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Abstract—Despite recent progress in general purpose robotics,
robot policies still lag far behind basic human capabilities in
the real world. Humans interact constantly with the physical
world, yet this rich data resource remains largely untapped in
robot learning. We propose EgoZero, a minimal system that
learns robust manipulation policies from human demonstrations
captured with Project Aria smart glasses, and zero robot data.
EgoZero enables: (1) extraction of complete, robot-executable
actions from in-the-wild, egocentric, human demonstrations, (2)
compression of human visual observations into morphology-
agnostic state representations, and (3) closed-loop policy learning
that generalizes morphologically, spatially, and semantically. We
deploy EgoZero policies on a gripper Franka Panda robot and
demonstrate zero-shot transfer with 70% success rate over 7
manipulation tasks and only 20 minutes of data collection per
task. Our results suggest that in-the-wild human data can serve
as a scalable foundation for real-world robot learning — paving
the way toward a future of abundant, diverse, and naturalistic
training data for robots. Code and videos are available at
https://egozero-robot.github.io.

I. INTRODUCTION

Robots face significant challenges in replicating human gen-
erality and dexterity in the physical world. While deep learning
has fueled progress in domains like language [46, 45], vision
[51, 53, 30, 17, 12], speech [22, 61, 50], and complex games
[57, 44], these successes rely on internet-scale datasets that
are tightly aligned with downstream applications. In robotics,
collecting similarly large and diverse datasets that match real-
world deployment conditions remains a fundamental bottle-
neck [19].

We argue that the data bottleneck stems not from a shortage
of physical labor in the real world, but from the unresolved
challenge of effectively capturing and representing human
behavior for robot learning. Humans perform a wide range
of dexterous tasks in natural environments every day, rep-
resenting an untapped, renewable source of rich, real-world
data. Although recent works have attempted to use human
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demonstrations as supervision for robot learning, they have
limitations to scalability such as additional wearables [60],
robot data [35], multi-camera calibration [26], online �ne-
tuning [25], low-precision affordance-based policies [9, 56],
or data processing hacks to cross the human-robot morphol-
ogy gap [60, 35, 38]. Other general vision-based learning
approaches pretrain on large multi-robot datasets [19, 36],
which produce visual representations that are robust across
morphologies present in their training mixes [15, 16, 11, 31],
but have yet to show zero-shot transfer purely from human
data.

In this work, we tackle the ambitious question: can robots
learn zero-shot manipulation skills from only egocentric in-
the-wild human data? To answer this, we introduce EgoZero:
a lightweight framework that enables robots to learn manip-
ulation policies directly from egocentric in-the-wild human
demonstrations, captured using only Project Aria smart glasses
[21]. EgoZero eliminates the need for teleoperation, calibra-
tion, or additional wearables, allowing humans to interact
with the world freely while still providing robot supervision.
Inspired by [26, 39], EgoZero overcomes the morphology
gap by representing states and actions as compact sets of
points. Point-based representations simultaneously unify hu-
man and robot distributions, improve sample ef�ciency and
interpretability of policy learning, and generalize to new visual
scenes and morphologies. However, egocentric in-the-wild
data collection, does not have access to the multi-camera
calibration setup used in [26, 39] to accurately compute point
representations. Therefore, we introduce methods to accurately
derive state and action representations from raw visual and
odometric inputs.

We evaluate EgoZero by training manipulation policies
on human demonstrations recorded by Aria and deploying
them on a Franka Panda robot. Our policies achieve an
average zero-shot success rate of 70% across tasks such as
grasping, opening, and pick-and-place in unseen real-world
environments — without any robot-collected training data. By
rethinking the data representation and policy learning stack
to be morphology-agnostic from the ground up, EgoZero is
a step toward building robots that can learn from the vast
diversity of real-world human experiences. Our contributions
are as follows: leftmargin=2em

� EgoZero policies achieve a 70% zero-shot success rate on
our tasks,trained only on human data recorded with
Project Aria smart glasses. EgoZero, to our knowledge,
represents the �rst approach that successfully transfers in-
the-wild, human data into closed-loop policies with no
robot data.

� EgoZero policies exhibit strong zero-shot generalization
properties with only 100 training demonstrations (20
minutes of data collection), demonstrating the robustness,
transferability, and data ef�ciency of learning from uni-
�ed 3D state-action representations.

� EgoZero achieves high success rate when evaluated on
new camera viewpoints, spatial con�gurations, and object
instances that are often completely out-of-distribution —

validating our proposed method of extracting accurate
3D representations from objects when accurate depth
measurements are not available.

II. RELATED WORKS

Imitation learning. Imitation learning has emerged as a
powerful paradigm in robotics, enabling robots to acquire com-
plex skills by learning directly from real-world demonstrations
[42]. By observing and replicating expert behavior, robots can
bypass the need for hand-engineered solutions to manipulation
tasks, making this approach particularly conducive to do-
mains with high-dimensional state and action spaces [41, 32].
Teleoperation is one of the most widely used methods for
imitation learning from real-world data collection and has been
extensively studied in the robotics literature. In this approach,
a human teleoperator commands a robot to complete a desired
task, recording the robot's states and actions in the process.
The collected data is then used to train a policy that predicts
actions from states via supervised learning [7, 28, 64, 65, 62].

Learning from human motion. Because teleoperation is
dif�cult to scale due to its hardware requirements, learning
manipulation directly from humans has become a growing area
of interest. Prior work has explored mapping human grasps
to robot manipulators using vision-based representations like
the “contact web” [33], and more recently, has introduced
semantic constraints to encode the implicit common sense
required for household tasks [29]. Other methods to capture
human proprioception include “inside-out” motion capture
systems such as VR headsets and dongles, which do not
use external sensing devices [2, 5] and are bulky, tethered,
and susceptible to occlusion. SLAM-based wearable camera
systems [60] and VR wrist trackers such as the SteamVR
wrist trackers [4] are vision-based and do not require external
transmitters for localization, but can drift and become inaccu-
rate. Self-tracking vision methods require extensive calibration
and mapping of each environment a priori [60]. For capturing
local information such as �nger movements, motion capture
gloves such as Rokoko and Manus Metagloves are highly
accurate [43, 6, 1, 3]. These gloves use resistive strain sensing,
capacitative sensing, and electromagnetic �eld sensing to track
precise �nger information in the local hand frame.

Learning from egocentric video. Because of the accessi-
bility of video, several recent works try to learn and extract
hand data from egocentric videos of humans. Datasets such
as [55, 24, 20, 23, 18] represent large-scale efforts to collect
egocentric videos of humans interacting with objects in diverse
real-world scenes. [39, 26] use point-based representations
to unify human video and robot training data, while [38]
modi�es human videos with image editing models to create
robot training data. [35, 49] propose hardware solutions such
as smart glasses and multi-camera data collection platforms to
collect dexterous hand video datasets, while [9, 47, 10, 58, 56]
introduce methods for extracting control-based affordances
for manipulation from vision. Many of the approaches that
estimate hand pose information from one or more camera
inputs are facilitated by hand-pose estimation models such



Fig. 1. EgoZero trains policies in a uni�ed state-action space de�ned as egocentric 3D points. Unlike previous methods which leverage
multi-camera calibration and depth sensors, EgoZero localizes object points via triangulation over the camera trajectory, and computes action
points via Aria MPS hand pose and a hand estimation model. These points supervise a closed-loop Transformer policy, which is rolled out
on unprojected points from an iPhone during inference.

as [48, 63, 8, 14]. These models are trained with imitation
learning to predict hand keypoints [54] from monocular visual
input. Although effective in many simple domains, these
models are brittle to occlusions, temporally inconsistent, and
lack robustness to background distractors.

III. E GOZERO

In this section, we describe EgoZero, a system for collecting
in-the-wild egocentric human data and training morphology-
agnostic robot manipulation policies.

A. Human-Robot Domain Uni�cation

Project Aria smart glasses.The Project Aria smart glasses
come with several sensors, an SDK, and additional Machine
Perception Services (MPS) [21]. We use the �sheye RGB
camera and 2 SLAM cameras for data capture. We obtain
accurate online 6DoF hand poses, camera intrinsics, and cam-
era extrinsics from MPS. We record demonstrations of RGB
images, 6DoF palm poses, and 6DoF camera extrinsics, which
we denote for a timestept as (I t ; H t ; Tt ), respectively. We
linearizeI t as a 1408x1408 RGB image with known camera

projection functionP and H t ; Tt 2 SE(3) are homogeneous
transformation matrices representing the hand pose in camera
frame and the camera frame in world frame, respectively.

Traditionally,S represents the robot's space of visual states
andA represents the robot's native executable actions. Similar
to [26], we de�ne the morphology-agnostic state and action
spaces ~S and ~A, respectively, in egocentric frame. In this
section, we describe how to extract~S� ~A from a demonstration
f (I t ; H t ; Tt )gL

t =1 .

Uni�ed action space. We de�ne ~A as the concatenated
space of 3D end-effector egocentric coordinates and gripper
closures [60]. Aria only providesH t , which contains no
end-effector information except for hand pose [35]. We use
HaMeR [48] to compute the 21-keypoint egocentric hand
model, ht 2 R21� 3. Though HaMeR's end-effector predic-
tions in camera frame are inaccurate, its predictions localized
in hand frame are more reliable. Therefore, we compose
local hand deformation from HaMeR with egocentric hand
information from Aria. First, we construct HaMeR's palm in
camera frame aŝH t 2 SE(3): the translation is the centroid



Fig. 2. Our 7 tasks. Top: open oven door, put bread on plate, sweep board with broom, erase board. Bottom: sort fruit, fold towel, and
insert book in shelf. See Appendix A for full trajectories.

of the ThumbCMC, IndexMCP, and MiddleMCP points; the
rotation is the basis constructed by the Wrist-MiddleMCP and
IndexMCP-MiddleMCP vectors. We then useH t to correct
Ĥ t in egocentric frame through the palm frames. Finally,
we project the corrected hand poseH � 1

t Ĥ t into the �rst
frame [60, 35]. This can be represented as a single chain of
homogeneous transformations

~ht = T � 1
0 Tt H � 1

t Ĥ t ht (1)

To detect grasps, we threshold the Euclidean distance be-
tween the thumb and index coordinates. Our �nal action is
the concatenated vector of thumb and index coordinates and
gripper closure.

Uni�ed state space.We de�ne ~S as the concatenated space
of egocentric object point sets and robot end-effector actions.
Extracting point representations of objects requires either tri-
angulation from multiple cameras or unprojection with depth,
but the Project Aria glasses provide neither1. Furthermore,
monocular metric depth models are inconsistent and inaccurate
even with grounding, which we show in Appendix D. Instead,
we rely on Aria's accurate SLAM extrinsics and CoTracker3
[34] to triangulate 2D points over the demonstration trajectory.
This makes the following assumptions: (1) the object is
stationary pre-grasp, (2) there is enough camera movement,
and (3) the environment is not stochastic. As such, the object
state is static for the entire demonstration.

We �rst label a set of 2D points [39, 26]. For each expert-
labeled point, we use Grounding DINO [40] and DIFT [59]

1Though there are 3 visual cameras (1 RGB, 2 SLAM), they have little
�eld-of-view overlap, making stereo triangulation unreliable https://github.
com/facebookresearch/projectariatools/issues/64.

to map its UV coordinates onto the start frame, and track
these points with CoTracker3 [34] to obtain a trajectory of
(Tt ; ut ) pairs whereut 2 R2 and Tt 2 SE(3) is the camera
pose in world frame. We wish to solve for theq� in the �rst
frame (t = 0 ) that minimizes the pixel reprojection error
in each frame. First, we �nd a set of inlier framesI via
epipolar geometric consistency and RANSAC triangulation.
CoTracker3 oftentimes predicts points that lag behind camera
movement, giving the impression that a point is further in
space than it actually is. To account for this “stickiness,” we
add a soft depth penalty to prefer closer solutions when there
are multiple points in the cone of solutions that minimize
reprojection error. Therefore, we solve

q� = arg min
q

X

i 2I

�
�
�
�ui � P

�
T � 1

0 Ti q
� �
�
�
�
� + � qz (2)

where jj � jj � is the Huber loss,P is the camera projection
function, and � is the depth penalty weight. In practice,
(Tt ; ut ) are accurate, soI contains most of the frames and
optimization converges strongly to a mean inlier reprojection
error of 2-4 pixels per demonstration. Finally, we order and
concatenate all triangulated points to represent the object state,
~s. We provide comprehensive mathematical equations for this
procedure in Appendix B.

B. Learning a Robot Policy on Human Data

Policy learning. We collectN human demonstrations and
process them into a datasetD = f (~s( i ) ; ~a( i ) )gN

i =1 . We train
a closed-loop Transformer policy [39]� � : ~S 7! ~A with
behavior cloning overD. We model the policy's predictions
as the mean of a normal distribution and train it to minimize



Method
Open
oven

Pick
bread

Sweep
broom

Erase
board

Sort
fruit

Fold
towel

Insert
book

From vision [27] 0/15 0/15 0/15 0/15 0/15 0/15 0/15

From affordances [9] 12/15 0/15 0/15 0/15 7/15 10/15 5/15

EgoZero - 3D augmentations 0/15 0/15 0/15 0/15 0/15 0/15 0/15

EgoZero - triangulated depth 0/15 0/15 0/15 0/15 0/15 0/15 0/15

EgoZero 13/15 11/15 9/15 11/15 11/15 10/15 9/15

TABLE I. Success rates for all baselines and ablations. All models were trained on the same 100 demonstrations per task, and evaluated
on zero-shot object poses (unseen from training), cameras (iPhone vs Aria), and environment (robot workspace vs in-the-wild). Because of
limited prior work in our exact zero-shot in-the-wild setting, we cite the closest work for each baseline.

the negative log likelihood function

� = arg min
�

E(~s;~a) �D

�
jj � � (~s) � ~ajj2

2� 2

�
(3)

where � = 0 :1 [27, 39]. We augment the policy with a
history buffer input and temporally aggregated action chunking
[27, 39]. We randomly inject noise into the object points and
apply random 3D transformations to the states and actions
of each training episode [60], which we show is necessary
for in-the-wild transfer in Section IV-C. To do so, we sample
random rotationsR � U (� �= 6; + �= 6) radians and transla-
tions t � U (� 0:5; +0 :5) meters. We remove stationary points
by throwing out consecutive points whose Euclidean distance
is less than 1cm, which is necessary to disambiguate the
association between proprioceptive position and grasp closure.
For longer tasks, we subsample the demonstrations by a factor
of 2. To discard noisy training examples from DIFT failures,
we discard demonstrations whose object points are more than
1 median absolute deviation distance from the closest human
�ngertip point.

Policy inference.In inference, we initialize the robot state
30 centimeters above the middle of its workspace. We use
Grounding DINO and DIFT to crop and map the expert-
labeled UV coordinates onto the start frame. We use an
iPhone to represent the stationary egocentric view since it
allows us to unproject points into 3D with accurate depth.
To map the policy's 3D predictions into robot frame, we
calibrate the iPhone-to-robot transform once at the start of
inference. We binarize the model's gripper predictions at 0 to
produce gripper actions inf� 1; 1g. In our experiments, we
use a Franka Panda gripper robot, whose controller produces
robot-executable actions via the inverse kinematics mapping
~A 7! A .

IV. EXPERIMENTS

In this section, we compare EgoZero with baselines adapted
from related works and ablate some of EgoZero's core com-
ponents. From these comparisons, we demonstrate how our
speci�c design choices make zero-shot in-the-wild transfer
possible. We also explore the generalization properties that
emerge from EgoZero's uni�ed state-action representation
space.

A. Experimental Setup

We evaluate EgoZero on a Franka Panda gripper robot. We
use an iPhone to represent the egocentric point of view and
calibrate this to the robot's frame once per evaluation via
an Aruco tag, which we cover during policy inference. We
collect 100 demonstrations per task, varying the environment
and object positions.We collect zero data in our inference-
time environment. We evaluate our method on the following
manipulation tasks: leftmargin=2em

� Open oven door.The robot arm grasps and pulls down
the handle of an oven door. The position of the oven is
varied for each evaluation.

� Put bread on plate.The robot arm picks up a deformable
slice of bread from the table and puts it on the plate. The
positions of the bread are varied for each evaluation.

� Sweep board with broom.The robot arm picks up a mini
broom from the basket and sweeps a wooden board. The
positions of the broom, basket, and board are varied for
each evaluation.

� Erase board.The robot arm picks up a whiteboard eraser
from the table and erases a whiteboard with it. The
positions of the eraser and board are varied for each
evaluation.

� Sort fruit into bowl.The robot arm is prompted to pick
up one of a lemon, lime, and tangerine, and drop it into
a bowl. The positions of the fruits and bowl are varied
for each evaluation.

� Fold towel. The robot arm lifts one end of the towel
(closest to the camera) and folds it onto the other end
of the towel. The position of the towel is varied for each
evaluation.

� Insert book in shelf.The robot arm picks up a book and
inserts it into a shelf. The positions of the book and shelf
are varied for each evaluation.

B. Baselines

In this section, we demonstrate why our speci�c formulation
of policy learning enables zero-shot transfer from in-the-wild
human behaviors. Because no prior work operates under the
same assumptions as ours — learning a closed-loop policy
in-the-wild, untethered, without robot data, from only smart
glasses — we adapt some ideas inspired by past works to our
setting.



Fig. 3. Distribution of bread keypoints for “Put bread in plate” task. The columns are projections of the 3D space onto each 2D plane. The
policy generalizes to object poses far outside of its training volume and begins to fail when the objects are near the limits of its augmented
volume.

Learning from images. We implement a variation of
Baku [27] that predicts actions in our uni�ed action space
from image inputs. Due to the large differences in visual
distributions between humans and robots, it is dif�cult to learn
a closed-loop policy from human video with zero-shot robot
transfer. [35] only shows experiments using human video from
Aria glasses as supplementary to robot data, requiring careful
renormalization of the human data distribution. Furthermore,
Aria's �sheye lens exacerbates this problem by warping the
2D-3D correspondence non-uniformly across space and time.
Learning 3D distributions from 2D context clues becomes
more reliable with abundant visual data produced by similar
robot and camera distributions [37, 11, 31].

Learning from affordances. [9, 56] explores learning from
egocentric human video data without robot data in affordance-
based settings. Typically, this is done by relying on an open-
loop trajectory generated by a pretrained grasp model. We
ablate our closed-loop formulation by predicting propriocep-
tive landmarks similar to [9] — speci�cally, the initial and
�nal grasp, executing a linear trajectory between them during
inference. Although policy learning from affordances is simple
with 3D representations, it fails on tasks that require complex

nonlinear motions, such as our “put bread in plate” and “erase
board ” tasks. When deployed on the robot, these policies
exhibit incorrect behavior: the robot attempts to drag the
bread onto the plate and pushes the board with the eraser. In
other partially successful tasks, the policy fails by generating
trajectories that are too simple, often bumping other objects
during execution. These failures demonstrate that closed-loop
policies are necessary to learn complex motions with greater
precision, even when the object state is not tracked.

C. Ablations

In this section, we explore the critical design components
that make zero-shot transfer from in-the-wild human data
possible. Through our ablative experiments, we argue that the
fully egocentric framework necessitates some aspects of policy
learning that were not important in more constrained settings.

3D augmentations.Although 3D augmentations have been
explored before [60], we show that they are indeed necessary
for zero-shot in-the-wild transfer. In the uni�ed 3D state-
action space, the policy learns a dense 3D-to-3D mapping [26].
Without 3D augmentations, the policy learns a smaller and
sparser 3D-to-3D mapping volume. As a result, the policy does
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