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Fig. 1: Overview. EgoVerse is a collaborative framework for scalable human data—driven robot learning. Capture: Egocentric
demonstrations are collected worldwide using academic, industry, and community-accessible hardware systems, continuously
aggregated by a centrally-hosted data management system. Dataset: All data are unified into a shared dataset with egocentric
video, 3D hand poses, camera motion, and task descriptions across diverse tasks and scenes. Evaluation: This work presents
a large-scale evaluation study on human-to-robot transfer with shared protocols across multiple labs and robot embodiments.

Abstract—Robot learning increasingly depends on large and
diverse data, yet robot data collection remains expensive and
difficult to scale. Egocentric human data offer a promising
alternative by capturing rich manipulation behavior across
everyday environments. However, existing human datasets are
often limited in scope, difficult to extend, and fragmented across
institutions. We introduce EgoVerse, a collaborative platform for
human data—-driven robot learning that unifies data collection,
processing, and access under a shared framework, enabling
contributions from individual researchers, academic labs, and
industry partners. The current release includes 1,362 hours (80k
episodes) of human demonstrations spanning 1,965 tasks, 240
scenes, and 2,087 unique demonstrators, with standardized for-

mats, manipulation-relevant annotations, and tooling for down-
stream learning. Beyond the dataset, we conduct a large-scale
study of human-to-robot transfer with experiments replicated
across multiple labs, tasks, and robot embodiments under shared
protocols. We find that policy performance generally improves
with increased human data, but that effective scaling depends on
alignment between human data and robot learning objectives.
Together, the dataset, platform, and study establish a foundation
for reproducible progress in human data—driven robot learning.

I. INTRODUCTION

Recent progress in robot learning has shown that scaling
data is a powerful driver of generalization [6 28, [33] 43].



Large-scale imitation learning has enabled policies to handle
broader task distributions, more visual variation, and longer
horizons, echoing trends seen in large vision and language
models. However, unlike those domains, robot learning faces
a fundamental bottleneck — collecting robot demonstrations re-
quires physical hardware, expert teleoperation, and controlled
setups. As a result, expanding robot datasets in scale and
diversity remains slow, expensive, and difficult to sustain.

In contrast, egocentric human data offers a promising al-
ternative. Humans naturally perform manipulation and loco-
manipulation tasks across diverse environments on a daily
basis, generating rich behavioral data at a scale that is infea-
sible for robots alone. Importantly, human data also provides
a unifying abstraction for the community. Instead of coordi-
nating around a specific robot embodiment, researchers can
focus on curating diverse, real-world experience data while
deferring embodiment decisions downstream. This property
has driven growing academic and commercial interest in
leveraging egocentric human demonstrations, supported by
recent advances in wearable sensors [15} 26, 60] and large-
scale data capture systems [[12l [16].

Despite the promise of leveraging human data, two major
challenges remain. First, effective human-robot transfer re-
mains an open research problem, with unresolved questions
around the embodiment gap and scaling behavior. Second,
most existing human datasets are one-off, static releases col-
lected for a specific study, making further scaling difficult[26}
31, 45)]. Addressing these limitations requires more than
collecting a larger dataset: it calls for a continuously growing
human data ecosystem that can evolve with new contributors
and provide durable insights into human-to-robot transfer.

This paper introduces EgoVerse, a large-scale collaborative
framework to create an ever-growing dataset of egocentric
human demonstrations specifically designed for robot learning,
paired with a systematic study of the key factors that enable
effective cross-embodiment transfer from diverse human data
sources. Our contributions are threefold:

The EgoVerse Dataset. We present a large dataset of ego-
centric human demonstrations contributed by a consortium of
academic groups and industry partners worldwide. The dataset
is intentionally composed of two complementary parts with
distinct purposes. The first, named EgoVerse-A, consists
of data collected under carefully controlled and standardized
protocols, mirrored across participating academic labs. This
component is designed to enable reproducible studies and
systematic analysis. The second, named EgoVerse-1, fo-
cuses on scale, diversity, and richness of annotation, and is
sourced from industry partners collecting data in the wild.
This industry-driven stream enables EgoVerse to grow beyond
the limits of academic institutions and to align research
with real-world deployment and industrial interests. Overall,
EgoVerse contains 1,362 hours of human demonstrations
across 240 scenes, and 1965 tasks, and 2087 demonstrators.
Across both components, the dataset captures manipulation
tasks with unprecedented diversity across scenes, objects, and
human demonstrators, while maintaining consistency through

shared task semantics, standardized protocols, and high-quality
manipulation-relevant signals, including 3D hand and head
poses, and subtask-level descriptions.

The EgoVerse Ecosystem. EgoVerse is designed to grow
over time with contributions from both academic labs and
industry partners. To unify this evolving collection, we intro-
duce EgoDB, a scalable data management and access system
that supports continuous data ingestion from diverse sources,
including individual contributors, academic labs, and industry
partners. Unlike prior static datasets [3L[17, 27, 39]], EgoDB en-
ables the notion of a living dataset that grows and evolves with
ongoing contributions. The system provides standardized data
processing, unified storage formats, controlled data access,
visualization tools, and interfaces for downstream learning
algorithms. In addition to lab- and partner-operated capture
systems, EgoVerse includes a phone-based human data
collection pipeline that enables lightweight egocentric record-
ing using commodity smartphones. Together, the EgoVerse
ecosystem lowers the barrier for groups and individuals with
limited resources while also enabling contributors to share data
back with the community in a structured and reproducible way.

A Consortium-Scale Study. We conduct the most compre-
hensive study to date on what matters when learning robot ma-
nipulation policies from diverse human embodiment data. Our
study is reproducible by design: experiments are intentionally
replicated across multiple independent labs, tasks, and robot
embodiments using shared protocols and evaluation criteria. In
particular, the results are executed on three distinctive robot
embodiments to ensure the main findings are not system-
specific. This cross-lab, cross-embodiment setup allows us
to identify conclusions that are consistent and robust across
settings, as well as effects that systematically differ due to
embodiment, sensing, or control variations.

Key Findings. Our study yields several consistent findings
across labs, tasks, and robot embodiments. First, co-training
robot policies with human data leads to clear and reproducible
performance improvements. To our knowledge, this is the
first time this effect is validated under a standardized, cross-
lab experimental setup spanning multiple robots. Second,
the benefits of scaling human data depend critically on the
availability of aligned human-robot data, where human and
robot data share task semantics and scene context. We find
that positive scaling emerges only when such aligned data are
included as part of training, suggesting it provides essential
grounding for effective human-to-robot transfer. Finally, we
find that different forms of human data diversity contribute
unevenly to generalization. Increasing demonstrator diversity
improves robustness to unseen human embodiments, while
scene diversity plays a dominant role in generalization to novel
environments, particularly under limited data budgets.

II. RELATED WORK

Datasets of Human Activities. Large-scale human activity
datasets such as Something-Something V2 [20]], Ego4D [21],
HOI4D [40], EgoEx04D [22], and Epic-Kitchens [13] capture
rich human behavior across diverse environments. However,



they are not designed for robot learning. These datasets
often include tasks beyond current robot capabilities, lack
manipulation-relevant annotations such as precise hand poses
or object interactions, and contain unstructured activities that
are difficult to translate into executable robot demonstrations.
In contrast, our approach emphasizes “bounded diversity”,
focusing on tasks that are feasible for typical bimanual mobile
manipulators while preserving natural variation across envi-
ronments, objects, and demonstrators. More recent datasets [4,
26| introduce manipulation-relevant sensing, including camera
calibration and hand pose tracking. While these represent
important progress, they are typically released as static, study-
specific datasets collected over limited time spans and envi-
ronments, making them difficult to extend. Moreover, these
works do not include systematic evaluation of transfer to
robot learning. EgoVerse takes a different approach by treating
human data as a continuously growing research resource, and
by explicitly validating the dataset through a large-scale, re-
producible study designed to ensure robot-learning readiness.
Robot Learning from Human Data. Human data presents
two main opportunities for robot learning: abundant unlabeled
online videos and curated, labeled demonstrations [, 31}, 50,
56l]. Web videos, though plentiful, require pseudo-labeling
of actions via inverse dynamics models [7, 14, |59]], affor-
dances [2} 48]}, or point tracking [} 46, 54] for policy training,
forming a basis for some foundation models [9} |41} 42| 58],
yet often still necessitating in-domain robot data. Alternatively,
labeled human demonstrations can be co-trained with robot
data as distinct embodiments for policy learning [23} [31} [34}
38,145, 163]], post-training [8} [32]], and world modeling [19} [25]].
These works found that this practice enhances robustness and
scene understanding. However, such findings remain confined
to limited scale and single robot embodiment, leaving critical
questions about multiple robot embodiments and varied human
data sources largely unexplored. Our work addresses these
fundamental gaps through a large-scale human dataset and a
carefully-executed consortium-scale study.

Scaling Robot Learning with Massive Data. Recent progress
in foundational policy models highlights the benefits of scal-
ing with large datasets. Public efforts such as Open X-
Embodiment [43], DROID [33], and Rh20t [18]] demonstrate
that training on diverse, multi-embodiment data improves gen-
eralization across tasks and environments. However, achieving
generally capable robots remains fundamentally constrained
by data scalability, as robot teleoperation is expensive and
labor-intensive. Our work instead examines how human ego-
centric data can support robot learning at scale and study it as
a first-class data source alongside robot data.

III. THE EGOVERSE DATASET: A HUMAN DATASET FOR
ROBOT LEARNING FROM AROUND THE WORLD

A. Human Data Collection Setup

Academic partners used Project Aria glasses as the standard
device for EgoVerse-A. Industry partners contributed to
EgoVerse-1 with custom-built rigs for scalability and ease
of deployment. We also introduce a phone-based capture
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Fig. 2: Human Data Capture Setup. (Left) EgoVerse is
captured through a variety of hardware systems, including
Project Aria glasses (academic labs), a phone-based capture
system (accessible by everyone), and custom setups by in-
dustry partners. (Right) Regardless of sources, human data
is processed into a unified format that contains at minimum
egocentric videos, hand keypoints, and camera poses.

system that is accessible by the broader community. The setups
are illustrated in Fig. 2] with more detail in Appendix.
Project Aria glasses for human data collection. Follow-
ing prior work [31, 37, 44, 63], we adopt Project Aria
glasses (Gen 1) as the standardized capture platform for
EgoVerse-A. Project Aria glasses are lightweight (75 g)
head-worn devices with a wide-FoV RGB camera and two
synchronized monochrome scene cameras used for SLAM and
hand tracking (Fig. [2). The side cameras maintain visibility of
hand motion even when out of the forward-looking RGB view.
Industry partner data collection setup. The EgoVerse-1
stream aggregates demonstrations collected using custom
wearable sensor platforms deployed in diverse indoor environ-
ments. These rigs typically feature lightweight head-mounted
cameras paired with synchronized sensing modules. Most
systems use stereo fisheye RGB cameras to achieve accurate
hand pose estimation. The data include ego-view RGB videos
and, where available, depth streams, with additional inertial
sensing to reconstruct camera motion.

Phone-based capture system. To broaden access to data
capture devices, we also make available a setup based on
commodity smartphones as part of the EgoVerse ecosystem.
This system uses an iPhone mounted on a head strap, with the
ultrawide camera recording egocentric RGB video at 1080p
and 30 FPS. Captured videos are uploaded to a cloud-based
processing pipeline that recovers 6-DoF head pose via visual
tracking and estimates 3D hand poses with 21 keypoints per
hand. More details on the system are in the Appendix.

B. Human Data Annotation

EgoVerse augments egocentric human demonstrations with
structured annotations tailored for robot policy learning. For
each frame, we estimate 3D hand pose for both hands using
21 keypoints per hand in the camera frame, paired with a cali-
brated 6-DoF head pose obtained from visual—inertial SLAM.
Academic partners use Project Aria’s Machine Perception



Data Source Web-based Viewer

Lab 1: Human Data OO
Partner 1: Human Datan

Lab 2: Robot Data =/}1

Cloud \l’

EC2 + Ray Data
Processing Daemon
(_’g Sync
Fmon Storage

EgoVerse Co

Local

EgoVerseDatasets

Policy Training

Filters
lab_name = "labl”
task = "bag_grocery”
type = ["human”, "“g1"]

S EgoDB

Fig. 3: EgoDB. Human and robot data from multiple labs and
partners are ingested into a cloud-based processing pipeline,
unified in a common storage format, and made accessible
through a web-based viewer. Users can sync filtered subsets of
the dataset to local machines for downstream policy training.

Service (MPS) for tracking and egomotion, while industry
datasets combine partner SLAM, model-based pose estima-
tion, and post-processing to ensure consistent trajectories. In
our human-to-robot transfer studies (Sec. , these signals
serve as proxies for human end-effector motion, enabling
cotraining across embodiments. Beyond poses, annotation
granularity differs across dataset components. EgoVerse-A
follows a lightweight per-episode protocol, attaching task
descriptions, scene identifiers, primary manipulated objects,
and demonstrator metadata to support controlled cross-lab
analysis. In contrast, EQoVerse-1 provides denser anno-
tations, including fine-grained (1-2 s) language descriptions,
active-hand indicators, static versus mobile manipulation flags,
and additional contextual tags where available.

C. EgoDB: Scalable Data Management System

To support consortium-wide collaboration and long-term
dataset growth, we develop EgoDB, a cloud-based system
for continuous ingestion, processing, and access of heteroge-
neous human and robot data (Fig. [3). Data from distributed
sources are uploaded to S3-backed storage and converted into
a unified, training-ready format shared across the EgoVerse
ecosystem. A nightly pipeline performs standardized prepro-
cessing, validation, and indexing to ensure consistent usability
for downstream learning. Episode metadata are registered
in a centralized SQL database, enabling structured queries
over tasks, embodiments, scenes, data sources, and annota-
tion types. EgoDB also provides a web-based interface for
browsing demonstrations, inspecting annotations, and tracking
dataset growth. For local training, users can synchronize
filtered subsets of the dataset via configuration files, enabling
reproducible access without manual data management.

D. The EgoVerse-A Dataset

Collection Protocol and Dataset Units. To ensure standard-
ized data collection across geographically distributed sites,
we adopt a shared protocol organized around dataset units.
Each unit follows a common instruction format to ensure
consistent task execution across labs, and typically consists of

approximately 5 minutes of recording, yielding 5-10 demon-
strations per task. We enforce basic quality constraints to
maintain visibility of hands and manipulated objects, and log
key metadata such as demonstrator identity, scene, and object
set for traceability. Additional protocol details and quality
control procedures are provided in the appendix.
Flagship Tasks. To control task semantics while allowing
other axes of variation, we define a set of six Flagship Tasks
shared across all participating labs.
object-in-container: Pick, place into a container, dump,
and repeat continuously for 40 seconds with randomized
object—container pairs. Single-arm task.
cup-on-saucer: Reorient a cup from a random initial pose
and place it on a saucer. Bimanual task.
bag-grocery: Open a grocery bag and load 1-3 items.
Bimanual task.
fold-clothes: Three-fold a T-shirt initialized in random
configurations. Bimanual task.
scoop-granular: Scoop granular material (e.g., beans) and
transfer it to a container until full. Single-arm task.
sort-utensils: Pick and sort utensils into designated con-
tainers. Single-arm task.

These tasks span a range of manipulation regimes, including
single-arm and bimanual coordination, fine-grained object
placement, and longer-horizon behaviors, while remaining
feasible for common robot manipulation platforms.
Structured Axes of Diversity. EQoVerse-A is designed to
capture diversity while maintaining controlled task semantics
and data quality. Human data collection is organized along
three primary axes: task, scenario, and demonstrator.

Scenario and object diversity. Each flagship task is per-
formed across 8-12 scenes per lab, with 1-10 dataset units
collected per scene to capture within-environment variation.
Demonstrations are recorded within a roughly 40cm  60cm
workspace, with object positions randomized across trials.
Objects are sampled from a fixed set of up to 30 per task
within each lab, while independent procurement across sites
introduces substantial variation in object geometry, appear-
ance, and material properties.

Demonstrator diversity. Data are collected from 1-8 demon-
strators per lab. Despite identical instructions, demonstrators
within and across labs exhibit consistent differences in motion
patterns, timing, coordination strategies, and hand trajectories.
This naturally induces variation in human morphology and
egocentric viewpoints due to differences in height, posture,
and workspace configuration. Prior work shows that such
human variability can significantly influence policy learning
and cross-embodiment alignment [31| [38, [44]. Rather than
eliminating this variation, we treat it as an inherent property
of scalable human data.

Controlled-Diversity Subset. While cross-lab aggregation
provides realistic diversity, it also introduces uneven coverage
across scenes and demonstrators. To study the effects of
diversity under controlled conditions, one lab collected a
secondary dataset for cup-on-saucer and fold-clothes using
a fixed pool of 16 demonstrators and 16 scenes. Data were
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