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Fig. 1: Paradigm comparison: prior approaches versus our method. (a) Prior paradigm: Existing methods [35] 22] train
on a simplified and lossy unified state space. They output intermediate motion targets that require hand-specific retargeting
models to convert into physical joint commands. This adds complexity and can lead to kinematically infeasible actions.
(b) Our paradigm: We learn a single universal policy end-to-end. The policy operates on a lossless morphology-aligned graph
representation and outputs actions in a hand-agnostic motion-primitive space. Physical commands are generated directly through
a fixed hand-specific mapping M, removing the need for trainable retargeting modules. (c) Real-world deployment on unseen
hands validate the effectiveness and zero-shot transfer capability of our approach.

Abstract—To meet the demands of increasingly diverse dex-
terous hand hardware, it is crucial to develop a policy that
enables zero-shot cross-embodiment grasping without redundant
re-learning. Cross-embodiment alignment is challenging due to
heterogeneous hand kinematics and physical constraints. Ex-
isting approaches typically predict intermediate motion targets
and retarget them to each embodiment, which may introduce
errors and violate embodiment-specific limits, hindering trans-
fer across diverse hands. To overcome these limitations, we
propose DexGrasp-Zero, a policy that learns universal grasping
skills from diverse embodiments, enabling zero-shot transfer to
unseen hands. We first introduce a morphology-aligned graph
representation that maps each hand’s kinematic keypoints to
anatomically grounded nodes and equips each node with tri-axial
orthogonal motion primitives, enabling structural and semantic

alignment across different morphologies. Relying on this graph-
based representation, we design a Morphology-Aligned Graph
Convolutional Network (MAGCN) to encode the graph for policy
learning. MAGCN incorporates a Physical Property Injection
mechanism that fuses hand-specific physical constraints into the
graph features, enabling adaptive compensation for varying link
lengths and actuation limits for precise and stable grasping. Our
extensive simulation evaluations on the YCB dataset demonstrate
that our policy, jointly trained on four heterogeneous hands
(Allegro, Shadow, Schunk, Ability), achieves an 85% zero-shot
success rate on unseen hardware (LEAP, Inspire), outperforming
the state-of-the-art method by 59.5%. Real-world experiments
further evaluate our policy on three robot platforms (LEAP,
Inspire, Revo2), achieving an 82% average success rate on unseen
objects.
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I. INTRODUCTION

In the past several years, industry and academia have
rapidly advanced dexterous hand hardware [41, [31], and
more morphologically heterogeneous hands are expected to
emerge for dexterous manipulation. However, existing re-
inforcement learning (RL) policies are typically limited to
the training morphology and fail to generalize across hand
types [23l 136, 24} 138, 4, [7, 26} [12] , necessitating costly re-
training and data collection for every new hand. Therefore, for
practical application, we need a transferable policy that enables
zero-shot cross-embodiment grasping without redundant re-
learning.

The fundamental obstacle in cross-embodiment learning is
the morphological differences across hands, which make it
difficult to align both the input and output spaces of a grasping
policy. The observations and control commands of different
dexterous hands are morphology-dependent: observations re-
flect the number and arrangement of joints and sensors, while
control commands are shaped by degrees of freedom and
physical properties such as joint limits and link geometry. This
poses significant challenges for mapping the desired action
targets across different hands.

Existing cross-embodiment dexterous grasping researches
largely follows two routes: (1) open-loop grasp pose genera-
tion [304 164137, 128l 125} 1277]], which lacks closed-loop feedback
and is less robust to perturbations; and (2) RL-based policy
transfer of intermediate action representations [35, 22]] with
retargeting. However, as illustrated in Fig. [I] the intermediate
motion targets may violate kinematic or actuation constraints
of the target hand, limiting zero-shot generalization.

One key observation is that, despite large embodiment
variations, joints across different hands share underlying mor-
phological and kinematic regularities. Moreover, the inter-joint
relationships can be naturally represented as a graph structure.
Motivated by this, we construct a cross-hand transferable
policy based on graph neural network in a RL framework
that directly outputs joint-level actions. This avoids explicit
retargeting and thus overcoming the inherent limitations of
previous methods.

To achieve this, we introduce DexGrasp-Zero, a univer-
sal grasping policy capable of zero-shot transfer to unseen
hands. Specifically, we represent each hand as an anatomically
grounded, morphology-aligned graph that matches the hand’s
kinematic structure, and define a hand-agnostic motion prim-
itive space grounded in biomechanics [18] to align control
semantics across morphologies. We then parameterize the
policy with the Morphology-Aligned Graph Convolutional
Network (MAGCN), which encodes the graph state for pol-
icy learning via graph convolution. To further ensure stable
grasping, MAGCN incorporates URDF-derived embodiment
physical properties and injects them into the graph representa-
tions, enabling the policy to adaptively compensate for varying
link lengths and actuation limits.

We evaluate DexGrasp-Zero on six diverse dexterous hands.
Our experiments show that a single policy, jointly trained on

four hands, achieves a 85% zero-shot grasping success rate
on unseen hands (Leap, Inspire), outperforming prior methods
by 59.5%. We further evaluate our policy on three hetero-
geneous physical robots (Leap, Inspire, Revo2), achieving an
average success rate of 82% on 10 unseen objects.

Our contributions are summarized as follows:

1) We propose a morphology-aligned graph state represen-
tation and a hand-agnostic motion primitive space that
align perception and control semantics across heteroge-
neous dexterous hands.

2) We design MAGCN, a GCN-based policy that injects
URDF-derived physical properties into the learned graph
features to better respect embodiment constraints.

3) We conduct extensive experiments in simulation and on
three real-robot hands (Leap, Inspire, Revo2), validating
the efficacy of our representation and framework for
zero-shot cross-embodiment grasping on novel objects.

II. RELATED WORK
A. Learning-Based Dexterous Grasping

Dexterous grasping is a cornerstone of robotic manipula-
tion. Prior work employs either generative models [9) 33|
13} 139, 132 140] to sample diverse grasps or reinforcement
learning (RL) [23} 24, 17, 36, 138, 4] for closed-loop policy
optimization. However, both paradigms typically assume a
fixed hand morphology: generative approaches are limited by
the hand coverage in training data, and RL policies are often
constrained by hand-specific state representations and network
architectures, so neither generalizes across hand embodiments
without retraining.

B. Cross-Embodied Dexterous Grasping

To enable cross-hand transfer under morphological het-
erogeneity, recent efforts often introduce intermediate repre-
sentations that are less sensitive to hand-specific degrees of
freedom and physical properties. Existing methods largely
follow two routes: generating static grasping postures, or
learning dynamic closed-loop grasping policies. Existing grasp
synthesis methods can be broadly categorized as object-
centric [20, 1} [11} 134} I5] or obj-hand interaction [30, |6]], most
of which generate static, kinematically feasible postures and
struggle with real-time perturbations.

Another approach is to train closed-loop grasping strategies
that execute complete grasping trajectories. A common design
is to use a simplified intermediate action target (e.g., fingertip
displacements [22]] or MANO poses [35]) and then retarget
it to each hand. The subsequent hand-specific retargeting
step can produce infeasible joint commands under kinematic
constraints. In contrast, our approach enables end-to-end pol-
icy learning that maps observations directly to physical joint
commands, thereby avoiding kinematic infeasibility.

C. Graph Representation for Cross-Embodied Grasping

Graph neural networks provide a natural abstraction for
dexterous hands, but prior graph-based approaches can suffer
from misalignment in cross-hand representations, resulting in a
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Fig. 2: Universal hand representation. (a) Morphology-Aligned
State Graph Representation: nodes correspond to anatomical
units, edges follow kinematic chains, yielding a hand-agnostic
semantic graph structure. (b) Schematic of three motion prim-
itives (Flexion, Abduction, Axial Rotation) on a Schunk hand,
showing their physical motion effects at representative joints.
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lossy unified interface. GeoMatch++ [29] uses kinematic links
as graph nodes, which lacks anatomical semantics and does
not explicitly encode topological connectivity. CrossDex [35]]
and She et al. [22] model only sparse keypoints without
encoding topological relationships, leading to information loss.
GET-Zero [16] builds a full kinematic graph but treats each
physical joint as a node, splitting a single anatomical unit
with multiple dofs into multiple nodes, which hinders semantic
alignment across hands with different DoF distributions, and
its evaluations are therefore limited to LEAP Hand variants.

In contrast, our method adopts an anatomically aligned
and topology-aware graph representation that preserves task-
relevant structure across heterogeneous hands. Together with
hand-agnostic motion primitives, it aligns both state and ac-
tion semantics across embodiments, enabling more direct and
transferable policy learning.

III. DEXGRASP-ZERO

We propose DexGrasp-Zero, a morphology-aligned graph
policy that transfers ome grasping controller across diverse
dexterous hands by explicitly extracting shared semantics from
hand-specific mechanics. As shown in Fig. [3| we represent
each hand with a morphology-aligned state graph, encode
embodiment-specific physical priors from URDF, and fuse
them via a morphology-aligned GCN to output a hand-agnostic
motion-primitive space that is deterministically mapped to
executable joint commands.

A. Problem Formulation for Zero-Shot Cross-Embodiment
Grasping

We consider a unified cross-embodiment learning setting.
Let Hin denote the set of training hands (embodiments) and
Hiest denote a disjoint set of unseen test hands. For each hand
h € HirainUHiest, we define a hand-conditioned MDP in which
the agent observes a hand-specific state s/ and outputs an
action at every time step ¢. Our goal is to learn a single shared

policy my on Hyin and evaluate it zero-shot on Hy without
any finetuning.

Crucially, 7y outputs an intermediate action representation
in a hand-agnostic action space, while a fixed, hand-specific
mapping M}, deterministically converts it into an executable
physical command for embodiment k. The cross-embodiment
control loop is:
= Mp(al), (D)

a? ~ Ty ( | S?)7 af})lhysical,t

where a denotes the hand-agnostic intermediate action and
aghysical’t is the physical command executed on hand h. The
learning objective is to maximize the expected discounted
return across training hands:

T

meax EhNHmin Z,}/t ’I”(S?, a{)Lhysical,t) ; (2
t=0
with the requirement that the resulting policy generalizes zero-
shot to unseen hands h' € H.y at test time.

In the remainder of this section, we instantiate sf} and
al' using a morphology-aligned graph representation and a
universal motion-primitive space, and specify how My is
constructed from the hand kinematics.

B. Morphology-Aligned State and Action Graph Representa-
tion

Prior cross-embodiment grasping systems often struggle
with representation mismatch at both the state and action
levels: state encodings are often not semantically aligned
across morphologies, and actions are frequently output in
a task-space 3D targets and require retargeting, which can
introduce execution error and yield physically infeasible tar-
gets. These issues motivate us to design an morphology-
aligned, information-preserving state space and a physically
constrained action space that can be executed directly on each
hand, avoiding retargeting.

1) Morphology-Aligned State Representation: Dexterous
hands exhibit substantial variation in kinematic topology and
DoF counts, hindering direct cross-embodiment policy trans-
fer. Our key insight is that, despite these differences, hand
kinematics share a set of anatomically meaningful functional
units [15)]. We therefore abstract any dexterous hand h into
a morphology-aligned state graph G, = (V3,&,), where
|[Vh| = N; may vary across embodiments and each node
falls into one of six semantic types: fingertip, distal, middle,
proximal, metacarpal, or wrist. Edges &, encode the kinematic
relationships between these units, as shown in Fig. 2]

For each node v;, we define a feature vector xf‘ € Rnoa
capturing its dynamic state. Stacking all node features yields

the node-feature matrix
X h ]T

,xh [T € RNwX e, 3)

h
node — [Xlﬂ"'

The hand’s kinematic structure is encoded in an adjacency
matrix A" € {0,1}V2*Ne | where A?j = 1 if node i is the
parent of node j in the kinematic chain.
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Fig. 3: Architecture of DexGrasp-Zero. At each time step ¢: (a) Morphology-Aligned Graph Encoder encodes hand-object
state into node features Xﬁodet and global feature XZ,t using a hand-specific graph (adjacency A"); a GCN with per-layer
physical priors produces embeddings Enode , and Eg ;- (b) Physical Property Encoder parses hand URDF to build a physical

graph gphyml (joint limits, link lengths, etc.) and an activation mask M/
: wrist 6-DoF commands from Eht and erSt features, and joint actions
from masked node embeddings; the latter are mapped via hand-specific M}, to executable joint commands o

layer. (c) Decoder outputs motion primitives agnm

While node features encode local articulation and contact,
they lack explicit information about global hand—object rela-
tionships critical for coordinated grasping, such as wrist pose
error relative to the target or object motion. To address this,
we introduce a global feature x) € R%o that provides task-
level context. The full state representation is then:

s" = (X]ge, A", xD). 4)

2) Hand-Agnostic Motion-Primitive Space: To achieve
hand-agnostic control, we define a universal motion-primitive
space af}rim based on the morphology-aligned graph to
align the control-semantic for each hand. It consists of two
parts: (1) a 6-DoF wrist motion command, parameterized as
(Apl,A@") . Here and throughout the paper, the symbol
A denotes an incremental change . Specifically, p,, € R?
represents the Cartesian position of the wrist, and 8,, € R3
represents its orientation expressed in Euler angles. Thus,
Ap" and A" are the desired translational and rotational
displacements of the wrist, respectively.(2) node-level articu-
lation commands defined over the hand-specific state graph
Gn = (Vn,&) . For each node v; € V) , we define
three orthogonal motion primitives inspired by human hand
biomechanics [18]}, as illustrated in Fig. [2p:

o Flexion (FLEX): rotation that drives the child link toward
the normal direction of the palm (i.e., bending inward
toward the palm).

encoded into Eh and fused into every GCN

activation®

physical, t*

e Abduction (ABD): in-plane spreading motion of the
finger within the hand plane, moving the digit away from
the middle finger axis;

o Axial Rotation (ROT): torsional rotation of the link
about its own longitudinal axis.

These primitives form a motion-primitive vector for node
(/N
€ R3.

a; = [Aﬂexa Aabda Arot}T (5)

For notational convenience, we denote the component of a?
corresponding to primitive p € {FLEX, ABD,ROT} as o )
Stacking wrist 6-DoF commands and all nodes yields the full

motion-primitive space apnm for hand h:

T c R6+3Nh_

(6)
This universal motion-primitive space achieves control-
semantic alignment across heterogeneous hands.

3) Mapping to Executable Physical Commands: To exe-
cute the hand-agnostic motion-primitive space on a specific
embodiment, We define a fixed, hand-specific mapping My,
that projects apmn onto the embodiment-specific physical joint
command space. Specifically, M, : ROt3Nn o RIn g
a deterministic, sparse linear operator constructed from the
hand’s kinematic specification, which (1) selects valid node—
primitive pairs for each physical DoF, (2) respects the ordering
of joints in the robot’s command interface, and (3) applies a

nT R T h T
apnm—[A , AG, oy ]



sign correction to align the motion-primitive direction with the
physical joint axis. The physical joint displacement vector is
then obtained as

Aq" = My, (aly,)- (7)

In practice, M}, is implemented as an indexing rule; for the
j-th joint (j =1,..., Ly), it satisfies
h_ . h
Agj =5, (p,); ®)
where n; € {1,..., N} is the source node, p; is the selected
primitive, and s; € {—1,+1} is the alignment sign.

We obtain M, by applying unit joint excitations in sim-
ulation and matching the induced motion semantics to the
corresponding motion primitives, which is easy to implement
as an indexing rule (see Supplementary Sec. [ST.2] and Fig. [g).

The complete physical action executed by the controller
combines wrist motion and joint commands:

T
T T I
(SN ©)

h —
O‘physical -

This hand-specific mapping bridges the universal motion-
primitive space and the embodiment-specific command inter-
face, enabling a single shared policy to transfer across hands
by acting in a consistent action space.

C. DexGrasp-Zero Policy Design for Dexterous Grasping

Building on the above morphology-aligned state/action ab-
stractions, we design the DexGrasp-Zero grasping policy by
specifying (i) a grasping state graph (Fig. [3p), (ii) a URDF-
derived physical-property graph (Fig. [Bb), (iii) MAGCN with
layer-wise physical fusion (Fig. Bp,c), and (iv) the reward.

1) Graph-based State Representation: To represent the
state in a graph-compatible format, we construct a state-
graph topology G, = (W, E) for grasping observations. Our
observation design follows RobustDexGrasp [38]. The time-
varying observation is carried by node/global features (i.e.,
Xf}ode and x’;), while the topology is encoded by the adjacency
A" The state graph is represented by three components: node
features, edge connectivity, and global features.

Node Features Matrix (X! ;.): Given a hand h, each node
v; € Vy, is characterized by a feature vector x? € Rmde gg:

[dh eh 91 ’ ?7 fv’ﬁ? m?’ n?]’ (10)

where d? € R3 is the distance vector from the node to the
closest point on the object surface, which is computed from
the observed object point cloud by nearest-neighbor search.

0?, 9? € R3 are joint angles and velocities expressed in
each the motion-primitive axis; ¢! € {0,1} indicates contact
and f! € R>o is the contact force magnitude. m[, n! are
one-hot encodings of the finger semantic class (thumb, index,
middle, ring, little, wrist) and node type (fingertip, distal,
middle, proximal, metacarpal, wrist) respectively. Stacking
all node features yields the node-feature matrix X"
(xP, .. xR, T € RN dnoae,

Edge Connectivity (A"): We use untyped kinematic edges.
The edge set &, is represented by an adjacency matrix A" €

node

{0, 1} N2 Nn - where |Vy| = Nj, matches the hand graph G,
by construction. A?j = 1 indicates a kinematic connection
between nodes v; and v;.

Global Features (XZ): The global feature vector x'; €
R suymmarizes object-centric and wrist-level signals:

h _ h h h h h
Xy = [Aptargen Viwrists @wrists Vobj wobj]ﬂ

Y

where Apiarger € R3 is the displacement from the wrist frame
to the object center, (Vyrist, Wwrist) are the wrist linear and
angular velocities, and (vobj,wobj) are the object linear and
angular velocities in the wrist frame.

2) Physical- Property Graph Construction: The state-graph
observation (Xnode7 Al gz ) captures grasping dynamics and
geometry but does not encode embodiment-specific mechan-
ical constraints. To expose these priors to the policy and
improve cross-embodiment generalization, we parse the URDF
files and build a physical-property graph G ohysical- Specifically,
Qphyswal = (Vﬁlyswal,g&ymal) is constructed to be topology-
aligned with the grasping state graph: it shares the same
semantic nodes and the same kinematic connectivity, i.e.,
| hyslcal‘ |Vh| - Nh and g physical gh Each node Uj €

hysical,h
Vihysica 18 characterized by feature vector x} ysical e ¢ Rdonysia

that encodes static mechanical priors:

h h
[E a v TJ,IJ}

phymcal h (12)
where £; € R denotes normalized limits for the three motion
primitive axes; v; € RS denotes the corresponding normalized
velocity bounds in the same motion-primitive axis; a; € R?
encodes the axis directions in 3D space for the three primitives.
7; € R3 contains per-axis damping coefficients and 1; € R3
is the link vector from the parent node to this node. Stacking

all physical node features yields Xphymcal

Xh RN h X dphysical .

__ r. physical,h
physical — [Xl

physlcal h}

xR (13)

hysical,hv -
We encode node features X? ysical,

embedding in Section [[II-C

Activation Mask M/’ . : Not all nodes support all
motion-primitives due to mechanical constraints. To encode
which primitives are physically realizable per node, we derive
an activation mask aligned with the motion-primitive space in
Section For each node v; € V;,, we define a vector

migor] " € {0,1}, (14)

into a learnable physical

h _ [ h h
m; = [m, JFLEX> " ABD>

where )", = 1 if primitive p € {FLEX, ABD ROT} is

physically realizable at node ¢ for hand %, and ml’p =0
otherwise. Stacking all nodes gives

Mz}ilcuvatlon - [mlll’ . mN;] € {O 1}Nh><3 (15)

Equivalently, M. . can be derived from the indexing rule
M, by setting mfp = 1 if there exists a DoF index j €
{1,...,Lp} such that node(j) = ¢ and prim(j) = p. We
use Mactlvatlon to (i) condition the decoder on which primitive
axes are executable, and (ii) define an action-feasibility penalty
term 7pen in the reward (Section to discourage non-
executable outputs on inactive primitive axes.



3) MAGCN Model Design: DexGrasp-Zero is the overall
shared policy 7y introduced in Eq. (I). In our implementation,
my is parameterized by the Morphology-Aligned Graph Con-
volutional Network (MAGCN) with three modules shown in
Fig. 3} Morphology-Aligned Graph Encoding, Physical Prop-
erty Encoding, and Decoding. To keep the notation concise,
we name the modules used in these modules as functions: a
node-wise physical encoder ¢, a global encoder ¢, a node-
embedding encoder ¢po4e, @ node-action decoder @gecnodes and
a wrist-action decoder @gec wrist» as shown in Fig.

a) Morphology-Aligned Graph Encoding Module: We
first encode the grasping observation graph (Section
using a GCN backbone to capture kinematic topology and
propagate local signals along the hand graph. Concretely, the
MAGCN encoder produces (i) a global embedding Eg from
global features XZ, and (i) a node-embedding matrix E*

node
from the node-feature matrix X" = and adjacency A":

Eg = ¢g (XZ)’ Erillode = ¢n0de (Xh Ah)

node (16)

b) Physical Property Encoding Module: In order to in-
ject embodiment-specific physical information (Section [[lI-C2)
and enable the policy to adaptively compensate for varying
link lengths and actuation limits thereby ensuring precise and
stable grasping, we encode the physical-property graph gghysical
with a node-wise MLP ¢, to a learnable embedding. For each
node j =1,..., Ny,

eg,h _ ¢p (Xghysical,h) c de’ (17)
and stacking yields the physical embedding matrix
El = [&§",..., )] e RN, (18)

c) Layer-wise Physical Injection in MAGCN: With the
physical information encoded in E, we can inject these
embodiment-specific priors into the state-graph encoder by
fusing E{} at every GCN layer [10]. Specifically, we instantiate
¢node as L layers of GCN with layer-wise physical injection.
Equivalently, the node encoder can be written as

Er}llode = Pnode (Xr}lLodw Ah7 E{)L)v (19)
and is computed as follows. At each layer, we concatenate
the current node representation with the physical prior and
perform message passing with normalized adjacency:

H(0) = X! 20
7z — concat(Hh’(l_l)7 Eg)v @
H"O = 5(Ln(A" ZMOWD)), 1=1,...,L, (22
ErilLode = Hh7(L)a (23)

where Ln denotes LayerNorm and Al s the stan-
dard GCN normalized adjacency with ~self—loops:~A”’ =
(D")~3AMD") "3, A" = A" + 1, and D], = 3. AL

d) Decoding Module: This module jointly parameterizes
the motion-primitive space (Section using two de-
coders (Fig. [Bk). For node-level primitives, we condition on
the activation mask by concatenating the node embedding with
the corresponding mask row and decoding with Pgec node:

éi0d87h = concat(EQode M7 Mefllctivalion [’L]), (24)

a? = (bdec,node (égode’h) S RS: 1= 17 LR 7Nh- (25)

For the wrist 6-DoF command, we decode from the global

embedding E’g and the wrist node embedding e’ :

(ApZﬂ AOZ)) = ¢dec,wrist (COHC&t(EQ, eevrist))a

where e denotes the embedding of the wrist node in E/ ;.

Finally, stacking wrist and node-level outputs yields agﬁm as
defined in Eq. (6).

4) Reward design: Following RobustDexGrasp [38], we
define a grasping reward rgp that encourages stable contact
formation under geometric and physical constraints, and add
an additional feasibility penalty 7pe, tailored for our cross-
embodiment motion-primitive space:

(26)

27)

T = Tgrasp + Tpen-

Grasping reward: 7ngrasp Wdis Tdis + w;:\(;ntact Tcontact +
h h

Worce Tforce T Wreg Treg» where rg, = _Zizl ||dz ||2 pe-

nalizes distances from hand nodes to the object surface;

N .
Tcontact — i ;1 cﬁ‘ rewards contact formation; 7foce =
N . .
— ;2 max(0, f* — fo)? penalizes excessive contact forces
above threshold fo; 7eq = —||Aq”||2 regularizes joint com-
mand increments.
a1 e1e . _ Np, h h||2
Feasibility penalty: 7., = —wpen ;" |(1 — m3) © |3

suppresses outputs on inactive primitive axes.
All weights (wdi57wcontactawforcevwregvwpen > 0) are shared
across embodiments to ensure consistent learning objectives.

D. Sim-to-Real Transfer via Privileged Distillation

In real-world deployment, contact states and interaction
forces are typically not directly observable, while they are
readily available as privileged signals in simulation. We fol-
low the teacher—student distillation strategy of RobustDex-
Grasp [38]]: we first train a privileged feacher policy in
simulation with access to contact/force-related observations,
and then distill it into a student policy that operates without
such privileged inputs. The student uses MAGCN as the
backbone and is equipped with an LSTM to perform temporal
state estimation, enabling it to implicitly recover missing in-
formation (e.g., contacts and forces) from observation histories
and to execute the distilled grasping behavior in real scenes

(see Supplementary Sec. and Sec. [S2.5.2).

IV. EXPERIMENTS

We evaluate DexGrasp-Zero in both simulation and real-
world, including cross-hand transfer, single-hand transfer, and
ablations.



TABLE I: Cross-embodiment training and zero-shot transfer results (success rate). Variants of our method: w/o G,pysicar priors
removes hand-specific physical property encoding; early fusion concatenates physical features with node states at input (instead
of layer-wise fusion in GCN); w/o motion primitives replaces the motion-primitive space with raw joint commands; w/o
M ciivaion&Tpen  disables the activation mask conditioning and the corresponding action-feasibility penalty in the reward; full

model is our complete DexGrasp-Zero policy.

. Training Hands Unseen Hands Average
Method Variant Allegro Shadow Ability Schunk | LEAP Inspire | Seen Unseen
CrossDex [35] per-object 0.81 0.85 0.90 0.90 0.34 044 |0.865 0.39
CrossDex [35] multi-object 0.39 0.69 0.42 0.60 0.19 0.34 ] 0.525 0.265
GET-Zero [16] multi-object 0.83 0.89 0.84 0.90 0.62 0.32 | 0.865 047
Ty w/o motion primitives ~ 052 051~ 064 059 | 039 029 [0565 034

early fusion 0.42 0.47 0.59 0.54 0.46 0.34 | 0.505 040
DexGrasp-Zero (Ours) w/0 Gphysical PTiors 091 0.89 0.90 0.84 0.82 0.79 | 0.885 0.805

W/0 Mactivation & pen 0.92 0.91 0.90 0.81 0.50 0.76 |0.885 0.63

full model 0.92 0.95 0.90 0.91 0.93 0.82 | 0.92 0.85

A. Experimental Setup

1) Simulation: We evaluate DexGrasp-Zero on six dexter-
ous robot hands. Following the cross-embodiment protocol
used by CrossDex [35]], we train a single policy on four seen
hands (Allegro, Shadow, Ability, and Schunk) and evaluate
zero-shot transfer on two unseen hands (LEAP[21] and In-
spire) in the RaiSim simulator [8].

a) Dataset and Benchmark:

CrossDex/YCB benchmark. To benchmark cross-hand gen-
eralization, we adopt the 45-object YCB split from Cross-
Dex [35] where all objects are used for both training and
testing. This protocol keeps the object set fixed so performance
differences primarily reflect embodiment variation rather than
changes in objects. We compare against CrossDex[35] under
(1) its original per-object setting (one policy trained per object,
averaged across objects) and (ii) a multi-object adaptation (a
single policy jointly trained on all objects).

GraspXL benchmark. To study single-hand training and
cross-hand transfer under a standard single-hand benchmark,
we follow the protocol of GraspXL[36]: the training set
consists of 26 ShapeNet [3] objects and 32 PartNet [14]]
objects, and evaluation is performed on 48 PartNet test objects.
We compare against GraspXL in the single-hand setting.

b) Evaluation Protocol and Metric: In all simulation
experiments, we evaluate with 25 grasp trials per object; the
object is spawned at a fixed initial position while the hand
starts from a randomized initial pose. We report the success
rate (SR): the object is lifted up by 0.5 m and held for 2 s
without dropping.

2) Real-World Evaluation: We deploy distilled policy (Sec.
on 3 robot platforms: (i) Kinova arm with LEAP hand,
(i) Kinova arm with Inspire hand, and (iii) Piper arm with
Revo2 hand (Fig. [4). We evaluate on 10 unseen objects with
5 random poses per object (50 trials per platform). A grasp is
successful if the object is lifted to 30 cm and held for 5 s.

B. Implementation Details

Simulation training. We train all policies with PPO [19] and
on a NVIDIA RTX 3090 GPU for 6000 rounds. The MAGCN
backbone uses a 10-layer GCN. We instantiate 3 parallel

(| RGB-D Camera:
Realsense D455

(a) Knova with Leap hand (b) Knova with Inspire hand (c) Piper with Revo2 hand

Fig. 4: Hardware setup. We evaluate our method on three robot
platforms: (a)Kinova arm with LEAP hand, (b)Kinova arm
with Inspire hand, and (c)Piper arm with Revo2 hand.

simulation environment for each (hand, object) pair. The
simulator runs at a 20 Hz. Each episode has 120 exploration
steps, followed by 30 steps with an additional lift signal. We
use the following reward coefficients: wgis = 0.3, Weontact =
1.0, Weorce = 0.5, Wreg = 1.5, Wpen = 0.3.

Real-world deployment details. Inference runs on a single
NVIDIA RTX 3090 GPU at 20 Hz. Perception is provided
by a single RGB-D camera. We standardize the initial robot
configuration across platforms: the thumb starts with maxi-
mum opening distance. The arm starts 25 cm to the left of
the object with the palm facing the object. During execution,
we run the grasp controller for 130 steps and then send a lift
command to raise the object.

C. Cross-Hand Zero-Shot Transfer from Multi-Hand Training

To evaluate cross-embodiment generalization, we train a
single policy jointly on four hands (Allegro, Shadow, Ability,
Schunk) on the 45-object YCB split and evaluate on both the
training and unseen hands (LEAP and Inspire) without fine-
tuning. We compare against CrossDex [35], a state-of-the-
art method with open code for zero-shot cross-embodiment
dexterous grasping. We additionally reproduce GET-Zero [16]]
under the same CrossDex protocol. Following GET-Zero, we
construct a kinematic graph where each physical DoF is
represented as a node, and each node outputs a single action
scalar that directly controls the corresponding DoF (with the
original axis-aligned mapping to physical joint commands for
cross-hand evaluation).



Schunk

Fig. 5: Simulated grasps of training hands on 5 diverse objects.

As shown in Table [, DexGrasp-Zero achieves strong per-
formance across both seen and unseen hand embodiments.
In particular, our full model reaches 92.0% average suc-
cess on the four training hands and 85.0% on two unseen
hands. Compared with the CrossDex multi-object baseline
(52.5% seen/26.5% unseen), we substantially improve zero-
shot transfer on unseen hands (26.5% — 85%), driven by our
morphology-aligned graph design, physical-property injection,
and action-space alignment.

As a point of comparison, GET-Zero achieves strong perfor-
mance on the training hands (0.865 average), likely because its
Transformer-based multi-hand training can learn hand-specific
patterns with high discrimination on the seen embodiments.
However, its success rate drops sharply on unseen hands
(0.47 average), suggesting limited transfer when the action
semantics are not explicitly unified across morphologies. In
contrast, DexGrasp-Zero maintains high unseen-hand perfor-
mance (0.85 average) by explicitly modeling a unified action
space, which substantially improves zero-shot transfer across
morphologically distinct hands.

D. Cross-Hand Zero-Shot Transfer from Single-Hand Training

Here we ask a more practical question: if we train
DexGrasp-Zero on a single hand, can the resulting policy still
transfer well to other embodiments, and how competitive is it
compared with methods tailored for single-hand training?

Using the GraspXL benchmark, we train DexGrasp-Zero on
one embodiment at a time and evaluate the resulting policy
on all hands without any adaptation. We report success rates
in Table [[I] together with the GraspXL, a method design for
single-hand training and can not transfer to new hand.

Overall, single-hand training with DexGrasp-Zero also
achieves strong zero-shot transfer. Policies trained on Shadow
or Schunk reach 0.94 on unseen Inspire, surpassing the
GraspXL specialist (0.91). Training on Schunk also yields
0.90 on LEAP and exceeds GraspXL on Schunk itself (0.92
vs. 0.90), demonstrating effective cross-embodiment gener-
alization. But this single-hand transfer performance is not
uniformly stable, it depends heavily on morphological and
dynamic similarities between the source and target hands.

TABLE II: Single-hand training transfer on PartNet (success
rate): rows show the training embodiment for DexGrasp-Zero
and columns show the test embodiment. Entries marked with
T indicate in-domain evaluation.

Method Train Hand Allegro Shadow Ability Schunk LEAP Inspire
GraspXL [36] - 0.94 0.93 091 0.90 0.95 091

Allegro 0.93T 08 080 069 048 077
Shadow 055 0.98T o080 082 077 094
DexGrasp-Zero (Ours)  Ability 060 060 0.86T 086 088 090
Schunk 061 052 083 0.927 090 094
LEAP 050 068 065 069 0.90T 069
Inspire 061 083 087 088 088 0.967

E. Ablation Studies

We conduct ablation studies to quantify the contributions
of four key design choices: (1)conditioning the policy on
URDF-derived physical-property priors via Gpnysical» (2)the
proposed layer-wise injection of task features with physical
priors (vs. early fusion), (3)the hand-agnostic motion-primitive
space, and (4)the activation mask M,civaiion conditioning with
the corresponding action-feasibility penalty 7pen. Result is
summarized in Table [ removing any component degrades
performance. Specifically:

o Without motion primitives, performance degrades

markedly: the average success rate decreases from 92.0%
to 56.5% on seen hands and from 85.0% to 34.0%
on unseen hands, confirming that the motion-primitive
provides essential inductive bias that facilitates structural
and semantic alignment across different morphologies.

o With early fusion (G @ Gpnysical): replacing layer-
wise injection with a one-shot feature concatenation per-
forms substantially worse (from 92.5% to 50.0% on seen
hands) and exhibits highly unstable learning dynamics,
suggesting that injecting physical priors at every layer is
important for stable optimization.

o Without Gypysical priors, performance drops from 92.0%
to 88.5% on seen hands and from 85.0% to 80.5% on
unseen hands. This indicates that URDF-derived physi-
cal constraints provide useful embodiment conditioning,
especially for zero-shot transfer.

o Without Myctivation and 7pen, performance drops from
85.0% to 63.0% on unseen hands (while remaining rela-
tively high on seen hands: 92.0% to 88.5%). This suggests
that explicitly conditioning on executable primitive axes
and penalizing infeasible outputs is crucial for preventing
invalid actions that do not transfer across embodiments.

These results demonstrate that physical-property conditioning,
a stable injection strategy, motion primitives, and feasibility-
aware action conditioning are all important for achieving
strong zero-shot generalization across diverse hand embodi-
ments.

F. Real-World Deployment

Under the unified experimental setup described in Section
IV-A2| we evaluate our policy on three robot platforms.

We evaluate real-world transfer performance under the
unified setup by comparing our cross-hand policy with an



TABLE III: Real-world zero-shot grasping success rate on
unseen dexterous hands.

Method LEAP Inspire Revo2 Average
Intra-hand (Oracle) 0.90 0.90 0.78 0.86
Cross-hand w/0 Gpnysical 0.84 0.80 0.62 0.75
Cross-hand (Ours) 0.88 0.86 0.72 0.82

intra-hand oracle and an ablation without Gypysicar (Table .
This ablation is chosen for real-world testing because physical
priors are essential for embodiment realism.

The results in Table [[II| reveal two key insights. First, our
cross-hand policy achieves performance close to the intra-
hand oracle (e.g., 90% vs. 88% on LEAP), demonstrating
that training on diverse hands enables strong zero-shot transfer
without sacrificing much capability. Second, removing URDF-
derived physical-property priors causes a consistent perfor-
mance drop (e.g., from 0.88 to 0.84 on LEAP and from
0.72 to 0.62 on Revo2), confirming that explicit physical
constraints encoded by Gppysical are essential for effective cross-
embodiment generalization and for adaptively compensating
varying link lengths and actuation limits. Revo2 shows the
lowest successrate, likely due to its smaller size, which makes
large objects harder to stably grasp.

V. CONCLUSION

We presented DexGrasp-Zero for zero-shot cross-

embodiment dexterous grasping. Our main contributions
are a morphology-aligned graph representation with motion
primitives for structural and control-semantic alignment across
morphologies and MAGCN, a GCN policy network with
Physical Property Injection that incorporates URDF-derived
constraints for stable grasping. Experiments show strong
transfer to unseen hands (85% in simulation; 82% on real
robots), validating its potential as a universal paradigm for
cross-embodiment dexterous manipulation.
Future work. While our current formulation is designed for
anthropomorphic dexterous hands and already supports hetero-
geneous actuation mechanisms, extending the same paradigm
to non-anthropomorphic end-effectors (e.g., parallel-jaw grip-
pers) and soft/continuum manipulators remains an open prob-
lem. We believe this will require new embodiment-aware
abstractions and primitives beyond the current joint-based
formulation. Another direction is to improve representations
for fine-grained finger operations: message passing in deep
GCNs can smooth local signals, and future work could explore
stronger positional encoding and topology-aware features to
better preserve subtle, contact-critical distinctions.
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