CrossEmbodiment Robotic Manipulatior
Unifying Grippers Across Robots
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Future Intelligent Robots iIn Human Environment:

Manipulation
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We will have many different grippers/hands
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How to make all these robots work?

ARobot Foundation Model

AAfoundatiorl modelin Al refers to darge, pretrained modelthat serves as base(or
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Robot Foundation Model

Multi-Modality World Understanding Compositionality

» Vision, proprioception, « Spatial, temporal reasoning » Reusable sub-skills
language « Physical understanding e Scalable with data
e Task context

Cross-Embodiment Safety / Interpretability

\ -ifﬁenera?ﬁegac@dzéts Robot « Predictable actions
« Consistent action space Fou ndation « Built-in safety

MO del e Trustworthy

Actionable

Representation Real-World Grounding

« Control-level outputs Adaptablllty/ Few-Shot o Robust to noise

* Latent plans . 2
§ Policiesp « In-context learning « Handles uncertainty
« Minimal data e Simulation to reality
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Current Model Architecture

Action

A Gripper pose for twdinger grippers

A Cannot be used for muifinger hands
(no hand joints)
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Language Instruction

» “What should the robot do to {task}? A:”
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Observation Image Tokenization Observation Tokens
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CrossFormerScaling Crodsmbodied Learning for Manipulation, Navigation, Locomotion, and Aviation. Doshi et al., CoRL, 2024.

Input Image Language Instruction
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[ T ] One Action head for each robot type
ision Language Mode .
A Given a new robot, one new head

Universal Action I:I
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Embodiment-specific Action for Different Robot Universal Actions for Enhanced Embodied Foundation

eg [ x40, AGripper ) Models. Zheng et al., CVPR, 2025.
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Learning Croskand Policies for HigpOF Reaching and Grasping (She HuDORGuzeet al. NYU 2025
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A Manual mapping or handesigned correspondence
A Hard to deal with different number of fingers

A Cannot handle unseen grippers
M


https://object-rewards.github.io/
https://object-rewards.github.io/
https://object-rewards.github.io/
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ABecause any hand can grasp a sphere! (otherwise, it might not be that
useful for manipulation)

ASpheres have some good properties for control (you will see)
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ASphere creation
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ASphere creation applies to different grippers
AClose the fingers to grasp the sphere

P v

Human Hand

13



dzy A FA S

Aa | LJ

o4

R

A LIKSNRKOI f

F QUA2Y a

O22NRAYI 0Sa

il
f":.:‘:: oels ses'e :-:: ;:‘:

..:‘.OQ0.0io-o.ooo......

‘.;.:‘:’.g Pesmencsacn o5

o ....lo.-\o’o

.
epope 9,
e

B I It DI BOE S LA -;o:...

e 8 0% 8 0% 3 ,.% Se,
'L oo .*fb

.".'o:ooooouos:':...:ol.
A LAl L
..":..‘..ioﬁoiol.:.'~’o pL

LI O S

62 (K

14



dzy AFASR | OUA2y aLl OF

AMap spherical coordinates to the gripper (a representation of the gripper)
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Unified Gripper
Coordinate Space

RobotFingerPrintUnified Gripper Coordinate Space for M@itiipper Grasp Synthesis and Transfer.

Ninad Khargonkar, Luis Felipe CasBalakrishnan Prabhakaran, Yu Xiang. In IROS, 2025.




How can we use the UGCS representation for rol
manipulation?

ATwo applications in this talk

)

AOneshot humanto-robot trajectory transfer

ACrossembodiment irhand manipulation

18



hyE K2 U fud2loy2 O

h ye K 2

Jishnuaykumar P

HRT1: Mobile Manipulation via Ot8hot Humarto-Robot Trajectory Transfer. K U G LJ4 Y k K A NI f naell R @3 A {
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https://irvlutd.github.io/HRT1/
https://irvlutd.github.io/HRT1/
https://irvlutd.github.io/HRT1/
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Grasp Transfer with UGCS

A Human Grasf] i I CSUOKYMEAE NR LILIS

Correspondences from UGCQDI‘} C Py, PI(;; C Pp, ‘Pf{‘ — |P§1|

Optimize the target grasp using the



Understanding of the Human Demonstrations

{ 2 dZNDS .NJ’\ LILIS NI

¢F NBESG DNKLILISNI




¢ NI 2SO0 2 NR

First Frame from Human Demo

Real Time Robot Camera Feed Reference Trajectory w.r.t. Real Time Feed
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Trajectory Transfer

AHow to follow the transferred gripper trajectory?
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= RobotPOV-RGB -~ ° = RobotPOV-Depth

= 3rdPersonView
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Optimization




Optlmlzmg the Robot Trajectory

RobotPOV-Depth

¢

Trajectbry tracking

Optimization




OneShot Huma#o-Robot Trajectory Transfer




Failure Example

The system heavily depends on object pose estimation accuracy HY



How can we use the UGCS representation for rol
manipulation?

ATwo applications in this talk

AOneshot humanto-robot trajectory transfer

ACrossembodiment irhand manipulation (omoing work)



Unified Gripper Action Space (UGAS)

Unified Gripper Coordinate Space
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AOur Idea:the deformation of the sphere will drive the movement of
the hand the hand should touch the deformed sphere corregtly

AAction space: deformation of the sphere (shared by any hand!)

Deformed

Sphere MANO
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UGAS: deforming the sphere

ADeforming every point on the sphere is too expensive for control
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UGAS: Cascaded Inverse Kinematics (CIK)
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. 2. Solve encompassing joints
1. Solve lateral joints We solve for each joint one at a time,
In the order of the kinematic tree? ©



UGAS: Cascaded Inverse Kinematics (CIK)
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Control
actions
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