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Abstract—Dexterous manipulation remains one of the most
challenging problems in robotics, requiring coherent control of
high-DoF hands and arms under complex, contact-rich dynamics.
A major barrier is embodiment variability: different dexterous
hands exhibit distinct kinematics and dynamics, forcing prior
methods to train separate policies or rely on shared action spaces
with per-embodiment decoder heads. We present DexFormer, an
end-to-end, dynamics-aware cross-embodiment policy built on
a modified transformer backbone that conditions on historical
observations. By using temporal context to infer morphology and
dynamics on the fly, DexFormer adapts to diverse hand config-
urations and produces embodiment-appropriate control actions.
Trained over a variety of procedurally generated dexterous-hand
assets, DexFormer acquires a generalizable manipulation prior
and exhibits strong zero-shot transfer to Leap Hand, Allegro
Hand, and Rapid Hand. Our results show that a single policy can
generalize across heterogeneous hand embodiments, establishing
a scalable foundation for cross-embodiment dexterous manipu-
lation.

I. INTRODUCTION

Dexterous manipulation is a key capability for general-
purpose robotic manipulation. Multi-fingered robotic hands
enable a wide range of functional behaviors, spanning lifting
and reorienting everyday objects [13l 18, 29], grasping in
clutter [25, 3], non-prehensile manipulation [3, 22], and in-
hand reorientation and fine pose adjustment [12} 4, 21, 27].
In practice, however, when transferring to each new hand
embodiment typically requires carefully training and tuning a
policy from scratch. Different hands induce distinct kinemat-
ics, inertias, actuator responses, and contact dynamics, so the
same control strategy can lead to drastically different behavior.
This embodiment-specific dynamics makes learning and sim-
to-real transfer brittle and expensive, often requiring repeated
system identification, retuning, or additional real-world data
collection for every new platform [12} 4].

The sim-to-real gap is already substantial for a single robot,
and becomes even more severe when transferring across differ-
ent dexterous hand embodiments. Broadly, existing approaches
to bridge this gap fall into three paradigms. The first is system
identification (SysID), which fits simulator parameters to real
hardware through data-driven model identification or active
exploration, reducing parameter mismatch between simulation
and reality [9, [19]. While effective, SysID is limited by
the chosen model parameterization and typically needs to be
repeated for each new embodiment. The second paradigm
is domain randomization, which trains policies over wide
distributions of physical and morphological parameters so that

fis, s fad

‘

) Eg
\, LL
\ 28
“ !
e |
v

DexFormer

Fig. 1. DexFormer learns a unified history-conditioned policy that transfers
dexterous grasping across diverse hand embodiments, enabling zero-shot
deployment from large-scale simulation to real-world robots.

the real world appears as just another sample from training.
Massive randomization enabled sim-to-real dexterous in-hand
manipulation without real data collection [2]], and large-scale
RL over procedurally generated robots has produced generalist
locomotion policies that control previously unseen robots zero-
shot without explicit kinematic knowledge [11]. However,
randomization alone does not provide an explicit mechanism
to compensate for embodiment-specific dynamics at test time.
The third paradigm learns residual or compensatory mod-
els for unmodeled dynamics on top of simulation. Methods
such as [6] learns unsupervised actuator networks to capture
nonlinear hardware effects. Similarly, DexNDM [12] learns
a joint-wise neural dynamics model from real interaction
data and trains a residual controller on top of a simulation
policy, enabling robust dexterous manipulation without precise
object state estimation. These residual approaches can signifi-
cantly narrow the sim-to-real gap, but depend on collecting
embodiment-specific real-world data and therefore do not
directly address zero-shot cross-embodiment transfer.

In this work, we introduce DexFormer, a cross-embodiment
dexterous manipulation policy based on a history-conditioned
transformer. DexFormer leverages temporal context to perform
implicit morphology inference from observation histories, en-
abling the policy to adapt online to different hand dynam-
ics without explicit morphology identifiers or embodiment-
specific heads. We construct a broad morphology distribution
via procedural randomization of canonical dexterous hands



and demonstrate that a single morphology-agnostic policy
trained on randomized embodiments can zero-shot generalize
to unseen canonical hands and their variants. DexFormer thus
represents a scalable approach to cross-embodiment dexterity
and reveals a promising connection between large-scale RL
training and history-conditioned models capable of learning
latent physical structure.
Our main contributions are summarized as follows:

o We introduce DexFormer, a history-conditioned trans-
former trained on large scale of hand embodiments,
which performs implicit morphology inference for cross-
embodiment adaptive control;

e We develop a large-scale morphology-randomization
pipeline and a distributed training framework for dex-
terous hands cross embodiment training;

o We show that a single morphology-agnostic policy can
generalize to unseen dexterous embodiments and multiple
real dexterous hands without manual retargeting, explicit
morphology encodings, or separate policy heads.

II. RELATED WORK
A. Cross-embodiment dexterous manipulation

Cross-embodiment dexterous manipulation has been ap-
proached from two main directions. One line of work generates
static cross-hand grasp poses followed by open-loop execu-
tion, using unified contact representations and optimization or
physics solvers to produce feasible grasps across morphologies
[23] 124, 28]]; however, such open-loop strategies struggle to
react to disturbances and real-time contact changes during
execution. Others learn embodiment-aware closed-loop con-
trollers, either by explicitly encoding hand kinematic graphs
and distilling experts into a single zero-shot policy [L15], or
by defining an eigen-grasp action space that transfers policies
to new hands via retargeting mapping [26]; these approaches
depend on explicit kinematic modeling or retargeting mapping
and are difficult to extend across fundamentally different
canonical hand types. We instead learn a history-conditioned
policy in a canonical shared action space that implicitly
infers embodiment-specific dynamics from temporal context,
enabling closed-loop, zero-shot transfer across heterogeneous
hands without explicit morphology encoding or retargeting.

B. Dynamics-aware manipulation

Methods in this direction explicitly model or compensate for
mismatches between simulated and real dynamics. Unsuper-
vised Actuator Networks (UAN) [6] learn data-driven correc-
tions to simulator actuator models from real-world trajectories,
improving sim-to-real transfer by reducing exploitation of
simulator inaccuracies in highly dynamic loco-manipulation.
DexNDM [12] instead learns a joint-wise neural dynamics
model from autonomously collected real interaction data and
uses it to train a residual controller on top of a simulation
policy, enabling robust in-hand rotation across diverse ob-
jects without precise object state estimation. Complementarily,
Zhao et al. [30] narrows the sim-to-real gap by enriching simu-
lation with calibrated actuator and tactile dynamics, combining

high-fidelity tactile simulation, current—torque calibration, and
randomized motor nonidealities to train force-aware policies
that deploy zero-shot on real hardware. These approaches
rely on either explicit real-world dynamics learning or highly
accurate simulator modeling. Our method avoids additional
dynamics models or residual adaptation by training a single
policy over a broad, randomized morphology and dynamics
distribution and letting temporal context implicitly capture
embodiment-specific behavior.

C. Test-time adaptation

Test-time and online adaptation has been extensively stud-
ied in legged locomotion and is beginning to appear in
manipulation. Rapid Motor Adaptation (RMA) [7] learns a
latent embedding online from recent state—action history and
conditions a base policy on this latent embedding to rapidly
compensate for unmodeled dynamics without additional real-
world rollouts or calibration. Variants of this idea have been
applied to bipedal robots [8], manipulator arms [10], and
dexterous in-hand rotation [16]], showing that short temporal
histories can support fast system identification and closed-loop
correction under changing contacts and loads. In parallel, in-
context adaptation with sequence models such as LocoFormer
[11]] conditions policies directly on history to achieve zero-
shot adaptation across terrains and tasks without an explicit
identification module. In our setting, we do not explicitly
learn a separate adaptation module to suit each environment,
but instead learn one history-conditioned policy to a wide
distribution of procedurally randomized hand morphologies
during training, so that it implicitly infers embodiment-specific
dynamics from temporal context and can zero-shot generalize
to unseen hand embodiments.

III. METHOD

A. Problem Formulation

We model dexterous manipulation as a POMDP in which a
robotic hand must grasp and stably manipulate objects drawn
from a task distribution. Each episode samples an object
0 € O and a hand embodiment e € &£, inducing morphology-
dependent transition dynamics.

We aim to learn a morphology-agnostic policy 7y that
receives observations but does not observe the embodiment
identity. Let o, denote the observation of the system at time ¢,
including the hand, arm, and object pointcloud, and a; denote
the action selected by the policy at time ¢. The reinforcement
learning objective is to maximize the discounted reward over
the joint distribution of embodiments and objects:

T
nglX Eefvp(f,'), o~p(O), Ty [Z VtR(Oh at)] ) (1)
t=0

where R rewards successful grasping behaviors. Since the
embodiment is unobserved, the agent must infer morphology-
dependent dynamics through temporal interaction and adapt
its control accordingly.
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(b) Shared action space with masks for specific embodiments.

Fig. 2. Shared action space. (a) The canonical action space (left) defines a morphology-invariant embedding in which joints with the same anatomical function
share fixed indices in the action space. MCP (blue/orange) governs flexion and abduction, PIP/DIP (green) provide proximal/distal flexion, while the thumb
uses a distinct structure where CMC (orange/purple) supports abduction and opposition, MCP (blue) controls basal flexion, and IP (green) provides distal
flexion. (b) Canonical embedding flattened into 20-Dim space. Lower-DoF hands such as LEAP and Allegro hands zero-pad unused canonical dimensions,
where as higher-DoF embodiments like Rapid Hand fully populate the embedding, enabling shared control across heterogeneous embodiments.

B. Shared Action Space

We consider a family of dexterous robotic hands with
different numbers of actuated finger joints. Let £ denote the
set of hand embodiments and, for each embodiment e € &,
let d. be the number of actuated finger joint DoF. To enable a
unified control interface across heterogeneous hands, we define
a canonical Dp-dimensional finger action space, where joints
with the same functional role (e.g., thumb abduction, index
flexion) are assigned to the same canonical indices across
embodiments.

For embodiment e with d, actuated finger joints, we denote
its native finger command by alf'(e) € R9%. We embed
this command into the canonical action space via a fixed
embedding operator

P, :R% — RPr,

which writes the d. joint commands into embodiment-specific
canonical indices corresponding to their functional roles, such
as MCP abduction and flexion ordering, and sets all remaining
entries to zero:

aj = P.(af (e)) e RP".

Embodiments with fewer finger DoF use zero-padding for
unused canonical dimensions, while higher-DoF hands may
occupy all or most of the D indices, as shown in Fig.
We further apply temporal smoothing to obtain the executed
finger action. Let al” € RPF denote the raw finger action
output by the policy. The smoothed finger command is defined
as
ai =Xaf +(1—Nal, 2)

where A € (0, 1] controls the degree of action smoothing.
The overall high-level action at time ¢ is then given by

ar = [af’, aj'] € RPFHP4, (3)

where a;* € RP4 is the robotic arm delta pose (e.g., Da =7
for a 7-DoF arm). This shared high-level action is consumed
by embodiment-specific low-level controllers, which map a;
to torques or joint targets; zero-padded finger dimensions
are simply ignored for lower-DoF hands. In our experiments

(Section [[V), we instantiate this formulation with a specific
choice of D and a concrete set of hand embodiments.

C. Embodiment Generation

We construct a family of dexterous hand embodiments by
perturbing morphology-related physical parameters of canoni-
cal hands. Let E..n0n denote the set of canonical embodiments
and, for each e € E.anon, let z(e) represent its morphology
parameters including link lengths, masses, and inertias. We
sample randomized embodiments according to

Z(k)(e)wpmorph(z|e), k‘zl,...,Ne’

where prorpn 1S a perturbation distribution defined over
morphology parameters. Each sampled morphology z(k)(e)
induces a new embodiment e(*), while preserving the original
kinematic graph topology and actuation structure.

The union of these embodiments

Eirain = U {eM ... eWNe)}

e€E€canon

forms the morphology-rich training set used for reinforcement
learning.

Training on &.in exposes the policy to a continuum of
physical realizations, promoting robustness and improving
zero-shot transfer to unseen canonical embodiments at eval-
uation time.

D. History-Conditioned Transformer

To infer latent morphology parameters that are unobservable
from a single state, we condition the policy on a finite
history window. Let h; denote the history available at time
t, consisting of past observation-action pairs and the current
observation:

hy = {Ok}ylfc:tfH+1

We process this history as a sequence of H temporal tokens.
For each timestep k € [t — H + 1, ], we construct tokens by
using the embeddings of the observation o.

This sequence, supplemented with learned positional encod-
ings, is fed into a Transformer encoder. Crucially, we apply
a causal mask to the self-attention mechanism, ensuring that



the computation for any token %k can only attend to preceding
tokens j < k. This prevents information leakage from the
future. The Transformer produces a sequence of contextualized
latent embeddings. The final embedding, corresponding to the
current time ¢, serves as a compact summary of the history and
is passed through an MLP action head to produce the action
distribution for a, as illustrated in Fig. El
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Fig. 3. History-conditioned transformer policy architecture. At each timestep,
a fixed-length history of observations with horizon H is provided as input
and tokenized into a sequence of H tokens. The token sequence is processed
by a stack of three transformer layers with positional encoding and causal
self-attention. The representation of the final embedding, which attends to
all preceding history, is extracted and passed to an MLP action head to
parameterize a stochastic policy. Actions are then sampled from the resulting
distribution for execution.

E. Observation Space

The observation space of this policy is defined as

A [ OC OT JP JV _FT _FC V 377
0y = [ot ,00 " ,G¢—1,0;" ,0;" ,0; " ,0; 04 ] e R
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where the current object quaternion 0P € R*, the target
object pose 0¢7 € R, the action a;_; € R?7 at the previous
time step, o/ © € R?7 include the joint positions, o]V € R?7
velocities, fingertip and palm states of 7 € R"®, and contact
forces of'® € R'®, and object pointcloud o} € R192,

F. Reward Design

The total reward is composed of five terms:
re=rf 40+ ol 0] (5)

where 7" penalizes excessive actions to ensure smooth control,
rP encourages the end-effector to approach the object, r
encourages the fingers to grasp the object, 7/ guides pose
tracking under contact, and r? guides pose tracking without
contact.

Here, a; and a‘i’rev denote current and previous actions, pe. and
Pob; are the end-effector and object positions, I indicates valid
contact, I,,, encourage exposure to object, finumb, findex> fmiddies
and f;,, are contact force vectors measured at the thumb, in-
dex, middle, and ring fingertips respectively, 7 = 1 is the force
threshold, and d,(-) measures quaternion distance. A\;=0.005,

TABLE I
REWARD TERMS AND FORMULATIONS.

Equation

rP A1y a? — A2y, (a; — agrev)2
T‘D A,j(l —tanh(max Hpccfpobj‘b))

o

I H[(Hfthumb” > 7V ||fingex|] > 7V || fmidate|] > 7V ”fring” > T)}
I H[(Hfthumb” > T) A (”findcx” >TV Hfmiddlc” >TV HfringH > T)]
rM Al + Asle

rT Xg(1— tanh [Peti—Paellz )y

P
S A7(1 — tanh [[Pdes — Pobj [l 2 )2
op1

A2=0.005, A\3=2, A\4=0.8, A5=2, A\¢=14.0, A\7=20, 0,,0=0.2
and 0,1=0.1 .

G. Farallelism for Cross-Embodiment Training

Simulation platforms such as IsaacLab support parallel
environments on a single GPU, it expects similar kinematic
topology and actuator structure within each GPU, which is not
satisfied across different hand embodiments. To accommodate
this, we group randomized variants of the same canonical
embodiment on a single GPU and assign morphologically
distinct canonical embodiments to different GPUs. Rollouts
are performed independently on each GPU, and we employ
Distributed Data Parallel (DDP) to maintain a single shared
policy: during the trajectory collection and forward pass,
each GPU operates locally, while during backpropagation
gradients are synchronized all-reduce to ensure consistent
parameter updates. This configuration parallelizes morphology
diversity across GPUs and environment parallelism within
GPUs, enabling scalable cross-embodiment training of a single
DexFormer policy, as shown in Fig. [
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Fig. 4. Gradient aggregation during distributed training. While rollouts and
forward passes are computed locally on independent GPUs, the all-reduce
primitive aggregates gradients during backpropagation, averaging parameter
updates to ensure the DexFormer weights remain identical across all devices.



IV. EXPERIMENTS

This section presents comprehensive simulation and real-
world evaluations of DexFormer’s performance on unseen
embodiments. Our experiments are designed to systematically
answer the following research questions: (1) How does Dex-
Former’s grasp success compare to GRU/LSTM baselines?
(2) How well does DexFormer zero-shot generalize across
heterogeneous hands? (3) Does historical context improve
policy performance? (4) How does embodiment diversity, mea-
sured by number of embodiments in training set, affect zero-
shot performance? (5) Does performance scale with training
parallelism (as measured by number of environment)? (6) How
robust is DexFormer to morphological impairments induced by
locking individual joints?

A. Implementation Details

We utilize Isaac Lab [[14] for both training and evaluation.
We use Allegro, LEAP [17], and RAPID [20] hands mounted
on Franka Arms as the canonical embodiments:

o Franka-Allegro-Canonical
 Franka-Leap-Canonical
o Franka-Rapid-Canonical

And then we instantiate morphology-randomized variants of
the canonical hands:

o Franka-Allegro-Variants
o Franka-Leap-Variants
o Franka-Rapid-Variants

where link lengths and inertial parameters are procedurally
perturbed while preserving kinematic and actuation structure.
We leverage a ray-casting pipeline built upon Project Instinct
[31]] to generate point-cloud observations of both dexterous
embodiments and manipulated objects.

We train on 300 randomized embodiments in total, cor-
responding to 100 variants per canonical hand, shown in
Fig.[5(a)] variants form a morphology-rich training distribution
for learning a single cross-embodiment policy. Evaluation is
conducted in two settings: (i) zero-shot transfer to the three
canonical embodiments, and (ii) generalization to 32 unseen
embodiments sampled from the same morphology distribution,
shown in Fig. [5(b)] For each parallel simulation environment,
we randomly sample one object from a predefined set of ten
objects, shown as in Fig. [6]

Training is performed on three RTX 5090 GPUs. Variants
of the Allegro, LEAP, and RAPID hands are assigned to
separate GPUs to satisfy batching constraints in Isaac Lab,
while Distributed Data Parallel (DDP) synchronizes gradients
across GPUs via all-reduce to maintain a single shared policy.
We additionally employ Automatic Domain Randomization
(ADR) [1] with a per-environment scheduler that adjusts
difficulty levels (0—10) based on task performance.

B. Metrics and Baselines

We evaluate policy performance based on success rate,
defined as the proportion of trials in which the target object

&
A

(a) Training embodiment variants (out of 100 for each canonical hand)

(b) Testing embodiment variants (out of 32 for each canonical hand)

Fig. 5. Diversified embodiment generation. We synthesize 100 variants per
canonical LEAP, Allegro, and RAPID hand for training, and 32 variants per
canonical hand for testing. Canonical hands are held out during training and
evaluated zero-shot.

Fig. 6. Objects used during training

reaches the commanded goal position, i.e., ||p&° — p'aeet||y <
0.05.

We compare DexFormer against two recurrent policy base-

lines that use explicit hidden states to encode temporal context:

o« LSTM baseline: a 3-layer LSTM with hidden size 128
is used as the temporal memory module, maintaining cell
and hidden states across timesteps to capture longer-range
dependencies in the observation history.

« GRU baseline: a 3-layer GRU with hidden size 128
replaces the LSTM with a lighter gated recurrent archi-
tecture, using a single hidden state to model temporal
dependencies.

C. Main Results.

We first evaluate the overall effectiveness of DexFormer
under the standard training setting with 5-step history. All



Leap hand: success rate vs locked joint

Allegro hand: success rate vs locked joint

Rapid hand: success rate vs locked joint
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Zero-shot performance under joint locking. For LEAP and Allegro, joint indices 0—15 are sequentially locked, and for RAPID 0-19. We report

success rates for 2-s and 4-s execution windows and compare against the zero-shot canonical baseline.

policies are trained with 4096 parallel environments episodes
and evaluated on both zero-shot generalization on the canon-
ical hand and a 32-variant test set across LEAP, Allegro, and
RAPID hands. For each evaluation, we execute the policy
across 32 parallel environments for a total of 100 episodes.

As shown in TABLE [l DexFormer consistently outper-
forms LSTM- and GRU-based baselines in grasping success
rate after 40k training episodes, addressing Q1. Moreover, it
demonstrates strong zero-shot generalization across heteroge-
neous robotic hands, addressing Q2.

ing by varying the number of distinct training embodiments
used. For this experiment, we trained three policies and used
single GPU per each hand type. As summarized in Table [IV]
for a 25k-episode training, increasing embodiment diversity
substantially improves zero-shot grasping performance on un-
seen hands, indicating that exposure to heterogeneous embodi-
ments during training enhances cross-embodiment generaliza-
tion, addressing Q4.

TABLE IV
ABLATION ON TRAINING SET EMBODIMENT DIVERSITY.

TABLE II
COMPARISON WITH LSTM AND GRU-BASED BASELINES. Hand Setting 25 Hands 50 Hands 100 Hands (Ours)

- LEAP canomf:al 81.59 80.28 90.12
Hand Setting LSTM  GRU  Ours 32 variants 81.44 84.59 91.31
LEAP canonical 66.81 58.91 83.25 All canonical 80.34 77.84 80.81
32 variants  66.72  57.38  86.84 €80 3 variants  77.12 74.44 78.38
canonical 6538 2581 74.19 canonical 82.09 80.00 84.56
Allegro 3> variants 6244 2497 7194 RAPID 35 variants 7847 78.88 79.41
RAPID  Canonical 46.72 4506  71.69 Average  Combined 80.18 79.34 84.09

32 variants 44.22 53.59 77.09

Average  Combined 58.72 4429  77.50

To answer Q3, we assess the effect of temporal context by
comparing DexFormer policies with a single history step and
with a 5-step history. As shown in Table under an equal
40k-episode training budget, incorporating observation—action
histories improves zero-shot performance for both the LEAP
and Allegro hands.

TABLE III
COMPARISON OF HISTORY LENGTH.

Hand Setting I-step  5-step (Ours)
canonical 82.72 83.25
LEAP 35 variants 8334 86.84
Allecr canonical 56.47 74.19
€80 3 variants  55.16 71.94
canonical 77.59 71.69
RAPID 35 variants ~ 82.75 77.09
Average  Combined 73.00 77.50

We study the effect of morphological diversity during train-

To answer QS5, we further analyze the scalability of Dex-
Former with respect to environment-level parallelism. As
shown in Table [V] under a 30k-episode training budget and
using 3 GPUs for distributed training, increasing the number
of parallel environments per GPU improves performance for
LEAP and Allegro hands. However, we noticed some perfor-
mance drop for zero-shot transfer to the canonical RAPID
hand and its variants, which we attribute to an imbalance in
morphology statistics during training.

Locking individual joints induces structured degradation
patterns that reflect the anatomical role and kinematic impor-
tance of each DoF, shown in Fig. We evaluate using the
optimal DexFormer checkpoint reported in Table [[I} Across all
embodiments, distal flexion joints (PIP/DIP) and low-leverage
MCP abduction joints cause mild reductions, while basal
flexion and thumb CMC joints produce pronounced drops,
consistent with their contribution to establishing stable contact
and opposition. Notably, all impaired variants achieve success
rates that are lower than, or at most match, the canonical
hand’s zero-shot performance, indicating no compensatory
gain from joint removal. The consistent gap between 2-s and



TABLE V
ABLATION ON NUMBER OF ENVIRONMENTS IN PARALLEL.

Hand Setting 1024/GPU  2048/GPU  4096/GPU (Ours)
canonical 66.22 82.53 87.00
LEAP 3 variants  69.03 80.66 88.78
All canonical 67.16 70.78 77.50
€8% 37 variants 63.94 69.12 77.12
canonical 74.34 69.91 69.72
RAPID 3 ariants  79.56 76.97 7772
Average canonical 69.24 74.41 78.07
2€ 32 variants 70.84 75.58 81.21

4-s execution windows suggests that extended rollout enables
partial compensation even under impaired morphology, ad-
dressing Q6.

D. Real-world evaluation

We use a LEAP hand mounted on Franka arm for real-
world experiments. To maintain consistency with the simulated
ray-casting observations, the real-world system employs two
identically mounted Intel RealSense D435 cameras. The result-
ing depth measurements are fused through ICP and clipped
to the hand workspace to produce a coherent point-cloud
representation of both the dexterous hand and manipulated
objects. The Franka arm runs its joint-space controller at 1000
Hz, and the learned policy is evaluated at 10 Hz. The real-
world setup is shown as in Fig. [§]

Fig. 8. Real-world evaluation of the DexFormer policy.

For smooth sim-to-real transfer, we perform offline distil-
lation rather than online distillation, enabling efficient data
acquisition and stable training. We recorded 2000 episodes
of expert demonstrations with a 158-dimensional observation
space. The student MLP network is optimized with Adam
using a learning rate of 0.001. The deployed policy can
successfully lift the object cube into target position.

V. CONCLUSION

We present DexFormer, a history-conditioned transformer
policy for cross-embodiment dexterous manipulation. By con-
ditioning on observation—action histories, DexFormer implic-
itly infers morphology and dynamics, enabling a single pol-
icy to generalize across heterogeneous robotic hands with-
out requiring embodiment identifiers or dedicated decoder
heads. Extensive experiments demonstrate that DexFormer (i)
outperforms GRU- and LSTM-based baselines, (ii) achieves
strong zero-shot transfer across LEAP, Allegro, and RAPID
hands and their variants, and (iii) benefits from temporal con-
text, morphology diversity, and environment-level parallelism.

These findings provide evidence that dynamics-aware temporal
inference is an effective mechanism for cross-embodiment
generalization. Real-world evaluations further support the
practicality of the approach, indicating that morphology-
agnostic dexterous manipulation can extend beyond simula-
tion. Overall, DexFormer offers a scalable path toward unified
manipulation policies applicable across diverse embodiments
and deployment scenarios.

VI. LIMITATIONS

While DexFormer demonstrates strong cross-embodiment
generalization for embodiment variations, several limitations
remain. First, our current training regime focuses on a limited
set of object geometries and mass properties, leading to
insufficient object-level generalization. Extending training to
larger, more diverse object collections and incorporating multi-
expert distillation or mixture-of-experts could improve robust-
ness and transferability to real-world manipulation scenarios.
Second, we observe a modest performance drop on higher-
DoF embodiments such as RAPID Hand under zero-shot
settings. This suggests that more sophisticated architectural or
scaling strategies may be beneficial, including deeper temporal
modeling, improved action embeddings, and higher degrees
of environment-level parallelism. Furthermore, due to current
limitations in Isaac Lab, embodiments with distinct kinematic
topologies are trained on separate GPUs. Enabling mixed
buffer or centralized gradient accumulation across embodi-
ments may reduce gradient variance and improve generaliza-
tion.

We consider addressing these limitations an important di-
rection for future work, particularly toward foundation-style
models for dexterous manipulation. More broadly, we aim to
promote a cross-embodiment learning paradigm in which scal-
able RL training enables high-DoF, morphologically diverse
embodiments to be trained at scale, while downstream users
can either post-train, finetune, or incorporate residual policies
to further adapt to new embodiments and tasks. We view such
a path as a step toward more generalized cross-embodiment
manipulation policies.
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APPENDIX
A. Cross-embodiment Training

We employ Automatic Domain Randomization (ADR) to
progressively increasing noise levels on joint positions, joint
velocities, fingertip states, point-cloud observations, and grav-
ity as the policy performance improves. The ADR curve
during training is shown as in Fig. [0} The learning curves for
average reward and success with respect to training episodes
are reported in Fig. [I0]and [TT] As can be seen, our DexFormer
policy outperforms LSTM-based and GRU-based policy by
training efficiency (curves rise faster) and accuracy.
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Fig. 9. ADR rate with respect to training episodes
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Fig. 10. Reward with respect to training episodes

B. Real-world evaluation

For real world experiments, we use several objects during
evaluation: an orange cube, a red mug, a yellow cube, a
hamster toy, a cat toy, a dodecahedron, a icosahedron, and
a package box, as shown in Fig. [I2]

We first test our distilled DexFormer Policy on canonical
LEAP hand. The qualitative grasping results are shwon as
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Fig. 11.  Success rate with respect to training episodes

Fig. 12.

Objects used for real-world experiments

Fig. [13] The real-world quantitative results are listed in TA-
BLE |V showing the success rate and execution average time.

TABLE VI
GRASPING SUCCESS RATE ACROSS OBJECTS.

Object Success Rate  Avg. Time (sec)
Orange fruit 4/5 7.45
Red mug 2/5 6.32
Yellow cube 3/5 7.34
Dodecahedron 1/5 6.10
Icosahedron 2/5 6.45
Large hamster 2/5 4.93
Cat toy 3/5 6.23
Package box 3/5 7.90

We then test a distilled version of DexFormer policy rolled
out on three real-world LEAP hand variants. We construct
physical LEAP hand variants by removing selected finger joint
structures from the canonical configuration, shown in Fig. [T4]
From left to right, the variants remove 1 DoF on the ring finger,
2 DoFs on the ring and middle fingers, and 3 DoFs on the
index, middle, and ring fingers, respectively. The qualitative
grasping results are shown in Fig. [T3]



(a) Grasping an orange fruit. (b) Grasping a red mug

(c) Grasping a yellow cube

(h) Grasping a package box in the middle

(i) Grasping a package box to the left (j) Grasping a package box to the right

Fig. 13. Qualitative grasping results on canonical LEAP hand grasping different objects.



Fig. 14. Real-world LEAP hand variants with reduced degrees of freedom.

(a) LEAP variant with 1 DoF removed.

(b) LEAP variant with 2 DoFs removed.

(c) LEAP variant with 3 DoFs removed.

Fig. 15. Evaluation on LEAP hand variants with reduced degrees of freedom.
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