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Fig. 1: DexWild enables dexterous policies to generalize to new objects, scenes, and embodiments. This is achieved by leveraging large-scale,
real-world human embodiment data collected in many scenes and co-trained with a smaller robot embodiment dataset for grounding.

Abstract—Large-scale, diverse robot datasets have emerged as
a promising path toward enabling dexterous manipulation policies
to generalize to novel environments, but acquiring such datasets
presents many challenges. While teleoperation provides high-
fidelity datasets, its high cost limits its scalability. Instead, what if
people could use their own hands, just as they do in everyday life,
to collect data? In DexWild, a diverse team of data collectors uses
their hands to collect hours of interactions across a multitude
of environments and objects. To record this data, we create
DexWild-System, a low-cost, mobile, and easy-to-use device. The
DexWild learning framework co-trains on both human and robot
demonstrations, leading to improved performance compared to
training on each dataset individually. This combination results in
robust robot policies capable of generalizing to novel environments,
tasks, and embodiments with minimal additional robot-specific
data. Experimental results demonstrate that DexWild significantly
improves performance, achieving a 68.5% success rate in unseen
environments—nearly four times higher than policies trained
with robot data only—and offering 5.8 x better cross-embodiment
generalization. Video results, codebases, and instructions at https:
/{dexwild.github.io

1. INTRODUCTION

Roboticists have long dreamed of creating robots that can
perform tasks with the same dexterity and adaptability as
humans. We would like robots to deftly generalize to many
different objects, environments, and embodiments-yet this
vision of truly versatile robot behaviors remains a formidable

challenge. While there have been many breakthroughs in large
language models (LLMs) [53, 51, 3] and vision language
models (VLMs) [24, 48], the key to their success lies in
harnessing vast datasets. In contrast, robotics faces a critical
hurdle: large-scale, diverse robot datasets needed to train
foundation models do not yet exist.

In recent years, a key approach to collecting robot datasets
has been through teleoperation, which provides high-precision,
high-quality action data that a policy can directly train on.
[8, 21, 54]. However, acquiring this data requires highly-
trained human operators working with specialized robot setups.
Gathering data in diverse environments presents additional
challenges such as physically relocating the robot to each new
location. This data collection process is both labor-intensive
and expensive, making it difficult to scale to the volume of data
needed for dexterous generalization in unseen environments.

Another approach to scaling robot datasets is to leverage
internet-scale video data from platforms like YouTube, which
provide vast and diverse visual grounding in real-world environ-
ments [15, 10]. However, utilizing this data effectively presents
significant challenges. First, publicly available videos often
lack the fine-grained accuracy needed to capture detailed hand
states because vision-based body detection modules are noisy
and unreliable. Additionally, these videos are not inherently
structured with categorized episodes for task-specific learn-



ing, further complicating their direct application in robotics.
[18, 1, 40]. While some data collection efforts exist with more
accurate and structured data, [60, 2], they don’t have enough
environment diversity. We seek to collect data with tracking
accuracy and environment diversity to enable generalizable
dexterous behavior.

To overcome these barriers, some have explored collecting
accurate in-the-wild human demonstrations by equipping
users with a wearable gripper that directly maps their hand
movements to robot actions [7]. However, this approach is
cumbersome, ill-suited for natural, everyday interactions, and
constrains the collected data to a specific embodiment. Other
works [55] propose using dexterous hands and gloves, but they
do not scale to in-the-wild environments.

In this paper, we present DexWild, a system that enables
effective learning of robust dexterous manipulation policies
through co-training on human and robot demonstrations. Our
key contributions include:

1) Scalable Data Collection System: A novel human-
embodiment DexWild-System that enables untrained op-
erators to quickly collect 9,290 demonstrations across
93 diverse environments, achieving 4.6x speedup over
conventional robot-based methods

2) Efficient Co-training Framework: An approach that
optimally combines human and robot demonstrations,
significantly improving policy generalization to achieve
68.5% success rate in novel environments, nearly four
times higher than robot-only policies.

3) Strong Cross Embodiment and Cross Task Perfor-
mance: Our data collection system combined with our
co-training framework achieves of 5.8 improvement in
cross-embodiment transfer over baselines and effective
skill transfer across tasks.

II. RELATED WORKS

A. Generalization for Imitation Learning

Learning generalizable policies for robot manipulation has
seen rapid progress, driven largely by advances in visual
representation learning and imitation learning from large-scale
datasets. On the visual side, embodied representation learning
has benefited from egocentric datasets such as Ego4D [15] and
EPIC-KITCHENS [10], with recent methods [27, 11, 47, 39]
leveraging these datasets to train scalable visual encoders.
However, these approaches still require substantial downstream
robot demonstrations to train control policies.

In parallel, robot-only demonstration datasets have grown
significantly in scale and diversity [21, 8, 54], fueling research
in behavior cloning and enabling generalist policy architec-
tures [49, 8, 22]. While these policies show impressive per-
formance across many tasks, they often struggle to generalize
to unseen object categories, scene layouts, or environmental
conditions [25]. This lack of robustness remains a key limitation
of current systems.

B. Data Generation for Robot Manipulation

Overcoming the robot data bottleneck has become a central
challenge in robot learning.

One approach leverages internet videos to extract action
information. Several works, such as VideoDex [40] and HOP
[42], utilize large scale human videos to learn an action prior
through retargeting, which they use to bootstrap policy training.
Others, such as LAPA [57], use unlabelled videos to generate
latent action representations that can be used for downstream
tasks. While these video-based schemes enjoy vast visual
diversity, they typically fall short at capturing the precise, low-
level motor commands needed for real-world manipulation.

Simulation enables rapid generation of action data at scale.
However, creating diverse, realistic environments for many
tasks and addressing the sim-to-real gap is challenging. Recent
successes in transferring manipulation policies from simulation
[43] have been confined to tabletop settings and lack the
generalization needed for deployment in diverse environments.

Direct teleoperation on physical robots yields the highest
fidelity, but scales poorly. Recent works have shown impressive
dexterity and efficient learning in fixed scenarios [59, 56, 41,

], yet collecting enough demonstrations to generalize across
diverse scenes quickly becomes prohibitively expensive.

Recently, there has been a growing body of work that utilizes
purpose-collected high quality human embodiment data without
the tedious teleoperation. We discuss these approaches in the
next section.

C. Human Action Tracking Systems

In order to acquire high-quality data from human motions,
accurate hand and wrist tracking is of paramount importance. To
bypass the complexities of hand pose estimation, several works
equip users with handheld robot grippers [7, 12, 46]. While
this approach simplifies retargeting, it constrains users to the
specific morphology of the robot gripper, limiting the diversity
of captured behavior. Moreover, many of these systems rely on
SLAM-based wrist tracking, which can fail in feature-sparse
environments or when occlusions occur [7, 23]—such as during
drawer opening or tool use.

Other approaches aim to estimate both hand and wrist poses
directly from visual input [29, 35, 5, 45, 28, 20, 32]. These
methods are easy to deploy and require no instrumentation, but
their performance degrades significantly under occlusion—an
unavoidable situation in manipulation. Alternative strategies
for wrist tracking, such as IMU-based [9, 50] and outside-
in optical systems [30], come with their own limitations:
IMUs are lightweight and portable but prone to drift, while
optical systems are accurate yet require laborious calibration
and controlled environments.DexWild leverages calibration-
free Aruco tracking—significantly improving reliability and
minimizing setup time as it requires a single monocular camera.

While vision-based methods often attempt to track both the
wrist and fingers simultaneously, many recent systems decouple
the two to improve accuracy. Kinematic exoskeleton gloves
can provide high-fidelity joint measurements and even haptic
feedback [58], but are bulky and uncomfortable for long-term
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Fig. 2: Left: DexWild efficiently capture high-fidelity data using an individual’s own hands across various environments. Right: Robot hands
are equipped with cameras aligned with the human cameras. We test DexWild on two distinct robot hands and robot arms.

use. Instead, DexWild, along with prior works [41, 55], adopts
a lightweight glove-based solution that uses electromagnetic
field (EMF) sensing to estimate fingertip positions. This allows
for accurate, real-time hand tracking that is robust to occlusions
and readily retargetable to a wide range of robot hands.

III. DEXWILD

Many believe that leveraging large, high-quality datasets is
the key for creating dexterous robot policies that generalize
[8, 49, 40, 11]. We introduce DexWild-System, a user-friendly,
high-fidelity platform for efficiently gathering natural human
hand demonstrations across diverse real-world settings. Com-
pared to traditional teleoperation-based approaches, DexWild-
System enables 4.6 faster data acquisition at scale.

Building on this system, we propose DexWild, an imitation
learning framework that co-trains on large-scale DexWild-
System human demonstrations alongside a small number of
robot demonstrations. This approach combines the diversity
and richness of human interactions with the grounding of the
robot embodiment, enabling policies to robustly generalize
across new objects, environments, and embodiments. Figure
displays our high level approach.

A. Data Collection System

A scalable data collection system for dexterous robot learning
must enable natural, efficient, and high-fidelity collection across
diverse environments. To this end, we design DexWild-System:
a portable, user-friendly system that captures human dexterous
behavior with minimal setup and training. While previous
in-the-wild data collection approaches have typically relied
on sensorized grippers, we aimed to create a more intuitive
hardware interface that mirrors how humans naturally interact
with the world. From delicate fine-motor actions to powerful
grasps, humans possess dexterity across a wide range of
manipulation tasks. By learning from this intrinsic capability,
DexWild-System captures rich, diverse data applicable to a
broad range of robot embodiments.

DexWild-System is designed around three core objectives:

« Portability: Allow rapid, large-scale data collection
across diverse environments without requiring complex
calibration procedures.

« High Fidelity: Accurately capture fine-grained hand and
environment interactions essential for training precise
dexterous policies.

« Embodiment-Agnostic: Enable seamless retargeting from
human demonstrations to a wide variety of robot hands.

Portability:

To collect data in diverse real-world settings, a system must
be portable, robust, and usable by anyone. We design DexWild-
System with these goals in mind: it is lightweight, easy to carry,
and can be set up in just a few minutes—enabling scalable
data collection across many locations.

As shown in Figure 2, DexWild-System consists of only three
components: a single tracking camera for wrist pose estimation,
a battery-powered mini-PC for onboard data capture, and a
custom sensor pod comprising a motion-capture glove and
synchronized palm-mounted cameras.

Unlike traditional motion capture systems [60, 13, 4, 52] that
often rely on complex outside-in tracking setups that require
calibration, DexWild-System is truly calibration free, making it
versatile for any scenario and foolproof for untrained operators.

This is achieved by adopting a relative state-action rep-
resentation, where each state and action is captured as the
relative difference from the previous time step’s pose. This
eliminates any need for a global coordinate frame, allowing
the tracking camera to be freely placed—either egocentrically
or exocentrically. Additionally, the palm cameras are rigidly
mounted in fixed positions across both human and robot
embodiments. This ensures visual observations are aligned
across domains, eliminating the need for further calibration at
deployment. The external tracking camera, when carefully
positioned, can also capture supplementary environmental
context useful for learning robust policies.



High Fidelity:

To learn dexterous behaviors, fine-grained, nuanced motions
must be captured in the training dataset. Although DexWild-
System consists of only a few portable components, we make
no compromises on data fidelity. Our system is designed to
accurately capture both hand and wrist actions, paired with
high-quality visual observations.

For wrist and hand tracking, vision-only methods are easy
to setup. However, what they gain in portability, they often
lose in accuracy and robustness—yielding noisy pose estimates
that degrade policy learning [41, 14, 32, 7].

For hand pose estimation, we use motion capture gloves,
which offer high accuracy, low latency, and robustness against
occlusions [41]. For wrist tracking, we mount ArUco markers
on the glove and track them using an external camera. This
avoids the fragility of SLAM-based wrist tracking, which often
fails in feature-sparse environments or during occlusion-heavy
tasks (e.g., drawer opening).

Unlike many datasets that rely on egocentric or distant
external cameras, we place two global-shutter cameras directly
on the palm. As illustrated in Figure 2, these stereo cameras
capture detailed, localized interaction views with minimal
motion blur and a wide field of view. This wide field of
view enables policies to operate using only the onboard palm
cameras, without any reliance on static viewpoints.

Embodiment-Agnostic:

To ensure the longevity and versatility of DexWild data,
we aim for it to remain useful across different robot embod-
iments—even as hardware platforms evolve. Achieving this
goal requires careful alignment of both the observation space
and the action space between humans and robots.

We begin by standardizing the observation space. Although
our palm-mounted cameras have a wide field of view, we
intentionally position them to focus primarily on the environ-
ment, minimizing the visibility of the hand itself. Importantly,
the camera placement is mirrored between the human and
robot hands. As shown in Figure 3, this design yields visually
consistent observations across embodiments, allowing the
policy to learn a shared visual representation that generalizes
across both human and robot domains.

For action space alignment, we build on insights from prior
work [17, 44], optimizing robot hand kinematics to match the
fingertip positions observed in human demonstrations. We note
that this method is general and can work for any robot hand
embodiment. It operates with fixed hyperparameters across
users and is robust to variations in hand size—eliminating the
need for user-specific tuning.

Collecting data using natural human hands offers benefits
beyond ease of use. The diversity in hand morphology across
human demonstrators introduces useful variation, which we
hypothesize helps policies learn more generalizable grasping
strategies—particularly important given the inherent mismatch
between human and robot hand kinematics.

In summary, DexWild is a portable, high quality, human-
centric system that can be worn by any operator to collect
human data in real-world environments. Next, we explain how

Fig. 3: DexWild aligns the visual observations between humans and
robots to bridge the embodiment gap. This incentivizes the model to
learn a task-centric rather than embodiment-centric representation.

we use the data collected by DexWild to enable dexterous
policies to generalize to in-the-wild scenarios.

B. Training Data Modalities and Preprocessing

Generalization in dexterous manipulation demands both
scale and embodiment grounding. With this goal, DexWild
collects two complementary datasets: a large-scale human
demonstration dataset Dy using DexWild-System, and a
smaller teleoperated robot dataset DD r. Human data offers broad
task diversity and ease of collection in real-world settings, but
lacks embodiment alignment. Robot data, while limited in scale,
provides crucial grounding in the robot’s action and observation
spaces. To harness the strengths of both, we co-train policies
using a fixed ratio of human and robot data within a batch,
(wp,, w, )—balancing diversity with embodiment grounding to
enable robust generalization during deployment.

At each training iteration, we sample a batch consisting of
transitions zj, and x,. from Dy and D g, respectively, according
to the co-training weights. Each transition x; at timestep 7
contains:

e Observation o;: An observation at a given timestep
consists of two synchronized palm camera images
Lpinky and Iipymmp captured at the current timestep,
as well as a sequence of historical states, sampled
at a step size up a given horizon H, comprising of
{Ap;; Ap;—sieps -, Ap;—pr }. Each Ap consists of relative
historical end-effector positions.

e Action a;.; 1, 1: An action chunk of size n that includes
actions {a;,a;11,...,@i+n_1}, where a; is the action at
the current timestep. Specifically, a; is a 26-dimensional
vector consisting of:

— Ggrm: A 9-dimensional vector describing relative end-
effector position (3D) and orientation (6D).

— Gpand: A 17-dimensional vector describing the finger
joint position targets of the robot hand.




































