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Abstract— Dexterous grasping is a fundamental yet chal-
lenging skill in robotic manipulation, requiring precise inter-
action between robotic hands and objects. In this paper, we
present D(R,O) Grasp, a novel framework that models the
interaction between the robotic hand in its grasping pose and
the object, enabling broad generalization across various robot
hands and object geometries. Our model takes the robot hand’s
description and object point cloud as inputs and efficiently
predicts kinematically valid and stable grasps, demonstrating
strong adaptability to diverse robot embodiments and object
geometries. Extensive experiments conducted in both simulated
and real-world environments validate the effectiveness of our
approach, with significant improvements in success rate, grasp
diversity, and inference speed across multiple robotic hands.
Our method achieves an average success rate of 87.53% in
simulation in less than one second, tested across three different
dexterous robotic hands. In real-world experiments using the
LeapHand, the method also demonstrates an average success
rate of 89%. D(R,O) Grasp provides a robust solution for
dexterous grasping in complex and varied environments. The
code, appendix, and videos are available on our project website
at https://nus-lins-lab.github.io/drograspweb/.

I. INTRODUCTION

Dexterous grasping is crucial in robotics as the first step
in executing complex manipulation tasks. However, quickly
obtaining a high-quality and diverse set of grasps remains
challenging for dexterous robotic hands due to their high de-
grees of freedom and the complexities involved in achieving
stable, precise grasps. Researchers have developed several
optimization-based methods to address this challenge [1]–
[5]. Some of these methods, however, often focus on fingertip
point contact, rely on complete object geometry, and require
significant computational time to optimize. As a result, data-
driven grasp generation methods have gained attention. These
methods aim to solve the grasping problem using learning-
based techniques. We can broadly categorize them into two
types: those that utilize robot-centric representations, such as
wrist poses and joint values [6]–[8], and those that rely on
object-centric representations, such as contact points [9]–[11]
or contact maps [12]–[15].
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Fig. 1: We propose our model that utilizes configuration-
invariant pretraining, predicts D(R,O) representation, and
obtains grasps for cross-embodiment from point cloud input.

Robot-centric representations (e.g., joint values), as used
in methods like UniDexGrasp++ [8], directly map observa-
tion to control commands, enabling fast inference. However,
these methods often exhibit low sample efficiency. Further-
more, these approaches struggle to generalize across different
robotic embodiments, as the learned mappings are specific
to the training data and do not quickly adapt to new robot
designs or geometries. Object-centric representations (e.g.,
key points, contact points, affordances) effectively capture
the geometry and contacts of objects, allowing for general-
ization across different shapes and robots, as demonstrated by
methods like UniGrasp [9] and GenDexGrasp [12]. However,
these methods are often less efficient as they typically require
an additional optimization step—such as solving fingertip
inverse kinematics (IK) or fitting the predicted contact maps
under penetration-free and joint limit constraints to translate
the object-centric representation into actionable robot com-
mands. This optimization process is time-consuming due to
its complexity and nonconvexity [16].

To overcome the limitations of both paradigms, we pro-
pose D(R,O), a unified representation that captures the
relationship between the robotic hand’s grasp shape and the
object. D(R,O) encapsulates both the articulated structure
of the robot hand and the object’s geometry, enabling di-
rect inference of kinematically valid and stable grasps that
generalize across various shapes and robot embodiments.

https://nus-lins-lab.github.io/drograspweb/
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DFC [2] Joint Values Robot-centric X 77 - 7 X 7
UniDexGrasp++ [8] Joint Values Robot-centric 7 XX 7 X X 7

UniGrasp [9] Contact Point Object-centric X 7 X 7 7 7
GeoMatch [10] Contact Point Object-centric X 7 X X X 7

GenDexGrasp [12] Contact Map Object-centric X 7 X 7 X 7
ManiFM [13] Contact Map Object-centric X 7 X 7 7 Contact Region

DRO-Grasp (Ours) D(R; O) Interaction-centric X X X X X Palm Orientation

TABLE I: Dexterous grasp method comparison.

Given the point clouds of both an open robotic hand and
the object, our network predicts theD(R; O) representation,
a matrix that encodes the relative distances between the
point clouds of the object and the robotic hand in the
desired grasping pose. Using this representation, we apply
a multilateration method [17] to estimate the robot's point
cloud at the predicted pose, allowing us to compute the 6D
pose of each hand link in the world frame and ultimately
determine the joint con�gurations. To encode robotic hands,
we propose a con�guration-invariant pretraining method that
learns the inherent alignment between various hand con�gu-
rations, promoting grasp generation performance and cross-
embodiment generalization. We validate the effectiveness
of our approach through extensive experiments in both
simulation and real-world settings. Our model achieves an
average success rate of 87.53% in simulation across three
dexterous robotic hands and an 89% success rate in real-robot
experiments, demonstrating its robustness and versatility.

In conclusion, our primary contributions are as follows:
1) We introduce a novel representation,D(R; O) for dex-

terous grasping tasks. This interaction-centric formula-
tion transcends conventional robot-centric and object-
centric paradigms, facilitating robust generalization
across diverse robotic hands and objects.

2) We propose a con�guration-invariant pretraining ap-
proach with contrastive learning, establishing inher-
ent alignment across varying con�gurations of robotic
hands. This uni�ed task can facilitate valid grasp gen-
eration and cross-embodiment feature alignment.

3) We perform extensive experiments in both simulation
environments and real-world settings, validating the
ef�cacy of our proposed representation and framework
in grasping novel objects with multiple robotic hands.

II. RELATED WORK

A. Learning-based Robotic Dexterous Grasping

Learning to grasp with dexterous robotic hands has re-
ceived increasing attention in recent years. Table I presents
a comparison of various dexterous grasping approaches. The
task of dexterous grasping is particularly challenging due to
the high degree of skill required. One line of works adopts
object-centricrepresentation for dexterous grasping, such as
contact points [9]–[11] and contact maps [12]–[15]. The
system infers grasp poses and joint con�gurations by solving
inverse kinematics based on predicted contact points or maps.
While object-centric representations ef�ciently encode object
shapes and grasp information, they often face limitations in

accuracy and computational ef�ciency when inferring precise
robotic grasp con�gurations.

Another line of research focuses onrobot-centric ap-
proaches, which directly infer robot poses [18] or joint
angles [8]. These methods are typically easier to execute as
they directly infer joint values for dexterous hands. However,
reinforcement learning in high-dimensional action spaces
often suffers from sample inef�ciency and is commonly
trained in simulation. The sim-to-real gap [19], [20] further
complicates policy transfer, with some works only reporting
simulation results without real-world validation. To address
these challenges, several methods leverage object-centric
features [21], human grasp priors [22], or interaction bisector
surface as the observation representation [23] to accelerate
policy generation. Despite these efforts, the robot-centric
approach limits the generalizability across different robotic
embodiments. To combine the strengths of both approaches,
we propose learning the relative distances as an interaction
relationship between the robot and object for dexterous
robotic grasping. This approach achieves robust real-world
grasping performance and cross-embodiment generalization.

B. Learning Robotic Hand Features

To achieve cross-embodiment grasping, the grasping
model needs to be aware of the descriptions of robotic hands.
UniGrasp [9] learned an embedding space with auto-encoder
after transferring robot hands to point clouds. AdaGrasp [18]
used a 3D TSDF volume [24] to encode the robot hand.
ManiFM [13] and GeoMatch [10] encoded the robot hand
by directly inputting its point cloud representation. All these
approaches rely on speci�c robotic hand con�gurations. In
contrast, we propose a con�guration-invariant pretraining
approach using contrastive learning to learn correspondences
across different hand con�gurations, promoting effective
grasp generation and cross-embodiment feature alignment.

III. M ETHOD

Given the object point cloud and the robot hand URDF
�le, our goal is to generate dexterous and diverse grasping
poses that generalize across various objects and robot hands.
Fig. 2 provides an overview of our proposed method.

Method Overview. First, we design an encoder network
to learn representations from the point clouds of both the
robot and the object. The robot encoder network is pre-
trained using our proposed con�guration-invariant pretrain-
ing method (Sec. III-A), which facilitates the learning of
ef�cient robot embedding. Next, a CVAE model is used to
predict theD(R; O) representation, a point-to-point distance
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