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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Paper Data Deployment Input Output
Type(s) Embodiment EEF < EEF Vision Lang Prop Decoder ZS
UniVLA [8] human video; teleoperation 1 arm+1 gripper gripper < gripper v v X v X
ATE [71] teleoperation; simulation 2 arms+2 grippers — v v X X X
LAD [3] teleoperation 1 arm+1 hand/gripper hand <+ hand/gripper v X X v X
EgoBridge [45] human video; teleoperation 2 arms+2 pushers — v X 4 X X
CoMo [65] internet video; teleoperation 1 arm+1 gripper — v X X X X
Tenma [17] teleoperation 2 arms+2 grippers — v v o/ X X
CycleVAE [16] teleoperation 1 arm+1 hand hand < hand X X 4 v X
CETransfer [53] simulation (sim — real) 1 arm+1 gripper gripper <> gripper X X v v 4
Ours teleoperation 2 arm+2 hand hand <> hand v  / v 4

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
specifies 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-
tems can adopt the same abstraction by treating actions
as an additional output modality.

However, a fundamental obstacle emerges when
moving from vision and language to action: while lan-
guage possesses a relatively stable and universal vocab-
ulary, robotic action spaces are inherently tied to the
morphology of the robot. For dexterous hands in par-
ticular, action parameterizations—joint positions—vary
significantly across embodiments and continue to evolve
rapidly with new hardware designs. This raises two key
questions for scalable robot learning: (1) How can we
define a unified action representation within a family
of robots? (2) How can we seamlessly integrate a new
robot whose action space differs from existing ones?

In this work, we address these challenges by intro-
ducing a shared latent action space tailored for dexter-
ous hands. This latent space serves as an embodiment-
invariant representation that enables joint training across
heterogeneous hands. While prior VLA and cross-
embodiment efforts have primarily focused on robotic
arms equipped with parallel grippers, we focus on
the substantially more complex, and more capable do-
main of dexterous manipulation. Moreover, we empha-
size real-world datasets and physical robot evaluation,
demonstrating that our method remains robust under sig-
nificant cross-embodiment variation.

We summarize our contributions as follows:

* We collect a large-scale teleoperation dataset covering
10 manipulation tasks across four newly introduced
dexterous hands—Ability, Paxini DexH13, X-HandI,
and Inspire—containing 2M state-action pairs.

* We propose an unsupervised latent autoencoder
framework that learns a unified action space applica-
ble to a wide range of hands.

* Weintroduce XL-VLA, a full VLA pipeline built upon

the cross-embodiment latent action space. XL-VLA
achieves significantly stronger cross-embodiment per-
formance than standard VLA baselines and ex-
hibits zero-shot generalization to untrained cross-
embodiment task configurations.

2. Related Work

Dexterous Manipulation. The direction of dexterous
manipulation focuses on utilizing DexHand for standard
manipulation tasks, aiming to enable more complex op-
erations. This field 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 specifically concentrate on learning and
control algorithms, leveraging vision-language-action
(VLA) models [30, 36, 46, 50, 69]. Furthermore, we de-
fine a unified action space to support cross-embodiment
dexterous manipulation [24, 44, 55].

Cross Embodiment. Cross embodiment typically refers
to learning a single policy that can flexibly adapt across
diverse embodiments—e.g., different humanoids or dex-
terous hands—without per-robot retraining [21, 22, 25,
26,43,52, 66, 74]. Within this area, approaches leverage
human video for supervision [15, 32,42, 45, 47, 70], ap-
ply imitation learning with motion retargeting to bridge
morphology gaps [11, 39, 49, 59], and employ gener-
ative models to synthesize action-consistent trajectories
across bodies [1, 3,27,57,75]. A complementary line of
work constructs unified latent action spaces that factor
out embodiment-specific details, enabling transfer and
zero-shot reuse across platforms [3, 9, 17, 54, 71, 73].
This paper follows the latter paradigm, aligning actions
in a shared representation for robust cross-embodiment
control.

Hand/Dex Retargeting. Hand retargeting for teleoper-
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Figure 2. Model Pipeline. XL.-VLA builds on 7 [6] with vision and language encoders paired with an action expert that operates in
a shared latent action space for cross-embodiment control. During VLA training, the action expert is finetuned while the pretrained

latent encoders and decoders remain frozen.

ation and imitation learning has progressed from kine-
matic pipelines to fast, principled learning: GeoRT de-
livers 1 kHz unsupervised mapping [68]; contact-aware
and unified formulations improve human—object fidelity
[35, 37], with objective ablations [60] and practical sys-
tems spanning real-time teleop and hardware-agnostic
platforms [14, 19, 58]. Beyond copying humans, func-
tional and policy-centric retargeting improves task out-
comes [41, 62], while type-guided teleop exploits robot-
specific dexterity [38].

Latent Action Space. As shown in Table. 1, latent ac-
tion spaces provide embodiment agnostic control codes
that align input modalities (vision, language, proprio-
ception) and decode to diverse robots. Examples span
discrete VQ tokens with per-robot decoders [8], contin-
uous end-effector latents trained on retargeted pairs and
generated by diffusion [3], and unified action VAEs that
steer existing VLA policies [71]. Other directions align
policy features or motion rather than a single EEF space
optimal-transport co-training [45], Internet-video mo-
tion embeddings [65], diffusion transformers with stan-
dardized tokens [17] and cycle/adversarial mappings en-
abling cross-embodiment decoding and sim—real trans-
fer [16, 53].

Vision-Language-Action Model. VLA models adapt
large vision—language models (VLMs) to robot control
by discretizing actions and predicting them autoregres-
sively, enabling transfer of web-scale priors to manip-
ulation [7, 29, 33, 56]. While these systems demon-
strate broad generalization, their tokenized action de-
coding can hinder high-rate, dexterous control [72]. In
contrast, we fine-tune a pre-trained VLM backbone ini-
tialized from PaliGemma [5] on teleoperated trajecto-
ries. Our action expert regresses continuous latent ac-
tion chunks: each target is represented by a single latent
vector produced by our hand-specific encoder. During
training, we replace m(’s original state tokens with these
latent tokens and finetune on the next latent chunk, al-
lowing a single hand-agnostic VLA policy to operate

across multiple dexterous hands while preserving the
benefits of VLM pretraining.

3. Method

3.1. Preliminary

Problem Formulation. In this work, we address the
problem of language-guided cross-embodiment dexter-
ous manipulation based on visual perception. For a dex-
terous hand h € H with dj actuated joints we con-
trol absolute joint rotations q'™) € R% . At the policy
level we operate on action chunks: each action q( ) e

R64>xdn is a sequence of 64 joint-position commands
sampled at 20 Hz (3.2 s of motion). At control step ¢,
the policy receives a short history of joint states, the pre-
viously executed action chunk qgh), the current image
observations V, and a language instruction T, and pre-
dicts the next chunk qg +)1 via qgi)l = (qgh), V,T).

The objective is to predict embodiment-consistent
joint-rotation trajectories conditioned on these multi-
modal inputs with a unified multi-task VLA model.
Although the continuous joint spaces q™® are hand-
specific, the sequence model F' itself is hand-agnostic;
the hand identity h is used only to choose the appropri-
ate encoder/decoder that maps between joint space and
the shared latent action space described below. To eval-
uate this setting, we consider a diverse set of dexterous
robotic hands, including the Ability Hand, Inspire Hand,
X-Handl, and Paxini DexHI13, which vary in structure,
actuation, and kinematics.

To tackle this problem, we introduce an embodiment-
invariant latent action space that integrates seamlessly
into a vision-language—action (VLA) framework. This
latent space provides a unified representation across di-
verse dexterous hands, enabling the model to train ef-
fectively on cross-embodiment data and generalize ma-
nipulation skills beyond a single hand morphology. Fur-
thermore, the proposed latent space supports transfer-
ring control policies across different embodiments with-



out requiring hand-specific retraining.

Pipeline. As illustrated in Fig. 2, our proposed frame-
work consists of two main components: (1) a VLA back-
bone that encodes multimodal inputs (V, T), and (2) a
pretrained set of latent encoders and decoders designed
for cross-embodiment transfer. Our VLA design fol-
lows mg [6], which employs vision and language en-
coders together with an action expert. In the original
T, proprioceptive history is provided through a stack
of state tokens. In XL-VLA we instead feed latent ac-
tion tokens: for each hand h, a hand-specific encoder E},
maps the previous absolute joint-position action chunk

h) (64 frames at 20 Hz) into a compact latent vec-
tor z; = Eh(qgh)). The VLA model conditions on a
short history of such latent tokens, together with vision
and language tokens, and predicts the next latent chunk
Z;.1. This latent is decoded by the embodiment-specific
decoder Dj, to obtain the next joint command chunk
a,E’fl = D} (Z¢4+1). During VLA finetuning we keep
all latent encoders and decoders frozen.

This embodiment-invariant latent representation z
acts as a unified action space shared across hetero-
geneous dexterous hands. By learning and decoding
actions within this latent space, the model effectively
bridges differences in morphology and actuation across
embodiments, enabling a single hand-agnostic VLA pol-
icy to operate on diverse robotic hands. The hand iden-
tity h is used only to select the appropriate encoder Ej,
and decoder Dy, and is never provided as an explicit in-
put token to the VLA backbone. We describe the de-
tailed design and training of this latent action space in
the following sections.

3.2. Latent Space

Definition. Rather than defining a separate action space
for each dexterous hand, we introduce a shared latent
action space that provides a unified representation for all
dexhand embodiments. This latent space is pretrained
independently of the VLA model through a set of hand-
specific encoders and decoders that all map to the same
latent distribution. As a result, the latent embedding acts
as an implicit, embodiment-agnostic action space that
can be used by downstream policies to seamlessly con-
trol different dexterous hands.

3.2.1. Modeling

To construct the latent representation, we employ a
multi-headed VAE-style autoencoder. For each hand
type h € H (e.g., X-Hand, Ability, Inspire, Paxini),
we define a hand-specific encoder E}, and decoder Dy,.
Each hand provides a joint configuration () € R,
where q(® denotes the joint position values (g-pos) and
dy, is the dimensionality of that embodiment. The en-
coder outputs the parameters of a Gaussian posterior
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Figure 3. Latent space pretraining pipeline. For each hand
type, joint positions qy, are mapped through an encoder MLP
into a shared latent space and reconstructed by a decoder MLP.
The diagram also indicates the placement of the reconstruction
loss L1, retargeting loss L2 via differentiable forward kinemat-
ics, and latent regularization loss Ls.

(u™ o™y = E;,(q™), from which we sample a la-
tent code z using the reparameterization trick, ¢(z |
q™) = N(u™ diag((e™)?)). The decoder recon-
structs back into the corresponding joint space q(") =
Dh (Z)

In practice, each encoder and decoder is implemented
as a lightweight MLP: the input q-pos vector q") is
projected into a common latent space through the en-
coder MLP, and the decoder MLP reprojects the latent
embedding back into the hand’s original joint configura-
tion. This architecture provides a unified latent manifold
while preserving the structure of each embodiment. To
shape a meaningful cross-embodiment latent space, we
impose three training constraints: (1) a reconstruction
constraint Ly ensuring ¢ matches q), (2) a retar-
geting constraint Lo aligning fingertip geometry across
hands using differentiable forward kinematics, and (3)
a latent constraint L3 regularizing the latent embed-
ding to follow a smooth prior distribution. Together,
these constraints encourage the latent space to capture
embodiment-invariant structure, enabling consistent de-
coding into any dexterous hand.

3.2.2. Objective

Reconstruction Loss (L1). Since each DexHand em-
bodiment has its own joint space, we first require that
the hand-specific encoder-decoder pair behaves as an au-
toencoder on that hand. Given a joint configuration q()
and its reconstruction (](h) for hand h € H, the recon-
struction loss averaged over all hands is

a™),

ree = |H| > msE(g"
heH
which ensures that the latent space preserves hand-
specific kinematics and that no embodiment is degraded
by sharing the latent representation.

Li=L

Retargeting Loss (L2). To make the latent space truly
cross-embodiment, we align fingertip geometry between
different DexHand robots. For each hand h, we use
differentiable forward kinematics (FK) to map joints to
fingertip positions pgll)

ments 55?) = pgh)

, and define fingertip displace-
gh) for fingertip pairs (7, j) € P.



Method Hand PF SC SoC HB RL PS RB PuS PoS PC Mean
Ability 0.10 0.10 0.00 0.70 0.20 0.80 0.60 0.30 0.30 0.60 0.37

0 [6] Inspire 0.10 0.20 0.00 0.30 0.10 0.50 0.30 0.20 0.20 0.80 0.27
Paxini 0.40 0.40 0.30 0.20 0.00 0.80 0.60 0.30 0.10 0.40 0.35
XHand  0.20 0.40 0.00 0.40 0.10 0.60 0.30 0.20 0.30 0.40 0.29
Mean 0.20 0.28 0.08 0.40 0.10 0.68 0.45 0.25 0.23 0.55 0.32
Ability 0.80 0.80 0.40 1.00 0.70 1.00 0.70 0.30 0.90 0.70 0.73

XL-VLA Inspire 0.60 0.50 0.50 0.80 0.40 0.80 1.00 0.40 0.80 1.00 0.68
Paxini 0.80 0.70 0.80 1.00 0.30 1.00 1.00 0.40 0.80 1.00 0.78
XHand  0.60 0.50 0.50 1.00 0.30 1.00 0.90 0.30 1.00 0.90 0.70
Mean  0.70+50% 0.63+35% 0.55+47% 0.95+55% 0.43+33% 0.95+27% 0.90+45% 0.35+10% 0.88+65% 0.90+35% 0.72+40%

Table 2. Vision-Language-Action Modeling. We compare XL-VLA with 7y under cross-embodiment training. Although 7o can
handle different embodiments by adjusting sequence length, our method achieves consistently higher success rates across all hands
and tasks. The first row PF, SC, SoC, etc. denote each task introduced in Task & Dataset, and each task is executed for 10 times,

and we compute the success rate for each task cross hand.

The pair set P contains thumb—finger pairs for the four
aligned digits (thumb-index, thumb-middle, thumb—
ring, thumb-little). We manually align finger indices
across hands so that these digits correspond semanti-
cally; for Paxini DexH13, which lacks a little finger,
we drop any pairs involving that digit when evaluating
L. The retargeting loss penalizes discrepancies in pinch

distances and directions between source hands s and tar-
get hands ¢:

1

Ly= ——————
[H|(IH] = DIP]

s ~(t
S 5wl (1851 - 157 112)*
s#t (i,))€P
s,t
+ (1 - e >)].
) @
~(t) .
where 4;; is computed from the decoded configura-

tion of hand ¢, C,E;’t) denotes the cosine of the angle be-
61(-;) and 51(.;), and wS) =
exp(—AgY ||6£js) |l2) emphasizes tighter pinches. This
loss encourages the same latent code to produce geomet-
rically consistent pinch behaviors across different hands.

tween the pinch directions

Latent Loss (L3). Finally, we regularize the DexHand
latent space to be smooth and well-behaved by imposing
a standard Gaussian prior on the latent variables. For the
approximate posterior ¢(z | q) produced by the hand-
specific encoders, the latent loss is

Ly = Lxi = Eq[KL(q(z | q) [N (0,1))], (3)
which encourages the shared DexHand latent space to

follow a A(0,I) distribution and facilitates sampling
and interpolation across embodiments.

Training Data and Protocol. The latent autoencoder
is trained without any demonstration or IK-generated
trajectories. Instead, for each hand s € H we ran-
domly sample joint configurations within the hardware
joint limits to form synthetic joint-position vectors q(*).

For every such sample we encode q(*) to a latent z, de-
code it through all decoders {D; }+c;, and accumulate
reconstruction and retargeting losses: the self-decoding
D(z) contributes to L;, while cross-hand decodings
Dy(z) for t # s contribute to L. Losses from all hands
are aggregated and a single backward pass is applied,
so all encoders and decoders are optimized jointly. Be-
cause Lo uses only forward kinematics of each hand and
decoded poses, the alignment of the latent space across
embodiments is completely self-supervised and does not
require any paired cross-hand trajectories.

Total Latent Objective. The full latent training loss
combines reconstruction, retargeting, and KL regular-
ization:

Liatent = L1 + Lo + BLJ 4

In all experiments we fix the weights to 3 = 1077,
Adis = 2000.0, Agir = 5.0, and AJ;” = 12.0. These val-
ues yield a latent space that is both geometrically well-
aligned across hands and smooth enough to support sam-
pling and interpolation.

4. Experiments

Tasks & Dataset. We design 10 diverse tasks with dif-
ferent skills and objects to evaluate our VLA models.
For each task, we collect 50 demonstrations each task
per hand via [18], with 2000 demonstrations collected
in total. Task descriptions are listed below:

(a) Prepare Fruits (PF). Put the banana and orange on the
green board for cutting.

(b) Stack Cans (SC). Stack the cheese can on top of the salt.
(¢) Sort Cans (SoC). Put the tomato can and the cheese can
into the container.

(d) Hand over Bottle (HB). Hand over the white bottle from
right hand to left hand.

(e) Re-organize Lemons (RL). Put the yellow lemon and the
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Figure 4. Zero-shot Unseen Tasks Generalization. For each hand, we randomly select some tasks as unseen tasks, whose data are
held out from the training dataset. Then we test the unseen tasks with model trained on other data. Results show that by training
with an aligned latent action space, XL-VLA gets the ability to generalize to novel hand-task combination in a zero-shot manner.
PSR stands for “Partial Success Rate”, where policy is rewarded with half success if only one arm finishes its task.

green lime into the bowl.

(f) Pour Sauce (PS). Pour mustard sauce into the meat can.
(g) Re-arrange Boxes (RB). Keep the table organized by
re-arranging the two boxes.

(h) Push Sugar (PuS). Push the sugar boxes together.

(1) Pour Sugar (PoS). Add sugar to the starfruit.

(j) Push Cans (PC). Push the two tomato cans together.

Hardware. To evaluate our method, we conduct com-
prehensive experiments on our real-world robot plat-
form. We use a bimanual 7-DoF xArm and a Unitree G1
humanoid with various robot hands, shown in table 3.

Ability Inspire X-Handl Paxini DexH13
#Fingers 5 5 5 4
#DoF(mimic) 12(6) 12(6) 12 16(3)
Table 3. Dexterous Hand Comparison.

Experiment Settings. We initialize the XL-VLA with
weights from [6], then train the model on our collected
multi-embodiment dataset. We use 8§ NVIDIA H100
GPUs to train XL-VLA, each having 80GB memory.
The model is trained 60K steps with a batch size of 128.
Note that XL.-VLA is a unified cross-embodiment multi-
task policy. We use language to condition the policy on
multiple tasks.

4.1. Main Results

In this section, we are trying to answer the following
questions that mainly focus on Effectiveness of VLA +
Latent Integration: (1) Does XL-VLA outperform stan-
dard VLA models in cross-embodiment training? (2)
Does XL-VLA enable zero-shot cross-embodiment skill
transfer?

Cross-Hand Data Scaling. Tab.2 presents the cross-
embodiment manipulation results for XL-VLA com-
pared with a strong my baseline trained on the same
multi-hand, multi-task dataset as a single shared pol-
icy across all four hands—Ability, Inspire, Paxini, and
X-Hand—and ten manipulation tasks. Although 7
can nominally accommodate different embodiments by
varying sequence lengths, its performance remains in-

consistent and generally low due to substantial kine-
matic and actuation differences across hands. In con-
trast, XL-VLA achieves strong and consistent improve-
ments for every hand and task, demonstrating the benefit
of learning a shared latent action representation.

Across hands, XL-VLA yields notable per-
embodiment gains. The Ability Hand, which features
relatively simple actuation, benefits from a large boost
in reliability, improving from 0.37 to 0.73 overall.
The Paxini Hand achieves highest performance among
all embodiments (0.78 overall) , indicating strong
compatibility between its actuation structure and the
learned latent mapping. XHand , which is the most
mechanically distinct from the rest, also improves
significantly from 0.29 to 0.70, showing that XL-VLA
can bridge large embodiment gaps.

Averaged over all tasks and hands, XL-VLA in-
creases the mean success rate from 0.55 to 0.90
(+0.35). Particularly large improvements are observed
for dexterity-heavy tasks such as Sort Cans, Hand over
Bottle, and Re-arrange Boxes, underscoring the effec-
tiveness of our embodiment-invariant latent space in
capturing fine-grained manipulation behavior. Over-
all, these results demonstrate that XL-VLA enables ro-
bust cross-embodiment action prediction and consis-
tently surpasses VLA models that lack a unified action
representation.

Cross-Robot Data Scaling. To show the unified la-
tent space benefit even for different robot systems, we
test four manipulation tasks with data from the table-
top xArm and humanoid G1. We co-train the data from
all embodiments on the four tasks with the same train-
ing parameters and show the G1 success rates in fig-
ure 5. We can see that simply using aligned latent ac-
tion space boost the performance of training on the raw
action space, which has varied state/action lengths.

Zero-Shot Task Generalization. A key advantage of
using an embodiment-invariant latent action space is its
ability to support seamless zero-shot generalization to
unseen tasks. Because all dexterous hands share the
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Figure 5. G1 Cross-Robot Performance. Co-training with
latent xArm and humanoid data outperforms using raw actions.

same latent representation, a policy trained on a subset
of tasks with one embodiment can transfer to a differ-
ent task—hand combination without requiring additional
training or retargeting.

To evaluate this capability, we hold out several ma-
nipulation tasks as unseen tasks for each hand and
train XL-VLA on the remaining tasks. At test time,
the trained policy is applied directly to the unseen
task through the corresponding embodiment-specific de-
coder. As shown in Fig. 4, we report both absolute suc-
cess rate (SR) and partial success rate (PSR), where
PSR accounts for intermediate progress (0.25, 0.5, 0.75,
1.0) to provide a more fine-grained measure of policy
performance.

For comparison, we construct a my+RT baseline in
which a policy is trained on all tasks using only the
XHand embodiment. During evaluation, we apply a
standard kinematic retargeting algorithm to map the
predicted XHand joint trajectories to the other embod-
iments (Inspire, Ability, Paxini) by aligning fingertip
positions. This baseline reflects common practice in
cross-embodiment manipulation and allows us to assess
whether our latent action representation provides gen-
uine zero-shot benefits over retargeting-based transfer.

Across all embodiments and tasks, XL-VLA consis-
tently outperforms the retargeting VLA baseline, often
by a substantial margin. Notably, XL-VLA never under-
performs the baseline on any hand or task, highlighting
the robustness of the latent action representation. The
gains are especially pronounced on fine-grained dexter-
ous tasks (e.g., HB, RB), where geometric retargeting
struggles to maintain coordinated finger motion.

4.2. Ablation Results

In this section, we are trying to answer the question
about Effectiveness of the Latent Action Space: (1) How
well does the learned latent space function as a retar-
geting mechanism on its own? (2) What is the impact
of different design choices within the latent space, as
shown through ablation studies?

Latent Replay Comparison. We further compare our

latent action space against LAD [2], a supervised latent-
space retargeting method. To ensure a fair and chal-
lenging evaluation, we perform latent replay by taking
demonstrations from two embodiments and replaying
them on the other two embodiments using each method’s
latent mapping. As shown in Table 4, our approach
achieves a mean success rate of 0.82 and 0.81 on the
two hand pairs (Ability+Inspire and Paxini+XHand),
substantially outperforming LAD, which attains only
0.60 and 0.61. This improvement is consistent across
all tasks, with gains particularly pronounced on fine-
grained manipulation tasks such as SC, SoC, and HB,
where LAD exhibits noticeable degradation. Notably,
our method achieves these results without any supervi-
sion data or paired labels, relying solely on unsupervised
latent alignment. These findings highlight that our latent
space captures embodiment-invariant structure more ef-
fectively than supervised alternatives, enabling signifi-
cantly more reliable cross-hand trajectory replay.
Visual Result. Figure 6 shows latent decoding across
different dexterous hands. We visualize one hand at
full opacity and others with partial transparency, with
the target grasp point marked in blue. Despite differing
kinematics, all hands produce consistent poses from the
same latent code, indicating that the learned latent space
captures embodiment-invariant control.

A g

(a) X-Hand (b) Inspire Hand
Figure 6. Latent Visualizations. Latent decoding results cross
embodiment.

Design Choice Comparison. We conduct a compre-
hensive ablation study to evaluate architectural and loss-
design choices for the latent action space, summarized in
Tab. 5. Our final configuration uses the Hg3%7%4 archi-
tecture with a latent dimension of 32. All metrics follow
a “lower is better” convention, and the worst result com-
pared with our method within each row are highlighted
in green. Across reconstruction, cross-embodiment re-
targeting, latent continuity, and interpolation smooth-
ness, our design choice achieves relatively stronger per-
formance. Notably, performance remains stable across a
wide range of architectures and latent dimensions, with
degradation only occurring when the latent size is sig-
nificantly increased (e.g., L12g), suggesting that exces-
sively large latent spaces hinder embodiment-invariant
structure. These results indicate that our chosen con-



Model Combination PF SC SoC HB RL PS RB PuS PoS PC Mean

LAD [3] Ability+Inspire 0.8 0.4 0.5 0.4 0.6 0.6 0.6 0.5 0.7 0.9 0.60
Paxini+XHand 0.7 0.5 0.6 0.7 0.5 0.8 0.7 0.4 0.6 0.6 0.61

XL-VLA Ability+Inspire 0.9 0.7 0.8 0.7 0.8 0.7 0.8 0.8 1.0 1.0 0.82

Paxini+XHand 0.8 0.7 0.9 0.8

0.6 0.9 0.9 0.6 1.0 0.9 0.81

Table 4. Latent replay comparison. We compare our latent space with Latent Action Diffusion (LAD) [3]. For each hand
combination, teleoperated trajectories collected on one source hand are encoded into the latent space, decoded onto the target hand,
and replayed on real hardware. A replay is counted as successful if the encoded—decoded sequence can be executed without breaking
contact or causing self-collisions. Higher replay success indicates better cross-embodiment consistency of the latent representation.

Reconstruction |

Cross Embodiment |

Latent Continuity | Interpolation |

Exp Joint  Tip PTYir PTYst RTYr  RTYSt  Joint Tip Accel.  Jerk
Ours 5.476  3.703 11.857 1.872 10.492  6.295  4.492 8.534 8.683  9.659
—Ly 61.672 39.400 11.741 1.857 10.398  6.375 24.784 58.858 12.028 16.852
— Lt 5.195  3.580  3.972 4.413 6.788 24.488  4.073 8.168 8.525  9.240
—Lgir 4.966 3.378 46.217 2.251 53.546 5.518 4.451 9.217 8.742 9.551
—Ls (both)  3.781 2.602 62.733 8.080 71.765 62.809 2.823 6.757 8.602  9.426
H2E 5807  3.908 9.073  1.613 10432 6277 3.104 6410  9.213  10.406
Hlﬁég X 2 8.216 4.280  9.027 1.513 10.572 6.713 5.004 8.832 8.559  9.479
Hgfll 4.979 3.411 9.010 1.655 10.702 6.985 2.922 6.298 8.618  9.296
H% 5.021 3.445 9.010 1.518 10.213  6.435 4.174 8.132 8.246  8.740
Lg 20.913 6.499  9.217 1.557 10960 6.805  8.164 11.720 8.758  9.778
L 8.416 4.159 13.624 1.989 11.084  6.558 5.445 9.192 8.436  8.996
Lgy 5.542 3.583 8.314 1.549  10.995 6.955 4.140 8.174 8.299  8.944
Los 5.239 3422  9.332 1.562 10.516  6.554  3.498 7.072 8.700  9.703
Liog 5.324 3.543  8.736 1.529 10.286  6.215  3.282 6.882 8.607  9.294

Table 5. Ablations. Ablation results comparing reconstruction accuracy, cross-embodiment retargeting, latent-space continuity,
and interpolation smoothness. Exp denotes model variants: removing losses (—La, —L$***, —L$"", or both), changing hidden
sizes (H, ab), or changing latent dimension (L4). Metrics include joint and tip RMSE for reconstruction; pinch- and random-motion
direction/distance errors for retargeting; joint/tip latent continuity; and mean acceleration/jerk for interpolation.

figuration offers an effective balance between model ca-
pacity and latent compactness.

And we explicitly write the evaluation metrics we de-
sign for this ablation study below:

Recon Joint/Tip RMSE. Evaluates reconstruction fidelity
of one hand. Synthetic random joint configurations are
encoded and decoded, and we report the root-mean-
square error (RMSE) between input and reconstructed
joint angles (radians). In parallel, the original and recon-
structed configurations are passed through each hand’s
forward-kinematics model to obtain fingertip positions,
and we compute the RMSE of fingertip displacement
(meters). Lower values indicate that the latent represen-
tation preserves hand configurations.

Pinch and Random Tip Dir./Dist. Error Assesses Cross-
hand transfer for pinch and random grasps. Pinch poses
and random poses are encoded on a source hand and de-
coded on each target hand; for each pose, we form a line

from the thumb tip to the opposing fingertip. Directional
error is measured as the angle between predicted and
reference lines (degrees), and distance error is measured
as the absolute difference in thumb—finger distance (me-
ters). Smaller values for both components indicate less
directional drift and more faithful preservation of pinch
aperture across hands.

Latent Continuity (Joint/Tip) Test the local smoothness
of the latent manifold. Encoded hand latents are per-
turbed with isotropic Gaussian noise of standard devia-
tion € = 0.05 and decoded back to joint angles, from
which we compute the norm of the resulting joint-space
deviation (radians). The corresponding finger tip effect
is obtained by forwarding both perturbed and unper-
turbed reconstructions through forward kinematics and
measuring the norm of fingertip displacement (meters).
Small deviations indicate that the latent representation
varies smoothly.



Interp. Accel./Jerk Mean Characterizes the smoothness
of latent-space interpolations. Two poses are encoded,
and their latent codes are linearly interpolated. Decod-
ing these intermediate codes yields fingertip trajectories,
from which finite differences provide velocities and ac-
celerations. Interp. Accel. Mean is the mean accel-
eration norm (meters per normalized interpolation step
squared), while Interp. Jerk Mean is the mean norm of
the jerk (the finite-difference derivative of acceleration,
meters per step cubed). Lower values for both indicate
smoother interpolation paths in the latent space.

5. Conclusion.

In this work, we introduced XL-VLA, a vi-
sion—language—action framework equipped with a uni-
fied latent action space for scalable cross-embodiment
dexterous manipulation. By learning an embodiment-
invariant latent representation, our approach enables
seamless training across diverse robotic hands and
supports zero-shot generalization to new hand—task
combinations. Extensive real-world experiments
demonstrate that XL-VLA consistently outperforms
standard VLA models and retargeting-based baselines,
while offering a flexible and plug-and-play interface for
newly introduced hands. Overall, our results highlight
latent action spaces as a powerful foundation for build-
ing generalizable, data-efficient dexterous manipulation
systems. We believe this work takes a step toward more
unified and adaptable robotic manipulation frameworks
capable of keeping pace with rapid hardware innovation.
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6. Appendix

6.1. Latent Visualizations

In addition to Figure 5, we include visualizations of ad-
ditional hands in Figure 7. This figure illustrates how
the same latent representation is decoded across all four
hands featured in our main paper. Furthermore, Fig-
ure 17 presents a continuous trajectory rendered for all
hands, with the X-Hand highlighted for clarity.

Ve 7

(a) X-Hand (b) Inspire Hand
e
A4 / /
(c¢) Paxini Hand (d) Ability Hand

Figure 7. More Latent Visualizations. Latent decoding re-
sults cross embodiment.

6.2. Hardware Setup

Tabletop Scene Description. For the real-world exper-
iments, we use a bimanual arm with tabletop settings.
The arms are mounted on the edge of the table. The
distance between the arms are 80cm. Each hand is con-
nected to the end effector of the arm with 3D-printed
mounts. Figure 8 shows the real-world tabletop scene
with a pair of XHand, and figure 9 includes all the dex-
terous hands we use in our experiments.

Camera Description. We use a single RealSense L515
camera (round-shaped) mounted in front of the biman-
ual arms as the input view of the policy training. The
camera pose is shown in figure 8 and the camera view
is in figure 10. The raw resolution of RGB recordings
from the camera is 960 x 540.

Humanoid Scene Description. Similar to xArm, we let
Gl stand in front of a table. We use the same camera
setting and mount L515 on the chest of G1 to have an
egocentric view. Consider the mechanic design of GI,
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Figure 8. xArm Camera Setup. We use a single RealSense
L515 camera with the front view. Note that the D435 camera
here is not used for XL-VLA.

Figure 9. Dexterous Hands. We use 4 kinds of hands, with
various shapes, scales, degrees of freedom, and actuated joints.

Figure 10. xArm Camera View. This is what our camera sees
and also the input for XL-VLA and all the baseline methods.



we only use the Inspire hand since it is light. Figure 11
and 12 show the real-world G1 setting.

Figure 11. G1 Scene. We mount an L515 camera near the
neck of G1 to have an egocentric view.

Figure 12. G1 Egocentric Camera View.

Object Description. To demonstrate that XIL.-VLA is
capable of doing various manipulation tasks, we use
diverse objects in our experiments, most of which are
common everyday objects from existing datasets [10,
20]. The objects vary in scale, shape, texture, weight,
etc. All the objects used in listed in figure 13.

6.3. Policy Learning Details

xArm Data Collection. We use Apple Vision Pro as
the data collection tool [18], shown in figure 14. During
data collection, our teleoperator wears the VR headset
and get the tracked hand poses and wrist poses from the
headset. We use these data to do robot hand retargeting
and Inverse Kinematics.

Unitree G1 Data Collection. G1 is standing in front of
a table, and we adapt HOMIE [4] and ACE-F [64] to do
the upper-body teleoperation. We only use the upper-
body system from HOMIE and replace their glove with
the MANUS Mocap glove.
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Figure 13. Objects. We use various everyday objects from
existing datasets. They vary in scale, shape, texture, weight,
etc., thus requiring the manipulation policy to be robust.

|

Figure 14. Apple Vision Por for Data Collection. Apple
Vision Pro is used to track the human teleoperator’s hands and
wrists. Then the tracked data is processed with retargeting and
Inverse Kinematics to control the real-world robots.

Task Visualizations. Using XHand as an example,
we show the real-world task visualizations in figure 16.
Four of the tasks are also tested on G1.

Model Training. Besides the model training details pro-
vided in the main paper, here are some more training
details. RGB images is cropped and then resized from
960 x 540 to 320 x 240 during data post-processing.
When loaded to train XL-VLA, they are resized to 224
x 224. We use natural language description as the task
specification, which is part of the policy condition. The
training usually takes around 10 hours for one multi-task
policy.

Policy Evaluation. For the real-world evaluation, we
do 10 trials for each experiment setting. Among these
trials, object positions are randomly initialized while the



Figure 15. G1 Teleoperation System. We build the G1 upper-
body teleoperation system from HOMIE [4]. We use a pair of
MANUS Mocap glove to track the human hand pose.

initial joint position for the robot arm and hand remains
the same for the same hand.

For unseen tasks only, we record the partial success
rate (PSR). If any of the bimanual robot arm finishes
its task and the whole task is failed, the overall success
rate is 0.5. For other experiments, we do not use PSR.
Only rollout that completes a specified task is count as a
success.

6.4. G1 Experiment Results

Table 6 is the numeric results for figure 5.

Method PF HB PS PoS Mean

o [6] 04 06 05 06 0.525
XL-VLA 0.7 09 09 0.8 0.825:57%

Table 6. G1 Policy Performances.
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Figure 16. Task Visualizations. We design 10 various tasks
to test all the models. The tasks require varied manipulation
skills and have different difficulties.



Figure 17. Latent Visualization of a Grasping Trajectory. A trajectory is shown here with all the robot hands.
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