Cross-Hand Latent Representation for Vision-Language-Action Models
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Figure 1. Overview. XL-VLA enables direct decoding of a single latent action into multiple dexterous hand embodiments. Shown
above, an action prediction can be instantiated on the Ability hand, Paxini DexH13 hand, X-Hand1, and Inspire hand for language-
guided manipulation. We show our experiment settings on the right figure with collected objects and DexHands.

Abstract

Dexterous manipulation is essential for real-world
robot autonomy, mirroring the central role of human
hand coordination in daily activity. Humans rely on rich
multimodal perception—vision, sound, and language-
guided intent—to perform dexterous actions, motivating
vision-based, language-conditioned manipulation sys-
tems for robots. However, training reliable vision-
language-action (VLA) models for dexterous manipu-
lation requires large-scale demonstrations across many
robotic hands. In addition, as new dexterous embod-
iments appear rapidly, collecting data for each be-
comes costly and impractical, creating a need for scal-
able cross-embodiment learning. We introduce XL-VLA,
a vision-language-action framework integrated with a
unified latent action space shared across diverse dex-
terous hands. This embodiment-invariant latent space

is directly pluggable into standard VLA architectures,
enabling seamless cross-embodiment training and effi-
cient reuse of both existing and newly collected data.
Experimental results demonstrate that XL-VLA consis-
tently outperforms baseline VLA models operating in
raw joint spaces, establishing it as an effective solution
for scalable cross-embodiment dexterous manipulation.

1. Introduction

Recent progress in vision-language-action (VLA) mod-
eling has begun to extend the successes of large-scale vi-
sion and language models into robotics, enabling robots
to interpret visual scenes, follow natural language in-
structions, and execute complex behaviors in the phys-
ical world. A key insight behind these advances is that
unifying vision and language can be naturally expressed
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Data Deployment Input Output

Paper

Type(s) Embodiment EEF$EEF Vision Lang Prop Decoder ZS
UniVLA [8] human video; teleoperation 1 arm+1 gripper gripper $ gripper 3 3 7 3 7
ATE [71] teleoperation; simulation 2 arms+2 grippers — 3 3 7 7 7
LAD [3] teleoperation 1 arm+1 hand/gripper hand $hand/gripper 3 7 7 3 7
EgoBridge [45] human video; teleoperation 2 arms+2 pushers — 3 7 3 7 7
CoMo [65] internet video; teleoperation 1 arm+1 gripper — 3 7 7 7 7
Tenma [17] teleoperation 2 arms+2 grippers — 3 3 3 7 7
CycleVAE [16] teleoperation 1 arm+1 hand hand $ hand 7 7 3 3 7
CETransfer [53] simulation (sim!real) 1 arm+1 gripper gripper $ gripper 7 7 3 3 3
Ours teleoperation 2 arm+2 hand hand $ hand 3 3 3 3 3

Table 1. Related Work Summary. Summary of related work comparing data sources, deployment settings, and input/output
capabilities for latent-based cross-embodiment methods. Data indicates the training modalities used in each work. Deployment
speci es the robot embodiments evaluated and whether cross—end-effector transfer is supported. Input denotes which modalities
(vision, language, proprioception) are used for training. Output reports whether a method includes a cross-embodiment decoder
and whether it enables zero-shot transfer to unseen embodiments.

through sequence-to-sequence modeling, and VLA sys- the cross-embodiment latent action space. XL-VLA
tems can adopt the same abstraction by treating actions achieves signi cantly stronger cross-embodiment per-
as an additional output modality. formance than standard VLA baselines and ex-
However, a fundamental obstacle emerges when hibits zero-shot generalization to untrained cross-
moving from vision and language to action: while lan- ~€mbodiment task con gurations.
guage possesses a relatively stable and universal vocab-
ulary, robotic action spaces are inherently tied to the 2. Related Work
morphology of the robot. For dexterous hands in par-
ticular, action parameterizations—joint positions—vary
signi cantly across embodiments and continue to evolve
rapidly with new hardware designs. This raises two key
guestions for scalable robot learning: (1) How can we
de ne a uni ed action representation within a family
of robots? (2) How can we seamlessly integrate a new
robot whose action space differs from existing ones?

Dexterous Manipulation. The direction of dexterous
manipulation focuses on utilizing DexHand for standard
manipulation tasks, aiming to enable more complex op-
erations. This eld encompasses various areas of fo-
cus, including manipulator hardware [34, 48, 67], sen-
sors [51, 63], learning and control algorithms [12, 28,
31, 40], and human-robot interaction [13, 23, 61]. In
) ] this work, we speci cally concentrate on learning and

In this work, we address these challenges by intro- ¢qniro| algorithms, leveraging vision-language-action
ducing a shared latent action space tailored for dexter- (VLA) models [30, 36, 46, 50, 69]. Furthermore, we de-
ous hands. This latent space serves as an embodiment-,q 5 uni ed action space to support cross-embodiment
invariant representation that enables joint training acrossyayterous manipulation [24, 44, 55].

heterogeneous hands. While prior VLA and cross- cross Embodiment. Cross embodiment typically refers
embodiment efforts have primarily focused on robotic . learning a single policy that can exibly adapt across

arms equipped with parallel grippers, we focus on g erse embodiments—e.g., different humanoids or dex-
the substantially more complex, and more capable do-arqus hands—without per-robot retraining [21, 22, 25,

main of dexterous manipulation. Moreover, we empha- 55 43 52 66, 74]. Within this area, approaches leverage
size real-world datasets and physical robot evaluation, j, ,man video for supervision [15, 32, 42, 45, 47, 70], ap-
demonstrating that our method remains robust under5|g-|0|y imitation learning with motion retargeting to bridge

ni cant cross-embodiment variation. morphology gaps [11, 39, 49, 59], and employ gener-

We summarize our contributions as follows: ative models to synthesize action-consistent trajectories

» We collect a large-scale teleoperation dataset coveringacross bodies [1, 3, 27,57, 75]. A complementary line of
10 manipulation tasks across four newly introduced work constructs uni ed latent action spaces that factor
dexterous hands—Aubility, Paxini DexH13, X-Hand1, out embodiment-speci c details, enabling transfer and
and Inspire—containing 2M state-action pairs. zero-shot reuse across platforms [3, 9, 17, 54, 71, 73].

« We propose an unsupervised latent autoencoderThis paper follows the latter paradigm, aligning actions
framework that learns a uni ed action space applica- in a shared representation for robust cross-embodiment
ble to a wide range of hands. control.

* We introduce XL-VLA, a full VLA pipeline built upon Hand/Dex Retargeting. Hand retargeting for teleoper-
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