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Abstract—Humans can learn manipulation behaviors by ob-
serving a short demonstration video, inferring how tools and
objects should move relative to one another. Enabling robots
to acquire manipulation skills from visual demonstrations with
similar efficiency remains a core challenge. We propose an
interaction-centric framework for one-shot learning of manip-
ulation from RGB-D videos. Our method first identifies the task-
relevant interaction segment in a demonstration video to reduce
noise and focus on structured interactions. On these segments,
it extracts relative trajectories between entities, capturing both
hand–object interactions and object–object interactions, and
predicts the relative motion using a model conditioned on object
geometry and language instruction. By focusing on task-relevant
interactions, the approach does not require robot embodiment
data and generalizes across object poses and scene configurations.
We validate our method on a physical robot, showing that a single
demonstration suffices to robustly execute a variety of relational
manipulation tasks.

Index Terms—Learning from video, Interaction-centric policy,
One-shot learning

I. INTRODUCTION

Humans can learn manipulation behaviors by simply watch-
ing a demonstration video. From a short observation, one
can infer how a tool should move relative to an object and
reproduce the behavior with hands. Enabling robots to acquire
manipulation skills from visual demonstrations in a similarly
efficient manner remains a central challenge in robot learning.
Most existing manipulation policies map visual observations
directly to robot actions [1], [2] (Fig. 1 (a)). Such action-
centric formulations typically rely on large numbers of robot
demonstrations collected across different object poses, and re-
quire robot embodiment data that videos cannot provide. This
limits their ability to leverage the vast amount of manipulation
knowledge available in videos.

A key observation is that in many manipulation tasks, the
task outcome is determined primarily by a short interaction
phase during which the motion between entities is strongly
constrained [3], [4]. For example, when pouring water from
a teapot into a cup, success depends mainly on the relative
motion between the two objects during the pouring, while the
preceding approaching can vary substantially. This suggests
that the essential information in a manipulation video may lie
in the interaction trajectory between entities. Importantly, such

1KU Leuven, Dept. Mechanical Engineering, Research unit Robotics, Au-
tomation and Mechatronics firstname.lastname@kuleuven.be

2KU Leuven, Dept. Electrical Engineering, Research unit Processing
Speech and Images

3Flanders Make@KU Leuven
This work was supported by Interne Fondsen KU Leuven/Internal Funds

KU Leuven (C2E/24/034).

(a) Action-Centric Policy (b) Interaction-Centric Policy

Multiple 
Demos

(a) Grasping Prediction (b) Manipulation Prediction

𝑇𝑜𝑓𝑠

𝜏𝑟𝑒𝑙

𝜏𝑟𝑒𝑙

𝑃𝑠𝑟𝑐

𝑃𝑡𝑔𝑡

ℓ: Grasp the 
wine bottle

𝑃𝑠𝑟𝑐

𝑃𝑡𝑔𝑡

ℓ: Place the 
wine bottle on 
the rack top

𝜋𝐼𝐿

𝜋𝐼𝐿

𝜋𝐼𝐿

One 
Demo

𝑃𝑡𝑔𝑡

𝑃ℎ𝑎𝑛𝑑

Fig. 1. Comparison between action-centric policies and our interaction-centric
policy. (a) Action-centric policies learn a direct mapping from observations
to end-effector motions and therefore require many demonstrations to cover
the high-dimensional robot state space for a given task. (b) our method
focuses exclusively on interaction segments within demonstrations and learns
to predict the relative motion between task-relevant entities.

interaction trajectories can be directly inferred from visual
observations without access to robot action data. This mo-
tivates the following question: can robots learn manipulation
behaviors from videos by modeling interaction trajectories,
rather than memorizing actions?

In this work, we propose an interaction-centric frame-
work for one-shot learning of manipulation from video
(Fig. 1 (b)). Instead of imitating full robot trajectories, our
approach extracts and models interaction trajectories between
entities, representing each interaction as the relative motion be-
tween two point clouds. This unified formulation captures both
hand–object interactions (grasping) and object–object interac-
tions (manipulation), removing the need for robot embodiment
data while isolating task-relevant structure directly observable
from videos. By operating on relative interaction trajectories
rather than full action sequences, the resulting policy can be
learned from a single demonstration and generalizes robustly
across varying object poses and scene configurations.

Our contributions are threefold:
• We introduce an interaction-centric formulation for learn-

ing manipulation from video demonstrations, represent-
ing both grasping and manipulation as relative motion
between entities.

• We propose an automatic pipeline that extracts interaction
intervals and relative motion trajectories from RGB-D
videos using hand pose and object pose estimation.

• We demonstrate that the resulting policy can learn ma-
nipulation behaviors from a single video demonstration
and generalize across different scene configurations.

II. RELATED WORK

Learning from Human Videos. Recent works have ex-
plored learning manipulation skills from human videos, which



can be broadly categorized into two lines of research. The
first leverages large-scale in-the-wild videos to learn general-
purpose representations [5] or reward functions [6]. While
these approaches benefit from diverse data, the learned repre-
sentations are often difficult to transfer to robotic manipulation
due to domain variability and the embodiment gap. The
second line introduces explicit priors to bridge this gap. A
prominent direction focuses on learning object-centric motion
representations, such as object flow [7]–[9]. However, flow-
based representations are sensitive to camera motion and prone
to drift. Other approaches attempt to reduce the embodiment
gap by synthesizing robot demonstrations from human videos,
for example by replacing human hands with robot grippers
via inpainting [10]. In contrast, we adopt a simple pose-based
representation and focus on interaction segments, improving
robustness and learning efficiency.

One-shot Imitation Learning. Learning manipulation poli-
cies from a single demonstration is highly desirable due to the
high cost of collecting robot data [11]. A common approach
leverages transferable priors, such as cross-task perceptual
features [12]–[15] or large-scale synthetic pretraining [16],
[17], to enable adaptation under limited supervision. How-
ever, their performance often depends on the alignment be-
tween pretraining data and target tasks. Another direction
improves generalization via data augmentation. For example,
DemoGen [3] synthesizes trajectory variants to increase di-
versity, but its effectiveness is bounded by the augmentation
strategy. In contrast, our method achieves one-shot general-
ization through structural invariance, enabling direct transfer
of a single demonstration to novel object poses and scene
configurations without additional data or augmentation.

III. METHOD

A. Problem Formulation
We consider the problem of learning manipulation behaviors

from a single demonstration video. Given an RGB-D video V
of a manipulation task, our goal is to extract task-relevant
interaction information and learn a policy that can reproduce
the observed behavior. From the video V , we extract a set
of samples of the form (PA, PB , τAB , ℓ), where PA and PB

denote the point clouds of two interacting entities, ℓ is the
language instruction, and τAB = {T (k)

AB}nk=1 is a sequence of
relative poses describing the motion of entity A with respect
to entity B during an interaction interval. This formulation
captures two types of interactions in a unified manner. For
hand–object interactions, PA corresponds to the gripper (or
hand) and PB corresponds to the manipulated object. For
object–object interactions, PA and PB correspond to two
task-relevant objects involved in the manipulation process.

Our objective is to learn a policy f : (PA, PB , ℓ) → τAB . At
execution time, the predicted interaction trajectory is instanti-
ated in the world frame to generate executable robot motions.
Given the estimated pose of the reference entity B in the world
frame, T̂B , the desired trajectory of entity A is obtained by:

T
(k)
A = T

(k)
ABT̂B . (1)
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Fig. 2. Overview of our method. Given a raw demonstration, we first apply
change-point detection to identify task-relevant interaction segments (e.g.,
pick or place) from ts to tg within the full horizon [0, T ]. Next, hand and
object pose estimation is performed to extract entity poses, which are then
transformed into a relative reference frame. An interaction-centric model is
trained to predict the corresponding relative interaction trajectory. The final
end-effector trajectory is recovered by: (a) grasping, composing the predicted
relative poses with the estimated target object pose; and (b) manipulation,
composing the predicted interaction with the grasp offset.

B. Video Preprocessing

Given an RGB-D demonstration video V , our goal is to
extract geometric and motion cues required for interaction dis-
covery and learning. We first estimate the hand pose trajectory
from RGB-D observations using an off-the-shelf hand pose
estimator [18]. Following [19], we approximate the gripper
pose from the hand by aligning a parallel-jaw gripper model
to key hand joints. Specifically, the gripper finger tips are
aligned with the index and thumb tips, while its orientation
is determined by the axis connecting these two points. This
enbales the extraction of manipulation actions in the absence
of robot states.

We then estimate the poses of task-relevant objects over time
using [20], and extract their corresponding point clouds from
depth observations. Based on the estimated poses, we compute
the relative motion between interacting entities. Specifically,
given the poses of two entities TA and TB , we express the
motion of entity A in the coordinate frame of entity B:

TAB = T−1
B TA. (2)

This object-centric formulation provides a consistent repre-
sentation of interactions across different scene layouts.

C. Interaction Segment Discovery

Learning from videos is challenging due to significant ob-
servation noise and variability. To improve learning efficiency,
we focus on identifying the interaction segment from a demon-
stration video, where task-relevant dynamics are concentrated
and more structured.

Based on the estimated hand poses and object poses over
time, we construct a set of temporal signals that capture in-
teraction dynamics, including (1) hand motion magnitude and



(2) spatial proximity between interacting entities. Intuitively,
the transition from free motion to interaction is characterized
by reduced motion variability and close spatial contact. We
aggregate these signals into a multivariate time series:

S(t) = [v(t), ω(t), d(t)], (3)

where v(t) and ω(t) denote the linear and angular velocities
of the hand, and d(t) denotes the distance between interacting
entities.

To identify the interaction segment, we apply change-point
detection on S(t) to locate transitions in motion patterns.
Specifically, we use the PELT algorithm [21] to detect a set
of change points {τi}. For each interaction episode, we define
the interaction interval [ts, tg] as the segment preceding the
goal frame tg (e.g., contact completion or grasp event):

ts = max{τi | τi < tg}. (4)

This procedure automatically extracts task-relevant interac-
tion segments from raw videos without manual annotation.
In practice, it yields two types of interactions: (i) grasping,
characterized by hand–object relative motion, and (ii) manip-
ulation, characterized by object–object relative motion. Both
are represented in a unified form as TAB , enabling a consistent
learning framework.

D. Object-Centric Interaction Prediction

Given the processed interaction segment, our goal is to
predict an object-centric interaction trajectory from visual
observations. Specifically, we model the conditional mapping:
f : (PA, PB , ℓ) → τAB .

Geometric Encoding. We first encode each point cloud
PA and PB into a set of feature tokens using a shared point
cloud encoder. To improve robustness to partial observations,
we adopt a masked encoding strategy [22], where a pro-
portion ϕ of tokens is randomly dropped during training.
This yields two sets of geometric tokens, FA

pcd and FB
pcd. To

capture interaction-specific geometry, we apply cross-attention
between the two token sets, allowing each entity to attend to
the other’s local structure.

Multi-modal Fusion. We fuse geometric features with the
language instruction ℓ, which is encoded into a token Fℓ using
a frozen CLIP text encoder [23]. All tokens are concatenated
into a sequence F = [FA

pcd, F
B
pcd, Fℓ], and processed by a

Transformer encoder to produce a fused representation H .
Trajectory Prediction. Conditioned on H , a trajectory

decoder directly predicts a sequence of n relative poses
τAB = {T (k)

AB}nk=1, representing the interaction in an object-
centric coordinate frame. The model is trained to regress the
ground-truth interaction trajectory extracted from the interac-
tion segment. The loss is defined as:

L =

n∑
k=1

(
∥t̃k − tgtk ∥+ λ∥r̃k − rgtk ∥

)
, (5)

where t and r denote the translation and rotation components
of the relative pose.

Fig. 3. Evaluation environment and manipulation tasks. From left to right:
Insert-Tube, Scale-Grape, and Open-Drawer.

By predicting object-centric interaction trajectories, the
model focuses on the functional interaction between entities,
while remaining invariant to task-irrelevant variations such as
viewpoint and transportation motion.

IV. EXPERIMENTS

We validate our approach on a real robot platform. A single
demonstration is provided for each task to train a multi-task
policy, evaluating its real-world generalization under minimal
supervision.

Settings. Experiments are conducted on a Franka Emika
Panda robot equipped with a Robotiq parallel-jaw gripper. A
RealSense L515 RGB-D camera provides a front-facing view
of a 75 cm × 50 cm tabletop workspace. Demonstrations are
given as RGB-D videos, from which hand and object poses
are estimated using the pipeline described in Section III-B.
Task-relevant objects are segmented using GroundedSAM [24]
and tracked with XMem++ [25]. During execution, predicted
interaction trajectories are converted into robot motions via
the cuRobo planner [26].

Tasks. We evaluate on three manipulation tasks involving
different types of interactions (Fig. 3): Scale-Grape: grasping
a plastic grape and placing it onto a scale. Insert-Tube:
inserting a toothpaste tube into a mug with precise alignment.
Open-Drawer: opening a hinged drawer. These tasks cover
both hand–object (grasping) and object–object (manipulation)
interactions, as well as varying levels of geometric precision.

Baseline and Evaluation To distinguish our method from
naive trajectory replay, we implement a simple baseline,
termed Replay Policy. During grasping, the baseline uses
an off-the-shelf grasping planner [27]. During post-grasp
manipulation, it applies Generalized ICP [28] to align the
demonstrated object point clouds (PA and PB) with the current
scene, and transfers the recorded gripper poses accordingly to
compute robot actions. This baseline represents a straightfor-
ward replication of the motions observed in the demonstration
video. Both methods are provided with a single demonstration
per task. Each task is evaluated over 15 trials.

Results. We report task success rates in Table I. Despite be-
ing trained from a single demonstration, our method achieves
consistent performance across tasks and remains robust under
large configuration changes. The performance gap between our
method and the baseline is particularly pronounced in Open-
Drawer (47% vs. 13%), where the baseline often fails due
to unreliable grasp pose prediction on the drawer handle and
inaccurate ICP registration under partial observations.



TABLE I
QUANTITATIVE EVALUATION OF REAL-WORLD TASK SUCCESS GIVEN A

SINGLE RGB-D DEMONSTRATION.

Method scale grape insert tube open drawer

Ours
Pick: 12/15
Place: 10/12

Task: 10/15 (67%)

Pick: 10/15
Place: 7/10

Task: 7/15 (47%)

Pick: 9/15
Place: 7/9

Task: 7/15 (47%)

Replay
Policy

Pick: 8/15
Place: 5/8

Task: 5/15 (33%)

Pick: 6/15
Place: 3/6

Task: 3/15 (20%)

Pick: 2/15
Place: 2/2

Task: 2/15 (13%)

Fig. 4. Visualization of experimental results. Top two rows: processing of an
RGB-D demonstration, including object segmentation, pose estimation, and
hand pose extraction. The thumb and index fingertips are used to align and
replace the gripper point cloud. Bottom row: predicted gripper trajectories
during execution, where yellow indicates grasping and cyan indicates object–
object manipulation.

Notably, the model performs reliably on precision-sensitive
tasks such as Insert-Tube, suggesting that the learned object-
centric interaction representation effectively captures the ge-
ometric constraints required for alignment. Across all tasks,
we observe that most failures occur during the grasping stage,
while successful grasps typically lead to correct downstream
manipulation. This indicates that perception quality, particu-
larly hand pose estimation, remains a key bottleneck in the
overall pipeline.

We also visualize the extracted interaction segments and
the predicted gripper trajectories during execution in Fig. 4.
Despite noise in pose estimation, the proposed interaction
segment extraction and discrete trajectory prediction help
filter out high-frequency errors, leading to stable manipulation
behaviors.

V. CONCLUSION

In this work, we presented an interaction-centric framework
for one-shot manipulation from RGB-D videos. By focusing
on task-relevant interaction segments and modeling object-
centric relative motion between entities, our approach removes
the need for robot embodiment data and enables generaliza-
tion across object poses and scene configurations. Real-world
experiments show that a single demonstration is sufficient to
acquire and robustly execute diverse manipulation skills.

Limitations. Despite these promising results, several limi-
tations remain. First, the performance of the proposed pipeline
is constrained by the accuracy of pose estimation. Errors
in hand pose or object pose estimation can propagate to
interaction trajectory extraction and policy prediction. We
expect this limitation to be alleviated with ongoing advances
in more accurate hand pose tracking and zero-shot object
pose estimation methods. Second, our current formulation
represents object interactions purely in terms of relative poses,
which is most suitable for rigid or semi-rigid objects. This
representation is less expressive for deformable objects. Future
work will explore more flexible object-centric representations,
such as motion flows [29], to better capture a wider range of
interaction dynamics. Overall, this work highlights the effec-
tiveness of focusing on object-centric interactions for efficient
manipulation learning from videos, and suggests a promising
direction toward scalable, data-efficient robot learning from
visual demonstrations.
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