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Figure 1. We introduce UniDex, a robot foundation suite for heterogeneous dexterous hand embodiments. We first curate UniDex-Dataset
from egocentric human videos to obtain a diverse, robot-centric dataset for large-scale pretraining. Building on this, we train UniDex-
VLA, a unified 3D VLA model that is finetuned with task demonstrations and evaluated on challenging real-world tool-use tasks. The
policy exhibits strong dexterous capabilities, zero-shot object and cross-hand generalization and significantly outperforming existing VLA
baselines. In addition, we design a practical setup, UniDex-Cap to support human–robot data co-training, further reducing the data cost.

Abstract

Dexterous manipulation remains challenging due to the
cost of collecting real-robot teleoperation data, the het-
erogeneity of hand embodiments, and the high dimension-
ality of control. We present UniDex, a robot founda-
tion suite that couples a large-scale robot-centric dataset
with a unified vision–language–action (VLA) policy and a
practical human-data capture setup for universal dexter-
ous hand control. First, we construct UniDex-Dataset,
a robot-centric dataset over 50K trajectories across eight
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dexterous hands (6–24 DoFs), derived from egocentric hu-
man video datasets. To transform human data into robot-
executable trajectories, we employ a human-in-the-loop re-
targeting procedure to align fingertip trajectories while pre-
serving plausible hand–object contacts, and we operate on
explicit 3D pointclouds with human hands masked to nar-
row kinematic and visual gaps. Second, we introduce the
Function–Actuator–Aligned Space (FAAS), a unified action
space that maps functionally similar actuators to shared co-
ordinates, enabling cross-hand transfer. Leveraging FAAS
as the action parameterization, we train UniDex-VLA, a 3D
VLA policy pretrained on UniDex-Dataset and finetuned
with task demonstrations. In addition, we build UniDex-
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Cap, a simple portable capture setup that records synchro-
nized RGB-D streams and human hand poses and con-
verts them into robot-executable trajectories to enable hu-
man–robot data co-training that reduces reliance on costly
robot demonstrations. On challenging tool-use tasks across
two different hands, UniDex-VLA achieves 81% average
task progress and outperforms prior VLA baselines by a
large margin, while exhibiting strong spatial, object, and
zero-shot cross-hand generalization. Together, UniDex-
Dataset, UniDex-VLA, and UniDex-Cap provide a scalable
foundation suite for universal dexterous manipulation.

1. Introduction

In recent years, learning from demonstrations [6, 7, 13, 27,
58, 67, 74] has become the de facto paradigm for visuomo-
tor control, enabling robots to acquire complex skills and
motion patterns. However, achieving general, human-level
manipulation under supervised learning remains challeng-
ing. Collecting real-robot demonstrations is labor-intensive
and scales poorly, creating a persistent data bottleneck.
Moreover, most robot foundation policies focus on parallel-
jaw grippers, while foundation models for dexterous hands
remain scarce—even though everyday tool-use often re-
quires dexterous hands and many tasks (e.g., using scissors
or spray bottles) are infeasible with grippers.

Simply porting gripper-based VLA designs to dexter-
ous hands is insuf�cient. Building foundation models for
dexterous hands is substantially more challenging than for
grippers. The key dif�culties are: (i) dexterous hand data
are harder to collect than gripper data, and large, broadly
usable pretraining datasets remain limited; (ii) dexterous
hands vary widely in DoFs, morphology, kinematics, and
appearance, leading to poor transfer of data and policies
across hands; and (iii) dexterous hand control is inherently
high-dimensional, demanding expressive action spaces and
effective learning algorithms.

To address pretraining data scarcity, we leverage the fact
that dexterous robot hands are designed to mimic human
hands and often share similar action patterns, while humans
naturally generate abundant manipulation data in daily life.
Egocentric human videos are cheaper, more diverse than
robot teleoperation data and easier to scale. We therefore
transform human videos into robot-executable trajectories
to build a robot-centric dataset from human activity. How-
ever, there are substantial kinematic and visual gaps be-
tween human and robot hands. To close these gaps, we
(i) introduce a human-in-the-loop retargeting procedure that
combines �ngertip-based inverse kinematics with interac-
tive adjustment to align robot �ngertip trajectories with hu-
man trajectories, ensuring physically plausible hand–object
contacts; and (ii) mask the human hand in the visual stream
and attach the retargeted robot hand into scene pointclouds

to reduce visual mismatch.
Following this human-to-robot transformation pipeline,

we construct UniDex-Dataset by building on open-source
egocentric RGB-D manipulation videos [4, 28, 35, 36].
UniDex-Dataset is a uni�ed foundation dataset comprising
9M paired image–pointcloud–action frames and over 50K
trajectories across eight dexterous hand platforms, cover-
ing active DoFs from 6 to 24. To our knowledge, UniDex-
Dataset is the �rst dataset to span such a broad spectrum of
dexterous hand morphologies at this scale. We also provide
protocols that allow researchers to contribute new hands
or human datasets with minimal effort, continually scal-
ing UniDex-Dataset and accelerating progress on dexterous
manipulation.

To tackle heterogeneous embodiments and high-
dimensional control, we further de�ne a uni�ed action
space, the Function–Actuator–Aligned Space (FAAS),
which maps functionally similar actuators to shared co-
ordinates. FAAS provides a function-centric control in-
terface and enables skill transfer across different hands.
Building on FAAS, we train UniDex-VLA, a 3D vi-
sion–language–action policy pretrained on UniDex-Dataset
and �netuned with task demonstrations, serving as a foun-
dation model that supports diverse dexterous hands.

In addition, we design a portable human-data capture
setup, UniDex-Cap, which records synchronized RGB-
D streams and human hand poses and converts them
into robot-centric trajectories via the same transformation
pipeline. UniDex-Cap enables ef�cient co-training on
transformed human data together with smaller amounts of
robot data, reducing teleoperation cost while preserving
performance.

We evaluate UniDex-VLA on �ve challenging real-
world tool-use tasks across two different hands. Across
these tasks, UniDex-VLA achieves strong performance,
outperforming other VLA baselines by a large margin (e.g.,
81% average task progress vs. �0 [7] at 38%), and demon-
strates strong spatial, object, and cross-hand generalization;
with FAAS and pretraining, it transfers skills to unseen
hands in a zero-shot manner. Leveraging UniDex-Cap, we
also provide a quantitative study showing how transformed
human data can reduce post-training costs via human–robot
co-training.

Our contributions are summarized as follows:
• UniDex-Dataset: a uni�ed, diverse dexterous hand

dataset (9M paired frames, over 50K trajectories, 8 hands,
6–24 DoFs) that supports large-scale pretraining toward
universal dexterous hand foundation models.

• FAAS & UniDex-VLA: a function–actuator–aligned
uni�ed action space and a pretrained 3D vi-
sion–language–action model that achieves state-of-
the-art performance on real-robot benchmarks, with
strong spatial, object, and cross-hand generalization.



• Human–Robot Data Co-training with UniDex-Cap: a
simple portable capture setup and pipeline that support
human–robot data co-training; we quantitatively study
how transformed human data can partially substitute real-
robot demonstrations during post-training, showing that
egocentric human videos both scale pretraining and re-
duce real-robot data needs.

2. Related Work

2.1. Dexterous Manipulation

Early research on dexterous manipulation was grounded in
analytic and classical control formulations [2, 3, 26, 40, 43],
and has since progressed toward learning-based methods
that enable in-hand reorientation, rotation, and grasping [1,
10, 17, 19, 22, 24, 31, 45, 50, 54, 62, 65, 70, 75, 76]. De-
spite these advances, most approaches are tailored to spe-
ci�c tasks (grasping) or hardware and struggle to general-
ize to everyday tool-use. In contrast, we present UniDex-
VLA, a foundation model aimed at general-purpose dexter-
ous hand control.

2.2. Robot Foundation Policies and Uni�ed Action
Space

Diffusion-based policies and their variants constitute strong
imitation-learning baselines [13, 51, 57, 58, 67]. With the
rise of LLMs and VLMs, vision–language–action (VLA)
models [6–8, 23, 27, 33, 39, 71–73] further scale imita-
tion learning, but most existing approaches are pretrained
on large-scale gripper-centric datasets. Recent efforts to-
ward dexterous VLAs [22, 75] leverage simulation or lim-
ited real-world data, typically focusing on grasping and re-
lying on hand-speci�c representations. In contrast, UniDex-
VLA is pretrained on UniDex-Dataset to serve as a uni�ed
foundation policy for more general dexterous manipulation.

Designing a uni�ed action space for robot founda-
tion policies to handle embodiment heterogeneity is cru-
cial for cross-embodiment generalization. RDT-1B [33]
preserves the semantic structure of control signals, while
� 0 [7] adopts a left-aligned action representation, and other
methods introduce latent action spaces [8, 71]. However,
these approaches primarily target gripper-centric actions.
EgoVLA [60] attempts to leverage human parameters as
a dexterous representation, but requires inverse kinematics
in the post-training stage, which introduces additional er-
rors, particularly for high-DoF dexterous hands. In contrast,
FAAS provides a function-centric uni�ed action represen-
tation that is post-processing-free, enabling more reliable
cross-hand skill transfer.

2.3. Learning from Human Videos

Learning from human videos mitigates the data cost bot-
tleneck but introduces visual and kinematic domain gaps.

Prior work uses human hand trajectories for planning or
control [9, 29, 34, 46, 52, 55, 63]; others apply retarget-
ing with sim-to-real pipelines [11, 30, 66] or human-in-
the-loop corrections [53], and some co-train with robot
data [25, 48, 64, 78] to bridge the gap. However, many
such pipelines primarily target grippers or do not scale ro-
bustly. There are also approaches that pretrained on ego-
centric human videos without explicit supervision of hand
motion [41, 42, 61, 68]. More recent methods pretrain foun-
dation models on egocentric videos to predict human hand
motion, followed by specialized post-training to align with
robot actions [38, 60], however these additional alignment
stages can be complex and brittle. Our approach instead
generates robot-centric dexterous hand supervision for pre-
training, removing the need for specialized alignment tricks
during �ne-tuning while maintaining cross-hand control.

3. UniDex-Dataset

3.1. Overview

UniDex-Dataset is derived from four RGB-D egocen-
tric human-manipulation datasets—H2O [28], HOI4D [35],
HOT3D [4], and TACO [36]. We annotate language instruc-
tions if needed, segment videos into trajectory clips aligned
with those instructions, and �lter out invalid segments.

Figure 2. The �gure illustrates the complete human–robot trans-
formation pipeline. Starting from the raw scene pointcloud, we
�rst mask out the human hands. We then perform human-in-the-
loop retargeting through a user-friendly GUI in which the user
only needs to adjust slider bars to modify the dummy base off-
set. 1
 shows the retargeted result without adjustment, whereas
3
 shows the �nal con�guration with improved, more plausible
hand–object contact. Finally, after kinematic retargeting, we at-
tach the retargeted robot dexterous hands to the scene.

The transformation from human data to robot-executable
trajectories is illustrated in Fig. 2 and detailed in the next
subsection. Applying this pipeline, we construct UniDex-
Dataset comprising 9M paired image–pointcloud–action
frames (recorded at 30 fps) and over 50k trajectories across
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