point in the cloud. After we normalize input point clouds
to unit sphere, the network processes point clouds through a series of 1D convolutions with
increasing feature dimensions (64 — 128 — 512 — 2048), followed by hierarchical feature
aggregation. The final representation is passed through log-softmax activation to produce per-
point confidence scores for two classes: contact and non-contact.

The loss function combines negative log-likelihood with a regularization term that en-

courages orthogonality in the learned transformation matrix:
2
L = Ly(pred, target) + A - Lieo(A), where Lo(A) = ||I - AAT”F ,

with A being the feature transformation matrix and A = 0.001. This regularization preserves
the geometric structure of input points. We train with batch size 4 and 1024 points per cloud,
using mixed precision to optimize GPU memory usage.

Conditional variational autoencoder We generally follow the conditional variational
autoencoder described in Section 2.1.1 [22]. The CVAE encoder only serves to train the CVAE
decoder (the policy) and is discarded at test time. Specifically, the CVAE encoder predicts the
mean and variance of the style variable z’s distribution, which is parameterized as a diagonal
8
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Gaussian, given the current observation, 0’?‘ and action sequence aﬁ; . as inputs. The CVAE
decoder, i.e. the policy, conditions on both z and the current observations (point cloud + end
effector positions) to predict the action sequence.

Inferenece When deploying our policy, we first perform object pose estimation (Sec-
tion 3.3) to obtain the normalized object point cloud. Next, we segment the normalized point
cloud to identify the contact point and establish the object-centric frame A,. This is used to
transform the robot’s oracle state 0; to be object-centric, which is later processed as a token
to the CVAE decoder. The normalized point cloud is also passed to the perception process
(Section 3.3) to form a compact 3D representation. The CVAE decoder takes the current ob-
servation and the style variable z as inputs, generating a sequence of actions in the object-centric
frame. The predicted action sequence a™ s converted from the contact frame A, back to the

t:t+k
robot’s base frame for execution:

dt:t+k = (ﬁt:t+k, Ritk, Wt:t+k)
T
~ A ~A *
Pri+k = (C’Rz) Prgr TP
T
5 A 5A

The process can be viewed in Figure 3-3.

contact point position + object pose

/T action in action in
85 i i contact world
) 2 ]
door point £Z5 pointnet segmentation — (CIT—"7 contact point label frame frame
cloud ‘ 53 %
- gA ® perception | process — compact 3D Repr. —»
state in £% execution
world " ——————» object-centric representation = —» end effector state —» CVAE decoder — — —
frame a4
L
-
0 —

Figure 3-3 The pipeline of the inference process. The predicted contact point and estimated object
pose are used both to construct the object-centric representation for action generation and to transform
the predicted actions back to the world frame for execution.
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H% 3.1 Object-centric Policy Training

—_

: Given: Demo dataset D = {(o;, at)}z:p weight .

2: Initialize Point segmentation model f;, with parameters .
3: Initialize encoder q¢(z|at s A’).
4: Initialize decoder ne(a o +k|0 ,2)
5: for iterationn = 1,2, ... do
6: Sample Py, ¢y, 0y, Ay from D.
7: Establish A; using 2’ R, and contact point p*
8: Obtain object-centric representations atAt 0 4t and normalize P, by c R
9: Compute per-point logits: ¢; = fy, (P;)
10: Compute contact confidence loss:
Lseg = CE(¢r, ¢1)
11: Backpropagate and update ¢ using optimizer
12: Sample z from q¢(z|at g A’).
13: Encoder Pt to obtain compact 3D representation.
14: Predict a at o from ﬂg(dl l+k|o 2).
15: Compute action reconstruction loss and cross-entropy loss:
~£reconst = /lp : MSE(ﬁt:t+k, pt:t+k) +4, - MSE(RI:Hk, Rt:t+k) + Ay - MSE(Wt:Hk’ Wt:t+k)
Here:A,, A,, and 4,, are the scaling coefficients for position, rotation, and gripper width,
respectively. These coefficients are determined by ensuring that the corresponding loss
components are on the same scale when training reaches one-tenth of the total training
steps.
16: Compute latent regularization loss:

Lieg = Dxr(qg(zlal,,.0:) | N(0,1)
17: Update parameters using ADAM:
L = Lreconst + ﬂ-Ereg

18: end for

10
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b S,
~.

&% 3.2 Object-centric Policy Inferenece

1: Given: trained policy 7y, episode length 7', chunk size k.

2: Initialize FIFO buffers 8[0 : T'|, where B[] stores actions predicted for timestep 7.

3: for timestepr =1,2,...,7T do

4: if 1 mod k == 0 then

5: Given P,, perform pose estimation to obtain é’ R;, which is used to normalize P;.

6: Compute predicted contact point p* = P{ € P;:

J =argmaxd,[j,1], where ¢; = softmax(fy (P;))
J

7: Obtain object-centric observation 0;4’ based on é’ R; and p*.
8: Encode P, to obtain compact 3D representation.
9: Predict the next k actions dﬁ; L from:
7(9(63;4:;_”( | 0?’,z), where z =0
10: Transform predicted actions back to base frame, denoted as d;.;.
11: Store the predicted actions in the buffer:

Blt:t+k]| = ark

12: end if

13: Obtain the current step action a, = B|¢].
14: Execute action a;.

15: end for

3.3 Contact-Aware Implementation

The key of our design is incorporating point cloud observations to construct an object-
centric representation and condition action generation on 3D visual features. Therefore, besides
point segmentation to identify the contact point, we also need to perform object pose estimation
to obtain the é’ R; and encode the point cloud into a compact 3D representation.

Pose estimation In the door-opening task, we compute the oriented bounding box (OBB)
of the door plane using Open3D’s built-in method. The estimated OBB is then rotated to align
with the desired coordinate frame as defined in Section 3.1.

Perception process We encode point clouds into compact 3D representations with a
lightweight MLP network as shown in Figure 3-4, following a method proposed in [26]. This
network, called the DP3 Encoder, employs a straightforward design: it combines a three-layer
MLP with a max-pooling operation that preserves order-equivariance, followed by a projection
head that compresses these features into a compact vector. To enhance training stability, we
incorporate LayerNorm layers [32] between components. The resulting 3D feature vector (v)

is remarkably efficient, containing just 64 dimensions.
11
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MLP projection
front camera : (3,65,128,236) (256,512)
observation door point cloud
- N b N
cam_front % orm.
. 5 ":D g 5 E Compact
) :”: °z E g oz 3D Repr.
L - 3 2

Figure 3-4 Perception process of point clouds.At each time step, the cropped object point cloud is
transformed into a compact 3D representation, which serves as input to condition the decision-making

process.

12



4 Experiments

4 Experiments

4.1 Experimental Setup

Data Collection We collect 40 expert demonstrations per task for opening a door using a
simulated Panda arm. In our simulation environment, each task comprises one or more varia-
tions, and each variation can generate an infinite number of episodes. In order to test the ability
to generalize, we collect multiple variations in object position and camera viewpoint, and these
variations are out-of-distribution (OOD) during inference. The benchmark environment is built
using the V-REP simulator and the PyRep interface [34].

Baselines The primary focus of this work is to highlight the importance of object-centric
representations in robotic manipulation. We compare our method against two baselines: (1)
an rgbd-based transformer behavior cloning policy (ACT) [22], and (2) a 3d diffusion policy
(DP3) [25]. The different vision modalities are visualized in Figure 4-1. Herein, ACT employs
RGBD, while 3D diffusion utilizes the scene point cloud, which is uncropped. Our method uses

the cropped point cloud that solely encompasses the object (door).

(@) (b) Point Cloud: Uncropped and Cropped

Figure 4-1 Different vision modalities in the simulation, include images, depths, and point clouds.

Evaluation Metrics We conducted each experiment using three different random seeds
(0, 1, 2). For each seed, we evaluated performance over 40 episodes. The success rates are
reported across unseen object displacements and the resulting different camera views. The
variations—which correspond to the door’ s spatial position—are categorized into four types,
denoted by numbers and colors as shown in Figure 4-2. If the door is opened to an angle
equal to or larger than 25 degrees within episode length T steps, we will consider the task as a

SUCCEsS.
13
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Generalization Capability

100% 100%

Accuracy (Avg Success)

Variations

Figure 4-2 Variations of the object positions.  Figure 4-3 Average success rates of general-
The training data episodes are generated based on  ization. We show the average success rates for

variation @, while we evaluate our policy’ s gen-  opening doors in four different position varia-
eralization capability on the test positions (varia-  tions. This indicates that our approach demon-
tions @, @, @). strates strong generalization ability in most cases.

4.2  Effectiveness and Efficiency

Generalization Accuracy We Compare our method with more baselines in simulation
and the results are shown in Table 4-1. Figure 4-3 shows the detailed generalization results.
Our method achieved a 100% success rate for variations 1, 2, and 3, while for variation 4,
the success rate was 80%. We will discuss this in the TODO Result Analysis. Our method
demonstrates strong generalization to unseen door placements, despite being trained solely on
the variation marked in green in Figure 4-2. The prediction results under 4 variations of our
method are visualized in Figure 4-4. The task progress of the spatial generalization results are
shown in Figure 4-5.

Table 4-1 Spatial Generalization for Different Policies

Spatial Generalization | @ @ ® @ | average (%)

ACT o X X X 30.0
DP3 o X X X 15.0
Ours (Object-Centric) | v v V / 95.0

14
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(a) (b) (c) (d)

Figure 4-4 Qualitative predictions of the robot trajectory and contact point. We visualize pre-
dicted actions from our policy under four variations of object displacements and camera viewpoints.
Each frame shows the predicted contact location and end-effector trajectory overlaid on the scene.

Front Camera View Task Progress

Placement @

Placement (3

Placement @

Figure 4-5 Task progress of the spatial generalization results. We place the door at different posi-
tions that are unseen in the training data. Each position is evaluated with 10 trials.

Learning and Inference Efficiency The training curve of our method, shown in Figure 4-

6, demonstrates a rapid convergence towards high accuracy. We train our policy to predict a
15
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sequence of future actions given the current observations. To enhance efficiency, we aim to
reduce the effective horizon of long trajectories collected at high frequency.

In our implementation, we fix the chunk size to be K. Specifically, every K steps, the
agent receives an observation, generates the next K actions, and executes them sequentially.
This strategy effectively reduces the task’s horizon by a factor of K, thereby improving com-
putational efficiency. After careful consideration, we set k = 100 given that our episode length
T = 180 in our final implementation, balancing computational cost and accuracy.

Interestingly, we do not apply temporal augmentation [22] during inference. Despite this,
our policy still demonstrates robust performance and increased efficiency. As for the obser-
vations, we extract 1,024 points from the cropped object out of the 10,000 scene points in the
point cloud, significantly improving the point cloud processing speed. Our method achieves
an inference speed of 9.68 FPS, highlighting its superior efficiency.

Result Analysis In variation @, the failure cases occur because the robot sometimes col-
lides with the door with its elbow while approaching the handle. Although the door eventually
opens, it does so without the proper manipulation of the handle, which would be hazardous
in a real-world scenario. While our method is capable of generalizing across placements, the
learned object-centric trajectory of the end effector must also conform to the robot” s opera-
tional workspace. Otherwise, planning may fail or occlusion may occur.

In our baseline methods, the primary sources of failure arise from the gripper’ s inabil-
ity to reach and manipulate the handle, as shown in Figure 4-7(b). In contrast, our method
successfully overcomes this limitation by consistently predicting an object-centric trajectory
that remains aligned with the door and handle, even when encountering previously unseen

positions, as demonstrated in Figure 4-7(a).

0.6

Training Loss

Training Episodes

Figure 4-6 Training curve.The close  Figure 4-7 Visualization of the gripper manipulating
alignment between the training and val- ~ the handle during inference: (a) Successful manipulation
idation loss suggests that the model by our method and (b) Failure case by other baselines. The
does not suffer from overfitting. predicted trajectory is visualized in (a).
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5 Conclusion

In this work, we introduce object-centric representations for enhanced robot manipula-
tion in imitation learning, enabling the learned policy to generalize effectively across diverse
object placements, camera views, and robot configurations.

The essence of our method lies in decoupling the observed object motions from the agent’s
actions. By defining an object-centric frame A, € SE(3) aligned with the object’s pose and
attached to the contact point p* on the object, both observations and robot actions are trans-
formed into the object-centric frame. This approach captures invariance under variations in
object placements, camera views, and robot configurations, thereby facilitating generalization.
Our method demonstrated strong generalization in simulation, achieving a 100% success rate
in three variations and 80% in the fourth, despite being trained solely on a single object place-
ment.

Limitations Our method is tested only with the Panda robot arm in a simulated environ-
ment for the task of door opening. Therefore, its performance on other robotic embodiments,
in real-world settings, or with different manipulation tasks remains unverified. Future work
should focus on validating the approach with various robot arms and real-world experiments,

as well as exploring its applicability to other articulated object manipulation tasks.

17
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