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Abstract—Robot manipulation policies are typically tied to
specific robotic hand embodiments, limiting the transfer of
learned behaviors across platforms with different kinematic
structures. In this work, we propose the Unified Hand Action
Space (UHAS), a sphere-based unified action representation
for cross-embodiment dexterous manipulation. UHAS represents
robotic hand actions as geometric deformations of a canonical
sphere and uses a Cascade Inverse Kinematics (CIK) algorithm
to map the shared representation to embodiment-specific joint
configurations. Using reinforcement learning, we train dexterous
manipulation policies directly in the proposed action space for in-
hand cube reorientation tasks. We evaluate our method in both
simulation and real-world experiments across multiple robotic
hands, including the Allegro Hand, LEAP Hand, Shadow Hand,
and MANO Human Hand. Experimental results demonstrate
effective dexterous manipulation, zero-shot transfer to unseen
hands, rapid finetuning across embodiments, and successful real-
world deployment. Our experiments show that the proposed
UHAS representation enables stable dexterous control and cross-
embodiment policy transfer across robotic hands.

I. INTRODUCTION

Robot manipulation has made rapid progress in recent
years due to advances in imitation learning [42} 9]], reinforce-
ment learning [17, 29], and vision-language-action (VLA)
models [20, 3} |4]. While recent policies have demonstrated
impressive capabilities in grasping, pick-and-place, dexterous
manipulation, and long-horizon task execution, most large-
scale robot learning systems and datasets remain dominated
by relatively simple end-effectors such as parallel-jaw grip-
pers [6L 150 1131110} 19]. In contrast, dexterous robotic hands re-
main comparatively underexplored due to their highly diverse
kinematic structures, action parameterizations, and control in-
terfaces. As a result, existing dexterous manipulation systems
often rely on embodiment-specific action spaces, datasets, and
retraining procedures [35) 41} 44], making cross-embodiment
transfer across robotic hands challenging.

To address this challenge, we investigate the problem of
robot learning in a unified hand action space for robot manip-
ulation. The central idea of our approach is to represent hand
actions through the deformation of a canonical sphere repre-
sentation. Instead of defining actions directly in embodiment-
specific joint spaces, we model manipulation actions as ge-

IData, code, and videos for the project are available at https:/irvlutd.github.
io/UHAS/,
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Fig. 1. In our unified hand action space, an action is represented as the
deformation of a canonical sphere. A deformed sphere is mapped to hand
configurations of various embodiments (LEAP [27], Allegro [36], MANO
Human [25] and Shadow [31]).

ometric deformations on a shared spherical surface. This
representation provides a continuous and embodiment-agnostic
interface that captures the semantic behavior of robotic hands
while abstracting away low-level hardware differences.

Our sphere-based action representation is motivated by the
observation that many robotic hands interact with objects
through spatial contact patterns around an object-centered
workspace despite their diverse mechanical designs. By repre-
senting hand actions as deformations of a canonical sphere, we
obtain a shared geometric action space that generalizes across
different hand morphologies. Embodiment-specific hand mo-
tions are recovered through the proposed inverse kinemat-
ics algorithm that maps sphere deformations to executable
joint configurations. This unified representation enables cross-
embodiment policy transfer, data sharing across heterogeneous
robotic platforms, and scalable policy learning for future robot
foundation models.

In this work, we build upon the proposed sphere-based
unified hand action space to develop a framework for cross-
embodiment dexterous manipulation. We introduce a geo-
metric action representation based on sphere deformations
together with a cascade inverse kinematics algorithm that
maps the unified representation to embodiment-specific hand
joint configurations. Using reinforcement learning [26], we
train manipulation policies directly in the proposed action
space for dexterous in-hand manipulation. Fig. [I] illustrates
our framework. We evaluate our method on in-hand cube
reorientation tasks across multiple robotic hands with different
kinematic structures. Experimental results demonstrate that
the proposed representation enables stable dexterous control,
effective multi-hand policy learning, and meaningful zero-
shot transfer to previously unseen robotic hands. The main
contributions of this work are:
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o We propose the Unified Hand Action Space (UHAS), a
sphere-based geometric action representation that models
robotic hand actions as deformations of a canonical
sphere.

e We develop a Cascade Inverse Kinematics (CIK) al-
gorithm that maps the unified sphere representation to
heterogeneous robotic hands with different kinematic
structures.

o We demonstrate dexterous in-hand manipulation, multi-
hand policy learning, and cross-embodiment transfer
across multiple robotic hands in simulation and the real
world, including zero-shot transfer to unseen hands.

II. RELATED WORK

Dexterous Manipulation. Dexterous in-hand manipulation
remains a fundamental challenge in robotics due to the
high-dimensional action spaces and complex contact dynam-
ics involved in controlling multi-finger robotic hands. Prior
works have demonstrated that reinforcement learning can learn
dexterous manipulation skills through large-scale simulation
training and domain randomization [, [7 (14} 22} 40]. More
recent efforts have explored learning dexterous behaviors from
demonstrations and large-scale video datasets [28| 18l 32|
39, 121, 30]. In this work, we focus on dexterous in-hand
cube reorientation and investigate how a unified geometric
action representation can improve manipulation transfer across
robotic hands with different kinematic structures.

Unified and Cross-Embodiment Action Representations.
Recent robot learning systems increasingly aim to support
multiple robotic embodiments through shared representations
and generalist policies. RT-2 [5], Octo [13]], and Open-
VLA [20] demonstrate the potential of large-scale robot
foundation models, but most existing approaches still rely
on embodiment-specific action spaces. Several recent works
have explored unified representations for cross-embodiment
learning, including CrossFormer [11]], Universal Actions [43],
XL-VLA [16], and One Hand to Rule Them All [34]. These
methods use different action heads, latent actions or canonical
joint-space representations. Our work introduces the Universal
Hand Action Space (UHAS), where manipulation actions are
represented as geometric deformations of a canonical sphere
shared across robotic hands.

Geometric Representations and Cross-Hand Transfer. Ge-
ometric representations have recently emerged as an effec-
tive abstraction for cross-embodiment robotic grasping and
manipulation [33, [18} 12, 138l 137, [15]. For example, D(R,0O)
Grasp [33] proposes a unified representation of robot-object
interactions for cross-embodiment dexterous grasping, while
RobotFingerPrint (RFP) [18] establishes dense correspon-
dences between gripper surface points and a canonical sphere
for grasp synthesis. Inspired by these geometric representa-
tions, we extend the sphere correspondence idea beyond grasp
representation and propose the Universal Hand Action Space
(UHAS), where sphere deformations themselves define the
manipulation action space.
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Fig. 2. Tllustration of creating a sphere for a robotic hand given its URDF.

III. UNIFIED HAND ACTION SPACE

The Unified Hand Action Space (UHAS) is motivated by
the central question of whether robotic hand control can be ex-
pressed through geometric deformations of a canonical sphere
surface. A sphere provides a natural unified representation
because it defines a continuous, closed, and topology-agnostic
surface that can be parameterized across robotic hands.

A. Automatic Sphere Creation for a Robotic Hand

Given a robotic hand URDF model, we automatically
construct the canonical sphere through kinematic analysis
and geometric normalization, as illustrated in Fig. 2] We
first identify the palm and fingertip coordinate frames in an
open-hand configuration, where the fingers are fully extended
and the fingertip normals approximately align with the palm
normal. We then compute the palm center by averaging the
finger root positions and measure the average distance ! from
the palm center to the fingertips. The sphere radius is defined
as r = %l, placing the sphere within the natural grasping
workspace of the hand and approximately covering a 90° arc
from the palm center to the fingertips.

Next, the sphere center is positioned along the outward palm
normal at a distance r from the palm center, placing the sphere
within the natural grasping workspace of the hand where
the fingers tend to converge during grasping and dexterous
manipulation. To obtain a canonical orientation shared across
embodiments, the sphere coordinate frame is defined such that
its positive z-axis aligns with the outward palm normal and
its positive x-axis aligns with the middle finger direction. The
y-axis is then uniquely determined by the resulting zz-plane
according to the right-hand rule.

To remove embodiment-specific scale differences, all dis-
tances in the sphere coordinate frame are normalized by the
hand-specific radius r. This normalization maps the canonical
sphere to a unit sphere, producing a scale-invariant represen-
tation shared across robotic hands with different kinematic
structures and numbers of fingers. The resulting normalized
sphere coordinate system defines the Unified Hand Action
Space (UHAS).
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B. Unified Hand Surface Correspondence

The key idea behind using the sphere for hand control
is to establish dense geometric correspondences between the

Construction of the unified hand surface correspondence.



canonical sphere surface and the robotic hand. Once these
correspondences are defined, deformations of the sphere can
be directly transferred to the hand surface, enabling the sphere
to serve as a unified action representation across embodiments.

As illustrated in Fig. 3] we first uniformly sample points on
the sphere surface, as shown in Fig. [B(a). For each sampled
point, we compute its spherical coordinates (6, ¢) together
with its outward surface normal, as illustrated in Fig. Ekb),
where 6 denotes the azimuthal angle and ¢ denotes the
polar angle. These spherical coordinates provide a canonical
parameterization of the sphere surface independent of any
specific robotic hand embodiment. We transfer the spherical
coordinates to the robotic hand by projecting sampled sphere
points onto nearby points on the interior hand surface, produc-
ing dense correspondences between the sphere and the palm
and finger surfaces, as illustrated in Fig. [3{(c). Although the 3D
locations of the hand surface points vary under different hand
configurations, their associated spherical coordinates remain
unchanged, as shown in Fig. 3(d). This configuration-invariant
parameterization enables different robotic hands to share a
common spherical coordinate domain, allowing hand actions
to be expressed as geometric deformations of the canonical
sphere surface rather than embodiment-specific joint motions.
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Fig. 4. Sphere deformation parameterization in the Unified Hand Action
Space (UHAS). (a) Initial configuration of four driving planes. (b) Rotating the
driving planes controls the lateral deformation A6. (c) Radial displacement of
the driving vectors controls Ar. (d) The final deformed sphere reconstructed
through interpolation.
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C. Sphere Deformation Action Space

Directly deforming the entire sphere surface yields a pro-
hibitively high-dimensional action space. Let (0, ¢, r) denote
spherical coordinates, where 6 is the azimuthal angle, ¢ is the
polar angle, and » = 1 on the reference sphere. We therefore
parameterize deformations using only (A6, Ar), correspond-
ing to lateral and radial displacements. This simplification is
enabled by anchoring the sphere’s north pole to the palm
frame.

To obtain a compact action representation, we define a
sparse set of driving planes passing through the sphere center
at fixed azimuthal angles Opjane (Fig. @ Driving planes pa-
rameterize lateral deformations Af. Within each plane, a set
of driving vectors at fixed polar angles ¢ parameterize radial
deformations Ar.

The full deformation field is reconstructed by interpolation.
We first interpolate A between neighboring driving planes,
then interpolate Ar in the (6, ¢) domain using the driving
vectors. Despite its compactness, this representation produces
a rich set of sphere deformations suitable for dexterous ma-
nipulation. For example, five driving planes with two driving
vectors per plane yield a 15-dimensional continuous action
space (5 + 2 x 5).

D. Cascade Inverse Kinematics
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Fig. 5. We classify hand joints into (a) lateral joints and (b) encompassing
joints and; (c) Illustration of the cascade inverse kinematics algorithm on a
deformed sphere.

We map deformed sphere surfaces to embodiment-specific
joint configurations using a novel Cascade Inverse Kinematics
(CIK) algorithm. Through the surface correspondences in
Section [[II-B] each hand surface point is associated with fixed
spherical coordinates (6, ¢) on the canonical sphere. Given a
deformed sphere, CIK computes the joint configuration q that
places the corresponding hand surface points onto the target
sphere geometry.

a) Joint Classification: As illustrated in Fig. [Ba,b),
hand joints are classified by their dominant effect on sphere
coordinates. Lateral joints primarily affect the azimuthal angle
#, producing side-to-side finger motion, while encompassing
joints mainly affect the radial distance r and polar angle ¢,
allowing the finger to conform to the sphere surface. This
decomposition enables efficient cascaded inverse kinematics.

b) Lateral Joint Mapping: For each lateral joint, we
precompute a lookup table by sweeping its range of motion
and recording the resulting fingertip azimuthal angle 6. During
inference, the policy outputs a target deformation A6, and the
corresponding lateral joint adjustment A, is recovered
directly from the lookup table.

c) Encompassing Cascade: After applying lateral adjust-
ments, encompassing joints are solved sequentially from the
finger root to the fingertip. Each joint solves a one-dimensional
inverse kinematics problem that places downstream surface
points onto the deformed sphere. This cascade progressively
conforms the finger geometry to the target deformation while
maintaining kinematic feasibility. Additional details are pro-
vided in Appendix [A]

d) Sphere Controller: Combining sphere deformation
with CIK yields a sphere controller that maps UHAS actions
to embodiment-specific joint configurations. During execution,
the policy predicts sphere deformations that are converted into
joint commands through CIK. The lightweight implementation
runs at up to 150 Hz, enabling real-time control across diverse
robotic hands.

IV. IN-HAND MANIPULATION EXPERIMENTS
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TABLE I
IN-HAND CUBE REORIENTATION RESULTS. METRICS ARE REPORTED AS
(SUCCESS RATE / AVERAGE CONSECUTIVE REORIENTATIONS).

Test Hand  Single-Hand Joint Control Multi-Hand Zero-shot

Allegro 99.1/9.6 +£ 1.7 985/92+22 992/95+19 953/77+34

LEAP 99.7/98 £ 1.1 98.6/93+12 99.1/95+19 955/77+35

Shadow 99.3/9.6 + 1.6 98.0/9.1+19 987/92+23 857/44+37

MANO 998799 £ 1.0 99.6/98 £ 14 995/98 £ 12 98.1/89 +26
TABLE II

CROSS-MORPHOLOGY GENERALIZATION ACROSS ROBOTIC HANDS WITH
DIFFERENT NUMBERS OF FINGERS. METRICS ARE REPORTED AS SUCCESS
RATE / AVERAGE CONSECUTIVE REORIENTATIONS.

Test Hand Train: Shadow + MANO Train: Allegro + LEAP
(5-finger) (4-finger)
Allegro (4F) 662/19 + 1.9 99.7/98 £ 1.2
LEAP (4F) 80.8/3.7 £ 3.6 99.8/9.9 + 0.98
Shadow (5F) 98.6/9.3 £ 2.1 83.2/4.0 £ 4.0
MANO (5F) 99.7/9.8 £ 1.3 95.0/7.6 + 3.5

A. Experimental Setup

a) Tasks: We evaluate in-hand cube reorientation in
simulation and the real world. In simulation, we adapt the
NVIDIA Isaac Lab Repose Cube task [23] to use our
sphere controller on four hands: LEAP [27]], Allegro [36l],
Shadow [31]], and a simulated MANO human hand [25]
(Fig. [6[a)). Each episode requires the hand to sequentially
reach 10 target cube orientations. In the real world, we deploy
on a LEAP Hand (Fig. [[(b)) and run each trial until the cube
falls. A reorientation attempt is considered successful if the
target orientation is reached within 30 seconds.

b) Evaluation Metrics: We report Success Rate, the
percentage of successful reorientation attempts, and Average
Consecutive Reorientations, the average number of success-
ful reorientations before the first cube drop (maximum 10
in simulation). We compare against a joint-space policy that
directly predicts joint positions from joint states.

¢) Manipulation Policies: Policies are trained using
PPO [26]. Actions are represented in the proposed Unified
Hand Action Space, while observations consist of homoge-
neous hand representations expressed in the canonical sphere
frame. Together, these provide a shared observation and action
space across robotic hands with different kinematic structures
and numbers of fingers, enabling a single policy to operate
across all embodiments. Additional implementation details are
provided in Appendix [B]

B. Simulation Results

a) Main Results: Table [[| compares four training settings
on in-hand cube reorientation: Single-Hand, where a separate
policy is trained for each hand; Joint Control, a joint-space
baseline; Multi-Hand, where a single policy is trained across
all hands using UHAS; and Zero-shot, where the target hand

TABLE III
REAL-WORLD IN-HAND CUBE REORIENTATION ON THE LEAP HAND

OVER 10 INDEPENDENT TRIALS. ENTRIES REPORT THE NUMBER OF
CONSECUTIVE SUCCESSFUL REORIENTATIONS BEFORE FAILURE.

Method 1 2 3 4 5 6 7 8 9 10 MEAN
Baseline (Joint Control) o 0 1 2 0 0 0 1 2 0 0.6
UHAS (Zero-Shot) 2 4 2 0 1 0 0 0 0 O 0.9
UHAS (Trained on Multi-Hand) 30 1 0 0 5 0 0 O 2 1.1
UHAS (Trained on LEAPHand) 0 2 1 0 1 6 2 1 2 5 2.0

Fig. 7. An example of a real-world run for in-hand cube reorientation.

is excluded from training. UHAS achieves consistently strong
performance across all hands and generally outperforms the
joint-space baseline. Notably, a single Multi-Hand policy
achieves performance comparable to hand-specific policies,
while Zero-shot transfer remains effective on unseen hands
despite substantial differences in morphology and kinematics.
These results demonstrate the effectiveness of UHAS for
cross-embodiment dexterous manipulation.

b) Cross-Morphology Generalization: Table [lI| evaluates
transfer across hands with different numbers of fingers. We
train one policy on the two 5-finger hands (MANO and
Shadow) and another on the two 4-finger hands (Allegro
and LEAP), then evaluate both on all four hands. The trans-
ferred policies are deployed directly using the corresponding
UHAS representation. The results show strong in-distribution
performance and meaningful transfer across morphologies.
Although a gap remains relative to in-distribution performance,
transferred policies achieve substantial success on unseen
hands, demonstrating that UHAS generalizes across different
finger counts and kinematic structures. Ablation studies of our
method are provided in Appendix

C. Real-World Results with Sim-to-Real Transfer

We deploy our method on a physical LEAP Hand [27]] using
an AprilTag-based cube pose estimator [2, 24] (Fig. [7). To
reduce the sim-to-real gap, we perform system identification
of the hardware setup. We evaluate each method over 10 trials,
where the policy runs until the cube falls. Table [[Ilj reports the
number of consecutive successful reorientations before failure.

A substantial sim-to-real gap remains despite system iden-
tification and domain randomization. However, all UHAS
variants outperform the joint-space baseline, including the
zero-shot model. The LEAP-only model achieves the best
performance, while the multi-hand model is slightly more
conservative. Additional details and results are provided in
Appendix [Cl Appendix [D] and Appendix [F]

V. CONCLUSION

In this work, we introduced the Unified Hand Action
Space (UHAS), a sphere-based geometric action representa-
tion for dexterous manipulation across diverse robotic hands.
By establishing dense correspondences between robotic hand
surfaces and a canonical sphere representation, the proposed
approach enables policies to operate in a shared action space
independent of embodiment-specific joint parameterizations.
We further proposed the Cascade Inverse Kinematics (CIK)
algorithm to map sphere deformations to executable hand
motions. Using reinforcement learning, we demonstrated dex-
terous in-hand cube reorientation across multiple robotic hands
in both simulation and the real world, and showed meaningful



cross-embodiment transfer through multi-hand, zero-shot, and
finetuning experiments.

Limitations. Dexterous manipulation performance remains
highly sensitive to low-level PD controller parameters, requir-
ing extensive domain randomization for robust transfer across
robotic hands. In addition, the in-hand cube reorientation task
is sensitive to reward design and reinforcement learning hy-
perparameters. Finally, although UHAS enables transfer across
diverse embodiments, performance degrades when transferring
between substantially different hand morphologies, such as 4-
finger and 5-finger hands.
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APPENDIX A
CASCADE INVERSE KINEMATICS

The Cascade Inverse Kinematics (CIK) algorithm maps
a deformed canonical sphere to embodiment-specific joint
configurations q for arbitrary robotic hands. Its objective is
to position the hand surface points as close as possible to
their corresponding locations on the input deformed sphere
while respecting kinematic constraints. These correspondences
are established during automatic sphere creation and surface
projection (Section and Fig. [3).

Traditional numerical inverse kinematics solvers are com-
putationally expensive and unsuitable for real-time dexterous
control. In contrast, CIK exploits the geometric structure of
the Unified Hand Action Space together with a cascaded
decomposition of joint responsibilities. In our real-world setup,
the complete CIK pipeline runs at approximately 150 Hz. In
practice, CIK was never the runtime bottleneck. The dominant
sources of latency were serial communication with the LEAP
hand and AprilTag-based object pose estimation. We provide
more details of the CIK algorithm below.

a) Joint Classification: We classify every joint of a
robotic hand into one of two categories according to its
dominant geometric effect on the fingertip position in the
sphere coordinate frame. Classification is performed once per
hand from its URDF in a base open-hand configuration. For
each joint, we sweep it across its full range of motion while
keeping all other joints fixed, and we record the resulting
changes in the fingertip’s spherical coordinates (6, ¢,r) via
forward kinematics. In cases where a joint’s rotation axis
points toward the fingertip, we partially flex the remaining
joints of the finger and repeat the sweep to determine its
dominant effect. Joints are then categorized as follows:

o Lateral joints are those that predominantly affect the
azimuthal angle 6 of the fingertip, producing side-to-side
finger motion.

« Encompassing joints are those that most strongly in-
fluence the radial distance r and polar angle ¢ of the
fingertip, allowing the finger to conform to the sphere
surface.

This joint classification procedure is illustrated in Fig. [8]
where a joint is automatically classified according to the effect
of the joint change on the position of the fingertip. Because
the fingers are kinematically independent in the UHAS formu-
lation, lateral and encompassing joints are solved sequentially
but independently for each finger.

‘Q?é ”@g ‘
(a)

Fig. 8. Illustration of the joint classification procedure in the Cascade Inverse
Kinematics (CIK) algorithm. (a) Classification of lateral joint based on their
effect on the fingertip azimuthal angle 6. (b) Classification of encompassing
joints based on their effect on the fingertip radial distance r and polar angle

®.

b) Lateral Joint Mapping via Lookup Table: To enable
fast lateral finger control, we precompute a lookup table for
every lateral joint with the following steps:

1) Sweep the lateral joint across its full range of motion in
uniform steps.

2) For each sampled value, fix the lateral joint and solve
the encompassing joints on the undeformed reference
sphere.

3) Record the resulting azimuthal angle Ofngerip Of the
corresponding fingertip (surface point) on the canonical
sphere frame.

4) Store the mapping: lateral joint value Giaeral — fingertip-

During inference, the policy outputs a lateral deformation

A0 for the driving plane aligned with the finger. We compute
the fingertip target angle

gﬁngerlip = einitial + Aev

where 6piia corresponds to the neutral (middle-of-range) pose
of the finger. The precomputed lookup table directly yields the
target lateral joint value guera- The table is built offline once
per hand and provides constant-time lateral solving at runtime.

c) Encompassing Joint Cascade: After the lateral joints
have been set, we solve the encompassing joints sequentially
in proximal-to-distal order along each finger’s kinematic chain.
For each encompassing joint ¢, we first use forward kinematics
with the already computed parent joint values to transform
the target sphere surface points associated with joint ¢ and all
its descendant links into the local coordinate frame of joint
1. We then directly compute the joint angle that places both
the current joint’s surface correspondences and those of its
children onto the deformed sphere surface, as illustrated in
Fig. 5] Because each joint is solved exactly once in a single
forward pass with no iterative numerical optimization, the
cascade remains extremely lightweight. This cascaded proce-
dure progressively conforms the finger geometry to the target
sphere deformation while preserving kinematic feasibility. The
final joint configuration q is the output of the complete CIK
algorithm.

d) Sphere Controller: By combining the compact sphere-
deformation action space with CIK we obtain the complete
Sphere Controller. At every policy timestep the actor predicts
driving-plane rotations (A#) and driving-vector displacements
(Ar). These parameters define a deformed sphere that is
passed to CIK, which returns embodiment-specific joint posi-
tions q for the low-level controller. The lightweight sequential
structure of CIK enables real-time execution across diverse
robotic hands while remaining fully decoupled from any
particular morphology. This design is central to the strong
zero-shot transfer and rapid finetuning performance reported
in Section [[V1

APPENDIX B
PoLICY DETAILS

We provide implementation details of the reinforcement
learning policies trained using the Unified Hand Action Space
(UHAS). We describe the homogeneous observation space



and the sphere-based action parameterization that enable ef-
fective cross-embodiment learning as well as training hy-
perparameters, domain randomization, and reward details in
Appendix

A key requirement for training a single policy across robotic
hands with different kinematic structures is the normalization
of both observation and action spaces. Standard observation
formulations for in-hand manipulation include goal rotation,
object pose, object linear and angular velocities, the quaternion
difference to the target orientation, joint positions and veloci-
ties, and previous actions. However, raw joint values cannot be
used directly because their semantic meaning and numerical
ranges vary significantly across embodiments, hindering cross-
embodiment transfer. We therefore represent hand configura-
tion through points defined via surface correspondences on the
finger chains (Section [[II-B).

a) Sphere Observation Space: We construct homoge-
neous observations from points sampled along each finger
rather than from raw joint values. For every finger, we first
discretize the kinematic chain into 7 equally spaced points
from root to fingertip. The parent joint of each sampled point
is determined by its closest surface correspondence on the
canonical sphere (Section [[II-B). Positions of these points
under the current joint configuration are obtained via forward
kinematics. Linear and angular velocities of the points are
computed using the corresponding Jacobians evaluated at the
current joint configuration and joint velocities.

For all policies presented in the main paper we retain only
two points per finger: the middle point and the fingertip. This
choice provides a compact yet informative representation of
finger configuration while remaining consistent across hands
with different numbers of fingers. For 4-finger hands we
duplicate the ring-finger observations to preserve dimensional
consistency with 5-finger embodiments. All point positions
and velocities are expressed in the canonical sphere coordinate
frame (Fig. [J) and normalized by the hand-specific sphere
radius r. An illustration of the homogeneous observation
points across different hands is shown in Fig. 0] A detailed
ablation on the number of observation points is provided in

Appendix [E
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Fig. 9.

Homogeneous observations across different robotic hands.

b) Sphere Action Space: Actions are defined in the
sphere deformation space introduced in Section 3.3. Each
action consists of lateral deformations A# applied to a set
of driving planes and radial deformations Ar applied to
driving vectors within those planes. We attach one driving
plane per fingertip and align its initial azimuthal angle with

the corresponding fingertip # on the canonical sphere. To
enable a unified policy across both 4-finger and 5-finger hands
while preserving independent actuation of the fifth finger,
we introduce an additional driving plane at the ring-finger
azimuthal position for all 4-finger embodiments. When com-
puting deformations in the ring finger, the Af and Ar actions
of the duplicated plane are averaged before interpolation.

Lateral actions are bounded to the extremal values stored
in the precomputed lookup tables of each hand. We employ
two driving vectors per plane, positioned at equally spaced
polar angles ¢ = 60° and ¢ = 120°, with radial displacements
defined over the interval [—2, 2]. Prior to invoking the Cascade
Inverse Kinematics (CIK) algorithm, we discard all sphere
points whose radial coordinate r is negative. If an encom-
passing joint has no reachable points remaining after this
filtering step, the joint is commanded to its fully closed con-
figuration. This design choice was made after observing that
permitting negative radial deformations substantially improves
performance on the highly dynamic cube reorientation task, as
it allows the policy to close fingers rapidly during aggressive
reposing maneuvers. An ablation study on the number of
driving vectors per plane is provided in Appendix [E]

A. Training

a) Hyperparameters: All models were trained on a single
NVIDIA A5000 GPU using the RSL-RL implementation of
Proximal Policy Optimization (PPO) [26]. Training is per-
formed in the custom NVIDIA Isaac Lab Cube Reposing
environment [23] running on Isaac Sim 4.5.0 with the PhysX
physics simulator. The complete set of PPO training hyperpa-
rameters is summarized in Table [V]

TABLE IV
PPO TRAINING HYPERPARAMETERS.

Hyperparameter Value

Runner Configuration

Num. steps per environment 16
Empirical normalization True

Policy Network (Actor & Critic)

Hidden layer dimensions [512, 512,256, 128]
Activation function ELU
Initial action noise std. 1.0

PPO Algorithm

Learning rate 5.0 x 10~4
Learning rate schedule adaptive
Clip parameter 0.2
Entropy coefficient 0.005
Num. learning epochs 5

Num. mini-batches 4

Value loss coefficient 1.0

Use clipped value loss True
Discount factor () 0.99
GAE parameter (\) 0.95
Desired KL divergence 0.016
Max. gradient norm 1.0

b) Reward Function: We adopt the reward formulation
from the original NVIDIA Isaac Lab Reposing Cube environ-
ment. To discourage embodiment-specific exploitation—such



as policies that rely predominantly on lateral joint motion
while underutilizing encompassing joints—we augment the
original reward with two additional regularization terms. These
terms penalize deviations of the lateral and encompassing joint
positions from a reference joint configuration. Let d denote
the object-to-goal distance and 7. the orientation alignment
reward. Let py, and pyq denote the lateral and encompassing
joint position penalties, respectively. The scalar reward at each
timestep is then computed as

T = Wq d + Wy Trot + Wiat Plat + Wrad Prad + bsuccess + Prait, (1)

where bgyccess 1S @ large positive bonus awarded upon reaching
the goal within tolerance of 0.1 radians, and pg is a negative
penalty applied when the object falls. The reward scales used
during training are reported in Table

TABLE V
REWARD SCALES USED DURING TRAINING.
Reward Term Scale
Object-to-goal distance (wgq) —10.0

Orientation alignment (w;-) 1.0

Reach goal bonus (bsyccess) 250
Fall penalty (pfan) —100
Lateral joint position penalty (wia) —0.016
Encompassing joint position penalty (wg)  —0.004

TABLE VI
DOMAIN RANDOMIZATION RANGES APPLIED DURING TRAINING.

Parameter Randomization Range

Object Properties

Object scale

Object mass

Object static friction
Object dynamic friction

0.9,1.1]x nominal
0.8,1.2]x nominal
0.2,0.3]

0.15, 0.25]

Robot Properties

Robot mass

Robot static / dynamic friction
Joint friction

Joint armature

Joint effort limits

Joint stiffness

Joint damping

0.9,1.1]x nominal
0.75, 1.0]

0.9,1.1]x nominal
1.00, 1.05]x nominal
0.9,1.1]x nominal
0.75,1.25] x nominal
[0.75,1.25] x nominal

Hand Pose & Action Space

15° £+ 5°
+15°

Hand base inclination
Driving vector azimuthal angle (¢)

c¢) Domain Randomization: We utilize domain random-
ization during policy training. These randomization strategies
proved beneficial for improving cross-embodiment general-
ization. Randomizing the hand base inclination discouraged
policies from relying on specific cube-palm interaction dy-
namics, such as assuming the cube would slide or settle into
particular regions of the palm. Object scale randomization
helped mitigate finger entrapment issues arising from differ-
ences in finger geometry across embodiments. Additionally,
randomizing the driving vector azimuthal angle 6, joint effort
limits, and PD gains altered the in-distribution dynamics of

each hand which improved generalization, particularly across
certain hands. An ablation study examining the contribution of
these randomization components is provided in Appendix [E]
Table [VI] shows the details of the domain randomization used
for training. Note that the domain randomization strategy used
for real-world deployment differed from the one described in
this section. Details of real-world deployment are provided in

Appendix

APPENDIX C
CUBE POSE ESTIMATION

We track a 3D-printed cube based on an open source de-
sign [24]). Each of its six faces carries four distinct tag36h11
AprilTags [2] (24 tags total). One or two Intel RealSense
cameras each stream a rectified infrared image at 848 x 480
pixels and 60 Hz. A second camera viewpoint increases the
number of visible tags on the cube that are not occluded by the
hand. We also placed the hand in a well-lit location allowing
for shorter exposure time to reduce motion blur during fast
reorientation movements.

Each visible tag is localized independently via perspective-
n-point pose estimation using its four corners and the camera
intrinsics. Detected tags are only published if the Hamming
decoded value is zero and the decision margin is at least 50.
A separate standalone tag is placed at a known location on the
base mount and serves as a common reference frame.

In the dual-camera configuration, messages timestamped
within 100 ms of each other are paired. The transformation
from the secondary to the primary camera frame is estimated
from tags visible in both camera views. In the case of duplicate
tags which both cameras see, the tag with the higher detection
margin will be kept. Given the final set of visible tags, the cube
pose is calculated by chaining the camera-to-tag pose with the
calibrated cube-to-tag transform. Estimates whose translation
deviates by more than 10 mm from the median or whose
orientation deviates by more than 0.075 rad from a consensus
quaternion are dropped. The remaining estimates are fused
by their mean position and hemisphere-aligned quaternion
averaging. The cube pose is published only when at least three
separate tags are visible.

APPENDIX D
SYSTEM IDENTIFICATION

To enable reliable sim-to-real transfer, we performed system
identification on the complete real-world hardware setup, in-
cluding the LEAP Hand, its actuators, and the communication
interface. Due to the limited serial communication bandwidth
of the LEAP Hand, we operate the policy at a control fre-
quency of 20 Hz during training and real-world deployment.

We model the servo control law of the LEAP Hand as
current(t) = K,A0(t) — K4A0(t), where Af(t) denotes
the joint position error. Directly mapping this current-based
formulation to the implicit PD torque actuators available in
simulation did not reproduce the motion observed on the
physical robot. To resolve this mismatch, we performed system
identification on the LEAP Hand by commanding random



target positions while varying the commanded K, and K,
gains. From the recorded joint position, velocity, and current
trajectories, we solved for the effective gains that best matched
the recorded data. The identified values were subsequently
used when training policies intended for real-world deploy-
ment.

The system identification revealed that the LEAP Hand
motors behave as a nearly undamped system, with damping
having a negligible effect on the observed dynamics. Further-
more, the effective proportional gain K, differed from the
manufacturer specifications: approximately 0.0786 Nm/rad per
100 motor units. The effective derivative gain K; was found
to be approximately 0.0014 Nm/(rad/s) per 100 motor units.
We attribute these discrepancies primarily to the current-based
position control mode employed by the motors.

By monitoring the motor state during operation, we ob-
served that the LEAP Hand reliably enforces its internal
velocity limits. Accordingly, we introduced velocity limits
in simulation when training models intended for real-world
deployment. These limits were themselves randomized during
training to improve robustness.

A. Training for Real-World Deployment

For models deployed on the physical robot, we increased the
range of domain randomization compared to simulation-only
training. In addition to the randomization parameters described
in Table[VI] we randomized the velocity limits applied in simu-
lation. We also adopted an asymmetric actor-critic architecture:
the actor receives only positional information of the object
and hand joints, while the critic has access to the full state,
including linear and angular velocities of the object and hand.
This design encourages the actor to learn policies that rely
primarily on position feedback, which is more reliable under
real-world sensing and communication noise.

B. Deployment on the Physical LEAP Hand

During real-world operation, we observed that serial com-
munication with the LEAP Hand was unreliable, with frequent
missed reads and writes. To mitigate this, we implemented
additional software-level communication management to im-
prove reliability. Despite these measures, certain motor state
readings consistently failed through the manufacturer APIL.

We further limited the range of several joints on the phys-
ical hand. This was necessary because the joints exhibited
overshoot and because the structural components of the LEAP
Hand are relatively deformable under load. We also imposed
a lower velocity limit than the hardware maximum to reduce
overshooting observed during fast motions.

Finally, we observed that the fingers of the LEAP Hand
gradually became loose after repeated use. To improve me-
chanical stability, we designed and 3D-printed a reinforced
base that secures the root joints of the index, middle, and ring
fingers using additional screws. We also observed significant
deformation at the thumb root joint and therefore designed a
custom attachment for it. Both the reinforced finger base and
the thumb attachment will be released publicly alongside the

paper.

TABLE VII
ABLATION ON THE NUMBER OF DRIVING VECTORS PER DRIVING PLANE.

# Driving Vectors 1 2 3 4

Success Rate 98.0 98.7 99.5 98.1

# Reorientations 8.8 2.6 93 +20 9.6 = 1.5 9.1 £+ 24

Training Time (h) 53 4.5 6.5 5.5
APPENDIX E

ABLATION STUDIES

We present ablation studies on different design choices of
our method.

a) Ablation on Driving Vectors: We ablate the number
of driving vectors per finger in the UHAS model by training
policies with 1, 2, 3, and 4 vectors while keeping all other
components fixed. All four hands are used for training on
one NVIDIA A5000 GPU. The training time is measured
as the number of iterations required to reach 90% of the
maximum average consecutive reorientations (10). As shown
in Table [VII] 2-vectors achieves comparable performance to 3-
vectors while requiring the shortest training time. In contrast,
1-vector provides insufficient control flexibility whose train-
ing time is longer than 2-vectors , while 4-vectors increase
action-space complexity with limited performance gains. We
therefore use the 2-vector configuration in our final model.

b) Ablation on Observation Points: We ablate the num-
ber of homogeneous observation points per finger. Fig. [9]
illustrates the full set of candidate points distributed along
each finger. From these points, we select different subsets as
observations: one point at the fingertip, two points consisting
of the finger midpoint and fingertip, or three and four equally
spaced points along the finger. All models were trained amd
tested on the four hands using one NVIDIA A5000 GPU while
keeping all other components fixed. As reported in Table
increasing the number of observation points provides only
marginal improvements in success rate and average consec-
utive reorientations. These gains become negligible when
domain randomization is applied, while training time and
inference cost increase. We therefore use two observation
points per finger (midpoint and fingertip) in our final models,
as this configuration achieves a favorable trade-off between
performance and computational efficiency. Additional details
regarding the construction of the homogeneous observations
are provided in Appendix [B]

TABLE VIII
ABLATION ON THE NUMBER OF HOMOGENEOUS OBSERVATION POINTS
PER FINGER.
# Observation Points 1 2 3 4
Success Rate 98.8 98.7 99.0 99.1
# Reorientations 93+21 93+£20 94+18 95418
Training Time (h) 4.9 4.5 4.8 4.7

c) Ablation on Driving Planes: Additionally, we ablate
the number of driving planes in the Unified Hand Action Space
(UHAS). For the non-zero-shot models, we train and evaluate
each hand using either the standard 5-plane UHAS or a 4-
plane variant. The 4-plane version is constructed identically



to our merging procedure for 4-finger hands: we compute the
average deformation of the ring and pinky planes and then
interpolate the canonical sphere points as usual. For the zero-
shot models, we train on the other three hands and deploy
using the 4-plane UHAS (again merging the ring and pinky
planes). Consequently, the 4-plane zero-shot policies move the
ring and pinky fingers in a coupled manner.

As shown in Table using 4 or 5 driving planes yields
very similar performance. Interestingly, the Shadow hand even
achieves slightly better results with 4 planes than with 5. We
attribute this to the fact that the pinky finger is rarely used to
solve the cube reposing task; therefore, removing its dedicated
driving plane has a negligible impact on task performance.

We attempted to train models using only 3 driving planes.
However, these models were unable to reliably solve the
reposing task, and training failed to converge to meaningful
policies. This indicates that a minimum level of action-space
expressiveness is required for stable learning on this task.

It is important to note that the small difference observed
between 4 and 5 planes may be specific to this reposing
task, the particular reward formulation and the reference cube
position used. These factors had a significant influence on hand
behavior during training. Therefore, the negligible impact of
removing the fifth plane should not be assumed to hold for
other manipulation tasks or reward designs.

TABLE IX
ABLATION ON THE NUMBER OF DRIVING PLANES.
# Driving Planes 4 5
Shadow 99.5/9.7 + 1.5 99.3/9.6 £ 1.6
Shadow (Zero-shot) 86.9 /4.8 + 3.8 85.7/44 £ 3.7
MANO 99.6/9.8 £ 1.3 99.8/99 + 1.0
MANO (Zero-shot) 98.0/8.7+29 98.1/89 + 2.6

d) Ablation on Domain Randomization: We evaluate
the impact of domain randomization on zero-shot cross-
embodiment generalization. For each hand, we train models
on the other three hands and evaluate zero-shot transfer
performance. We compare models trained with and without
randomization of PD gains, joint effort limits, object scale, and
driving vector polar angle ¢. Table [X]reports the results across
all four hands. Randomization during training consistently
improves zero-shot transfer, particularly for hands with larger
morphological differences from the training set.

TABLE X
ZERO-SHOT PERFORMANCE WITH AND WITHOUT DOMAIN
RANDOMIZATION (PD GAINS, EFFORT, OBJECT SCALE, AND VECTOR ¢).
RESULTS REPORTED AS SUCCESS RATE / AVERAGE CONSECUTIVE
REORIENTATIONS =+ STD.

Test Hand Without Randomization With Randomization

Allegro 96.7 / 8.2 + 3.1 953777 +£34
LEAP 953/76 £34 955/177 £ 35
Shadow 80.1/3.6 3.6 85.7/4.4 + 3.7
MANO 97.1/84 £29 98.1/89 + 2.6

APPENDIX F
ADDITIONAL EXPERIMENTAL RESULTS

We present additional experimental results that complement
the main paper. We first analyze one-to-many zero-shot gen-
eralization by training policies on a single source hand and
evaluating them on all other target hands. We then report real-
world results on the Allegro Hand [36].

A. One-to-Many Generalization in Simulation

We train a policy on a single source hand and evaluate its
zero-shot performance on all other target hands. This setting
reveals how well a policy learned on one embodiment can
transfer without any finetuning or exposure to other hands
during training. Table [XI| summarizes the results.

The results highlight two important phenomena. First, poli-
cies trained on a single hand frequently develop exploitative
behaviors that are highly specific to that embodiment. For ex-
ample, the Allegro-trained policy relies heavily on the hand’s
distinctive lateral joints to perform cube rotations. Because
Shadow and MANO lack equivalent lateral actuation, this
policy fails almost completely on those hands. Interestingly,
it retains partial transfer to the LEAP Hand, likely because
the LEAP Hand’s lateral joints can produce somewhat similar
motion when the fingers are flexed.

Second, hands with larger joint ranges of motion and
workspace tend to generalize better to other embodiments.
The LEAP Hand, which possesses the largest range of motion
among the four, achieves the strongest overall zero-shot perfor-
mance when used as the source. Similarly, the Shadow Hand
generalizes reasonably well to MANO, but the reverse direc-
tion (MANO — Shadow) performs significantly worse, despite
both hands having five fingers. This asymmetry suggests that
greater kinematic flexibility during training enables the policy
to learn more transferable behaviors, whereas policies trained
on more constrained hands tend to overfit to their specific joint
limits and motion patterns.

These findings raise an interesting question for future work:
whether explicitly limiting the range of motion or action
space during training on high-degree-of-freedom hands could
improve robustness, or whether the current asymmetry is
inherent to cross-embodiment transfer.

B. Finetuning on Unseen Hands in Simulation

Table evaluates adaptation from the MANO hand to
unseen robotic hands. Starting from a policy trained solely on
MANO, we finetune the policy on each target hand for only
500 iterations, compared to approximately 4,500 iterations
required for training from scratch. Despite this small finetuning
budget, the success rate improves substantially across all target
hands, recovering strong manipulation performance. These
results demonstrate that the proposed UHAS representation
enables both meaningful zero-shot transfer and rapid adapta-
tion to new robotic hands.



TABLE XI
ONE-TO-MANY ZERO-SHOT GENERALIZATION. ROWS INDICATE THE SOURCE HAND USED FOR TRAINING; COLUMNS INDICATE THE TARGET HAND USED
FOR EVALUATION.

Source \ Target Allegro LEAP Shadow MANO

Allegro 99.1/9.6 +1.7 554/11+15 87/01+03 175/0.0=+0.13

LEAP 953/78+33 99.7/98 £11 658/18+19 87.0/4.7 +3.7

Shadow 356/04+07 594/16+22 993/96 + 1.6 976/87 + 2.7

MANO 33.0/04 +0.68 31.0/04 +0.67 362/05+09 99.8/99 + 1.0
TABLE XII

FAST ADAPTATION FROM MANO TO UNSEEN ROBOTIC HANDS. METRICS
ARE SUCCESS RATE / AVERAGE CONSECUTIVE REORIENTATIONS.

Target Hand Zero-shot +500 Iter

Allegro 953/77 +34 96.3 /81 + 3.3
LEAP 95.5/7.7 £ 3.5 96.2 /8.0 + 3.3
Shadow 85.7/44 + 37 958 /178 + 3.5

RealSense
Camera

Allegro hand
(4-finger)

Cube with
AprilTags

Fig. 10. Illustration of our real-world setup for the Allegro hand

C. Real-World Results on the Allegro Hand

We deploy our method on a physical Allegro Hand [36]
along with a cube pose estimator based on AprilTags. The
real-world setup is shown in Fig.[T0] We evaluate in-hand cube
reorientation over 10 independent trials per method. In each
trial, the policy runs continuously until the cube falls off the
hand. Table reports the number of consecutive successful
reorientations achieved before failure across trials, along with
the mean.

TABLE XIII
REAL-WORLD IN-HAND CUBE REORIENTATION ON THE ALLEGRO HAND
OVER 10 INDEPENDENT TRIALS. ENTRIES REPORT THE NUMBER OF
CONSECUTIVE SUCCESSFUL REORIENTATIONS BEFORE FAILURE.

Method 1 2 3 4 5 6 7 8 9 10 MEAN
UHAS (Zero-Shot) o 1 1 1 0 I 0 0 2 2 0.8
UHAS (Trained on Multi-Hand) 30 8 1 2 1 1 2 1 2 2.1
UHAS (Trained on Allegro Hand) 4 0 2 2 2 3 4 1 0 3 2.1

The Allegro-trained model achieves the highest real-world
performance with a mean of 2.1 consecutive reorientations,
tied with the multi-hand trained model. The zero-shot policy,
however, performs substantially worse (mean 0.8), revealing
a notable sim-to-real gap for cross-embodiment transfer, con-
sistent with our LEAP Hand results. We also observe high
variance across trials, with some runs reaching 8 reorientations
while others fail immediately.
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