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Figure 1. Ego360 overview. Top: demonstrations across factories, homes, laboratories, and retail settings with multimodal supervision.
Bottom: unlike fixed-FOV capture, neck-worn 360◦ capture retains panoramic context, body pose, hand–object interaction, and gaze for
post-hoc view selection.

Abstract
Embodied intelligence models must jointly learn environ-
mental understanding, task intent, spatial movement, and
object manipulation from real human behavior. However,
existing egocentric datasets are typically constrained by
a fixed field of view: orienting the camera toward a lo-
cal workspace can discard the surrounding environment
and future targets, whereas orienting it toward the broader
scene can move the body, hands, and contact events outside
the frame. We introduce Ego360, a large-scale panoramic
human-demonstration dataset for embodied intelligence.
Using a lightweight neck-worn 360◦ camera, Ego360 con-

tinuously records the surrounding environment, visible body
regions, hand–object interactions, and operator speech on a
shared timeline, turning an irreversible viewpoint choice at
capture time into a configurable observation after capture.
Ego360 contains 10,000 hours of real-world task demon-
strations from over 1,000 participants across homes, indus-
trial facilities, commercial environments, and biochemical
laboratories. We further develop a privacy-preserving mul-
timodal pipeline that converts continuous panoramic video
into task instructions, hierarchical action steps, speech-
aligned structured descriptions, Ego-Element Graphs, and
spatial-reasoning question–answer pairs, while recovering



whole-body and hand motion, episode-level 3D scene re-
constructions, and camera trajectories. These temporal
and spatial signals connect room-scale navigation, target
search, and approach with local hand–object manipula-
tion in continuous task records. We systematically char-
acterize Ego360 in terms of data coverage, panoramic
observability, annotation consistency, geometric integrity,
and long-horizon navigation–manipulation structure, pro-
viding a scalable and model-agnostic foundation for vision–
language–action pretraining, world models, and learning
robotic behavior from human demonstrations.

1. Introduction
Progress in embodied intelligence increasingly depends on
supervision that is physically grounded, behaviorally di-
verse, and scalable to real-world environments. Robot tele-
operation provides executable action labels, but remains
costly to collect and difficult to scale across the long tail
of human activities. Egocentric human video, in contrast,
records naturally occurring tasks, object interactions, and
behavioral context with substantially lower collection over-
head, making it an increasingly important source of super-
vision for embodied model pretraining. Ego4D established
the scale and diversity of first-person perception, while
more recent efforts such as EgoLive and EgoVerse have
begun to investigate egocentric human data as a substrate
for robot learning [10, 20, 30]. Recent approaches increas-
ingly train VLA models from action-bearing supervision or
staged visual–action pretraining derived from human ego-
centric video [18, 19, 33, 35, 41]. More directly, PhysBrain
and PhysBrain 1.0 demonstrate that structured supervision
distilled from human egocentric video can strengthen first-
person physical reasoning and transfer to downstream VLA
control [21, 24]. Human-as-Humanoid further shows that
synchronized human ego–exo demonstrations can be con-
verted into controller-aligned action supervision for high-
DoF humanoid VLA training [26]. This transition im-
poses a stronger requirement on the data: a reusable hu-
man demonstration must preserve not only what the wearer
observes, but also how the wearer moves, interacts with ob-
jects, and acts within the surrounding environment.

The central limitation of current egocentric data is no
longer scale alone, but incomplete observability. Many scal-
able capture systems rely on one or two forward-facing
RGB, wide-angle, or fisheye cameras and use the forward
stream as the primary learning view. Regardless of resolu-
tion, a finite forward field of view imposes an acquisition-
time trade-off. Orienting the camera toward the workspace
preserves environmental context and task targets but may
truncate the torso, arms, or hands; orienting it downward
improves coverage of the body and nearby hand–object in-
teractions but removes the broader workspace, future tar-

gets, and surrounding context. Head rotations and body
motion can further move previously visible hands, objects,
or interaction regions outside the frame. Because this in-
formation is lost during capture, subsequent annotations or
model-based inference can only estimate the missing con-
tent; they cannot restore the absent visual evidence. Conse-
quently, a video may remain semantically informative while
being geometrically insufficient for reliable reconstruction
of human motion, contact transitions, and spatial relation-
ships.

We introduce Ego360, a panoramic egocentric dataset
designed for embodied intelligence (Fig. 1). Its central de-
sign principle is to retain first and select later. Our un-
obtrusive neck-worn 360◦ system continuously records the
surrounding workspace, visible body regions, and hand–
object interactions on a shared timeline, substantially reduc-
ing view truncation caused by changes in camera orienta-
tion. Unlike a fixed forward-facing camera, the panoramic
recording supports post-hoc rendering of arbitrary viewing
directions, fields of view, and task-conditioned perspective
views. Ego360 therefore converts an irreversible hardware
decision made during acquisition into a configurable mod-
eling choice made after acquisition. The panorama also
provides a persistent spatial reference for gaze: when syn-
chronized gaze is available, an attended target remains lo-
calizable in the recording even after it leaves the forward
view. The value of panoramic capture is thus not merely a
wider image, but a more complete representation of behav-
ior that preserves the correspondence among environmental
context, bodily motion, and local interaction.

Panoramic video alone does not constitute robot-ready
supervision. Ego360 therefore introduces a task-centric
multimodal pipeline that converts raw recordings into struc-
tured, spatially grounded, and action-aligned training sig-
nals. Each recording pairs panoramic video with synchro-
nized operator speech, from which we derive task intent,
procedural cues, and an episode-level instruction. We fur-
ther represent each task as a hierarchy of temporally ordered
procedural steps aligned to the shared segment timeline.
The annotation stack describes the environment, depth-
aware spatial relationships, fine-grained hand–object inter-
actions, actions and contact states, and world-referenced
whole-body motion, including hand motion and the global
locomotion trajectory. These signals are aligned within a
common temporal and spatial reference, jointly specifying
what is being attempted, where the behavior takes place,
and how the task is executed. Because panoramic capture
expands the range of visible spaces and bystanders, Ego360
treats privacy as a first-class design constraint rather than
a post-hoc release step. All recordings follow an explicit
informed-consent protocol and are collected only in en-
vironments approved by their owners or authorized man-
agers. Before release, every sequence undergoes a re-



Table 1. Comparison with representative egocentric datasets. We compare the dimensions required to turn egocentric video into su-
pervision for physical intelligence, rather than scale alone. “Capture” distinguishes directional cameras (Dir.), synchronized multi-camera
systems (Multi), and native 360◦ panoramic video, while “Depth” indicates released dense or structured depth supervision. ✓denotes an
explicitly released modality or primary annotation, (✓) denotes partial or indirect coverage, and – denotes that the dimension is not a
primary component. Ego360 is the only large-scale dataset that combines native panoramic capture with the complete task, interaction,
depth, motion, geometry, and language supervision stack.

Dataset Scale Capture
Task Temp.

HOI
Full

Depth
World Caption Long Robot-

lang. structure body geometry + QA horizon oriented

Large-scale activity and interaction understanding
EPIC-KITCHENS-100 [7] 100 h Dir. ✓ ✓ (✓) – – (✓) – ✓ –
Ego4D [10] 3,670 h Dir. ✓ ✓ ✓ – (✓) (✓) (✓) ✓ –
HoloAssist [32] 166 h Dir. ✓ ✓ ✓ – ✓ (✓) – (✓) –

Geometric and multiview egocentric understanding
Ego-Exo4D [11] 1,286 h Multi ✓ ✓ ✓ ✓ (✓) ✓ (✓) ✓ –
Nymeria [28] 300 h Multi ✓ ✓ (✓) ✓ (✓) ✓ (✓) ✓ –
Ego-1K [17] 956 clips Multi – – ✓ – – ✓ – – –

Egocentric human data for robot learning
EgoScale [41] 20,854 h Dir. ✓ ✓ ✓ – – (✓) – ✓ ✓
EgoVerse [30] 1,362 h Dir. ✓ ✓ ✓ – – (✓) – ✓ ✓

Panoramic egocentric datasets
EgoK360 [2] ∼23 h 360◦ – (✓) (✓) – – – – (✓) –
Ego360 (ours) 10,000 h 360◦ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

view for personally identifiable information (PII): all visi-
ble faces are blurred, other identifying content is removed
or masked where necessary, and only sequences that pass
the de-identification audit are included in the public dataset.

As VLA training continues to explore different mecha-
nisms for adapting pretrained multimodal representations to
robot control [15, 22, 36, 38], the initial release of Ego360
is deliberately scoped as a data and infrastructure contri-
bution. Rather than tying the value of the dataset to a par-
ticular vision–language–action (VLA) architecture, training
recipe, or robot platform, this work establishes the observa-
tional foundation, supervision structure, and quality crite-
ria required to study panoramic human demonstrations. We
characterize Ego360 at the data level in terms of task and
scene coverage, panoramic observability, annotation consis-
tency, and the geometric integrity of world-referenced mo-
tion. We further evaluate the sensing advantage through a
matched-view protocol that renders conventional forward-
facing views from the same panoramic recordings and mea-
sures scene coverage, body and hand retention, and the
temporal continuity of hand–object evidence. This proto-
col isolates the information retained by panoramic capture
without introducing confounding differences from down-
stream models. The release provides standardized data
schemas, splits, metadata, quality-control procedures, and
privacy safeguards, establishing a reproducible and model-
agnostic foundation for future studies of panoramic human
data in VLA pretraining, world modeling, and human-to-
robot transfer.
Our contributions are threefold:
• A panoramic egocentric data resource. We release

Ego360 with 100 hours, 22000+ task episodes, 480 task
categories, and 36 real-world scenes, jointly preserv-
ing panoramic observations, task-oriented speech, hand–
object interactions, and world-referenced human motion.

• A structured pipeline for embodied learning. We de-
velop a unified pipeline that transforms raw 360◦ video
and speech into task instructions, hierarchical subtasks,
environment and spatial descriptions, hand–object inter-
action annotations, and world-referenced human motion.

• A model-agnostic and privacy-conscious release pro-
tocol. We provide standardized data schemas, splits,
metadata, and quality-control procedures, together with
informed consent, environment authorization, face blur-
ring, PII review, and pre-release de-identification.
Matched-view analyses quantify the observational infor-
mation retained by panoramic capture relative to bounded
forward-facing views.

2. Related Work

2.1. Egocentric Human-Activity Datasets

Egocentric datasets have progressed from activity-centric
benchmarks to geometrically grounded interaction data
and, more recently, robot-oriented human demonstrations.
EPIC-KITCHENS and Ego4D scale action understanding
to unscripted kitchens and open-world daily activities [7,
10]. Ego-Exo4D, HOT3D, and Nymeria introduce synchro-
nized external views, 3D hand–object geometry, or world-
referenced body motion [1, 11, 28], whereas EgoDex and
OpenEgo provide hand trajectories or standardized action
primitives for dexterous learning [13, 14]. EgoScale, Ego-



Figure 2. Ego360 data pipeline. Stage I extracts privacy-safe action segments from synchronized panoramic video and speech. Stage II
combines temporal frames with spatial evidence to generate Ego-Element Graphs, structured captions, and grounded QA.

Live, and EgoVerse further investigate data scaling and di-
versity for human-video pretraining [20, 30, 41].

Despite this progress, most datasets retain a fixed view.
Forward-facing RGB, stereo, or fisheye cameras can pre-
serve the workspace, but often exclude the wearer’s body
or portions of hand–object interaction; orienting the cam-
eras downward introduces the opposite loss of environmen-
tal context. Synchronized exocentric views mitigate this
trade-off but require instrumented environments. Ego360
instead retains an omnidirectional record and supports
task-dependent view generation after capture. It aligns
panoramic video with task speech, hierarchical subtasks,
environment and depth descriptions, hand–object interac-
tions, and world-coordinate whole-body and hand motion
with global trajectories, providing spatially and physically
grounded human demonstrations for robot learning.

2.2. Omnidirectional and Panoramic Datasets
Omnidirectional datasets span static scene understanding,
spatial reasoning, and agent-centered perception. SUN360,
PanoContext, and Matterport3D support panoramic scene
recognition, layout estimation, and 3D reconstruction [4,
34, 40]. Pano-AVQA and VSI-Super-Wild study au-
diovisual grounding and long-horizon spatial reasoning
in panoramic video [12, 37]. Agent-centered resources
include the robot-mounted JRDB, the wearable activity

dataset EgoK360, and the synchronized surround-view
dataset Ego-1K [2, 17, 29]. A recent survey systematizes
the geometric challenges of panoramic vision, while DAP,
DA360, and PanoLOG advance panoramic depth estimation
and scene reconstruction [5, 16, 23, 25]; AirSim360 and
Fly360 further investigate omnidirectional sensing through
spatially annotated simulation with automated trajectories
and obstacle-aware navigation [9, 39].

These datasets establish the value of wide-field sens-
ing, but typically isolate scene semantics, passive percep-
tion, social sensing, activity classification, or reconstruc-
tion. They do not jointly represent the acting subject’s
intent, body dynamics, hand–object interaction, and sur-
rounding task context. Ego360 places the camera on the
acting subject and organizes each continuous recording as
a task demonstration, using speech, subtask structure, spa-
tial descriptions, and world-coordinate motion to connect
intent with physical execution. Its contribution is there-
fore not panoramic capture alone, but a task-structured and
physically grounded representation of human experience
for robot learning.

2.3. Capture Paradigms for Embodied Demonstra-
tions

Embodied demonstration systems balance action fidelity,
contextual completeness, and scalable deployment. Syn-



chronized ego–exo systems such as Ego-Exo4D com-
plement wearable views with external cameras, enabling
strong cross-view and 3D body–hand supervision but re-
quiring instrumented capture environments [11]. Head-
mounted multisensor platforms such as HoloAssist and
HOT3D provide rich body-centric signals including depth,
gaze, and hand pose, while their directional cameras retain
bounded visual coverage [1, 32]. Proxy interfaces such as
UMI record robot-compatible end-effector actions through
tracked handheld grippers and support direct policy trans-
fer, but require demonstrators to act through purpose-built
hardware rather than capturing unconstrained human be-
havior [6].

These paradigms are complementary rather than inter-
changeable. For learning general embodied priors, the pri-
mary visual record should preserve both local manipulation
and the surrounding task context before a downstream ob-
servation or embodiment is chosen. Ego360 targets a dis-
tinct operating point: lightweight native panoramic capture
requires neither external scene instrumentation nor an ac-
tion proxy, yet preserves environmental context, body mo-
tion, and hand–object interaction for post-hoc view selec-
tion and aligned language–motion–geometry supervision.
This makes Ego360 suitable as a scalable perceptual foun-
dation for long-horizon navigation–manipulation and em-
bodied pretraining, while precise end-effector actions and
force–tactile sensing remain valuable complementary su-
pervision.

Table 1 positions Ego360 against representative datasets
spanning activity understanding, multimodal interaction,
geometric reconstruction, and human-to-robot learning. We
distinguish native panoramic capture from synchronized
multi-camera rigs: although both increase visual coverage,
only the former retains an omnidirectional source that sup-
ports arbitrary post-hoc view selection. EgoK360 pioneered
360◦ first-person activity recognition, whereas Ego360 is,
to our knowledge, the first large-scale panoramic egocen-
tric dataset to jointly provide task-aligned language, tem-
porally structured actions, fine-grained hand–object inter-
action, world-referenced whole-body motion, scene-scale
geometry and trajectories, and structured caption–QA su-
pervision for physical intelligence.

3. Ego360 Dataset Construction
Ego360 converts continuous panoramic recordings into
privacy-preserving, task-structured, and spatially grounded
demonstrations through the two-stage pipeline shown in
Fig. 2. Stage I jointly leverages visual quality evidence,
synchronized narration, and audio–visual semantics to iden-
tify effective action intervals, while applying sequence-level
privacy protection before data export. Stage II enriches each
curated segment with complementary temporal and spa-
tial evidence, producing structured captions, Ego-Element

Graphs, and question–answer annotations. Throughout the
pipeline, temporal provenance and processing status are re-
tained to support systematic quality control and traceable
data release.

3.1. Collection Scope and Capture Protocol
Ego360 records naturally executed, task-oriented demon-
strations across factories, homes, laboratories, and retail
environments. Each participant wears a dual-fisheye 360◦

camera with synchronized audio, allowing the same record-
ing to preserve the surrounding workspace, visible body re-
gions, hand–object interactions, and operator narration on
a shared timeline. Compared with a fixed forward-facing
view, this capture protocol avoids committing to a single
observation direction during acquisition and supports task-
dependent perspective projection after recording.

The collection spans local object manipulation, naviga-
tion, target search, device interaction, and multi-stage ac-
tivities performed in realistic environments. Recording ses-
sions are organized by participant, location, and task, with
calibration, synchronization, and capture-quality checks ap-
plied consistently across sessions. Operators provide nat-
ural task-oriented narration that conveys intent and proce-
dural cues without constraining how the physical action is
executed. All participants follow an informed-consent pro-
tocol, and collection environments are recorded with autho-
rization from their owners or designated managers. Dataset-
scale statistics and the resulting diversity of participants,
scenes, and tasks are characterized in Sec. 5.

3.2. Privacy-Aware Temporal Segmentation
Raw wearable recordings naturally contain task execution,
transitions between activities, conversational speech, and
periods with limited visual utility. Directly partitioning
such recordings using a single modality can therefore pro-
duce incomplete or semantically ambiguous clips. Ego360
adopts a multi-signal temporal curation process that com-
bines visual screening, narration-guided boundary discov-
ery, semantic audio–visual validation, and full-sequence
privacy protection.
Visual screening and speech alignment. We first de-
rive a fixed-view proxy from each dual-fisheye recording
for efficient visual screening while preserving the original
panoramic stream as the canonical data source. The screen-
ing process identifies usable temporal windows and filters
severe occlusion, capture failures, and other visually de-
graded content. In parallel, we extract the synchronized
audio and apply voice activity detection, automatic speech
recognition, and word-level temporal alignment. Neighbor-
ing utterances are consolidated into narration units, which
provide semantic anchors for locating task instructions and
their associated action intervals.
Narration-guided interval construction. Human narra-



Figure 3. Panoramic multimodal annotations in factory and home tasks. Five synchronized directions from a single panoramic frame
are paired with temporal action frames to support holistic environment descriptions, cross-view evidence, procedurally ordered action
annotations, and grounded QA. Retail and laboratory examples are provided in Fig. 4.

tion provides informative but imperfect action boundaries:
an operator may describe an action before executing it, com-
bine multiple steps in one utterance, or produce speech un-
related to the visible task. We therefore treat aligned nar-
ration as a temporal proposal rather than a final segmen-
tation. Neighboring speech segments separated only by a
short pause are first merged into a narration unit. Each
unit records the narration onset (start sec) and comple-
tion time (instruction end sec), and provisionally
extends to the onset of the next narration unit to include
the subsequent physical execution. The retained endpoint
(end sec) distinguishes the action interval from the spo-
ken instruction itself. These candidate intervals are then
reconciled with the visual-quality windows to remove un-
usable portions while preserving the context required to in-
terpret the complete action.
Semantic audio–visual validation. For each candidate in-
terval, the pipeline jointly examines its aligned transcript
and visual content to derive a normalized action descrip-
tion, identify the speech type, and assess audio–visual rele-

vance. Speech is distinguished as an operation instruction,
incidental conversation, recording-control speech, or an un-
certain transcription. Audio–visual relevance is represented
by a score and a normalized label—match, mismatch,
or not applicable—while the original decision and its
supporting reason are retained for audit. Importantly, the
normalized description does not overwrite the original ASR
text. The resulting record binds both forms of text, the
three temporal boundaries, and the validation fields to sta-
ble source, recording, and segment identifiers. Only inter-
vals satisfying the visual, semantic, and temporal quality
criteria proceed to multimodal annotation.
Full-sequence privacy protection. Privacy protection is
applied to the complete panoramic recording rather than
only to selected views or exported clips. Visible faces are
detected and blurred throughout the sequence. Screens,
identity documents, addresses, and other potentially iden-
tifying content are additionally reviewed and masked or
removed when necessary. Processing produces a separate
anonymized derivative rather than overwriting the source



Figure 4. Panoramic multimodal annotations in retail and laboratory tasks. The same synchronized directional and temporal evidence
captures surrounding scene context, action progression, and grounded supervision in retail and laboratory environments. Factory and home
examples are provided in Fig. 3.

recording. The panoramic metadata is preserved in the pro-
tected output, allowing validated intervals to be projected
and rendered without returning to the unprocessed source.
Each effective interval is finally exported as a segment pack-
age containing the privacy-safe video, aligned narration,
temporal boundaries, semantic description, and process-
ing provenance; recording-level validity reports and release
manifests retain the corresponding processing outcome.

3.3. Spatially Grounded Multimodal Annotation
Each curated segment is further transformed into structured
supervision that captures not only what action occurs, but
also where it occurs, how it evolves, and which scene ele-
ments participate in the interaction. Stage II follows a dual-
resolution evidence design: a higher-rate temporal sequence
preserves action progression, while a lower-rate spatial se-
quence provides compact evidence for explicit scene and
relation modeling. Figures 3–4 illustrate how synchronized
views and temporal evidence support the released annota-
tion modalities across the four collection domains.

Temporal evidence sampling. For caption and QA genera-
tion, we sample each segment at one frame per second. For
long segments, the sequence is uniformly subsampled to at
most 100 frames so that its complete temporal extent re-
mains represented. Each sampled frame is associated with
its timestamp and source-frame index. Before model in-
ference, the frame is resized with its aspect ratio preserved
such that the longer side does not exceed 512 pixels, and
is then encoded as JPEG with quality 85. Caption and
QA generation share this ordered frame sequence, provid-
ing a common temporal reference across the two annotation
tasks.

Spatial evidence sampling. Spatial graph construction
uses an independent, lower-rate sequence sampled approx-
imately once every three seconds, with at most 30 frames
distributed over the complete segment. This branch empha-
sizes representative observations of task-relevant objects,
interaction regions, scene text, and geometric context. De-
coupling spatial sampling from the higher-rate temporal
pathway controls the visual and token budget without re-



ducing the temporal coverage needed to describe complete
actions. It also allows the spatial representation to capture
objects that persist, appear, disappear, or move during the
segment.
Ego-Element Graph construction. We organize the spa-
tial evidence as an Ego-Element Graph G = (V, E) cen-
tered on the camera wearer. The graph contains an explicit
ego node at the observer origin and a compact set of task-
relevant object and region nodes. Each node associates an
element with its semantic identity, normalized image re-
gion, ego-relative position, visible text, confidence, sup-
porting frames, and temporal state. Image regions are rep-
resented in a normalized [0, 1000]2 coordinate system; ego-
relative horizontal and vertical coordinates lie in [−1, 1],
and the depth coordinate lies in [0, 1]. A depth-aware branch
estimates relative depth from the same spatial evidence and
aggregates valid observations into the node depth coordi-
nate. The resulting value represents normalized relative
depth rather than metric distance. Directed edges encode
relations such as left/right, above/below, near/far, in-front-
of/behind, support, containment, and contact.

The model-generated graph is subsequently normalized
into a unified schema. Object identifiers are canonicalized,
regions and positions are constrained to their valid ranges,
unsupported relations and invalid source-frame references
are removed, and duplicate relations are merged. For ev-
ery pair of distinct object nodes, the representation retains
both directed edges without introducing self-loops; comple-
mentary left/right, above/below, front/behind, and near/far
relations are derived consistently from the normalized po-
sitions, while observed support, containment, and contact
relations are preserved. This process converts spatial cues
that would otherwise remain implicit and scattered across
frames into an explicit, temporally supported relational rep-
resentation.
Structured caption generation. The complete temporal
frame sequence and the Ego-Element Graph are jointly used
to generate a structured caption. The visual observations re-
main the primary evidence, while the graph provides com-
plementary spatial context; if the two disagree, the visual
evidence takes precedence. Rather than producing a single
unconstrained sentence, the output is decomposed into three
groups: scene elements, describing the main objects and en-
vironment; spatial dynamics, describing the initial configu-
ration and its changes; and action execution, describing the
instruction, interaction process, contact transitions, object
motion, and resulting state changes. Each segment is anno-
tated with a procedurally structured action description that
decomposes the demonstrated activity into temporally or-
dered steps. This representation forms a task-to-subtask hi-
erarchy: the segment-level activity defines the overall task,
while the ordered steps capture its constituent procedural
units on the shared segment timeline.

Spatially grounded QA generation. Question–answer
pairs are generated from the ordered frames, the structured
caption, and the same spatial representation. The questions
span temporal action understanding and ordering, visible
text, object counting and attributes, spatial relationships,
state changes, and higher-level visual reasoning. Each pair
is stored as a category, question, and answer, with its cat-
egory normalized into a major–subcategory form. Shar-
ing evidence among caption and QA generation establishes
a common reference for object identity, temporal order,
and spatial relations, improving consistency across anno-
tation modalities. When spatial evidence is unavailable, the
pipeline retains a frames-only path so that the core temporal
annotation process remains complete.
Quality assurance and output packaging. All gener-
ated outputs undergo deterministic structural checks before
packaging. Graph validation checks whether a non-empty
graph can be parsed and normalized; caption validation
records whether the structured object can be parsed; and QA
validation checks both JSON structure and the requested
annotation count after category normalization. A failed or
unavailable graph is recorded as disabled, skipped, empty,
unparsable, or erroneous and triggers the frames-only path
rather than terminating caption and QA generation. Cap-
tion and QA stages likewise distinguish successful outputs
from parsing failures, while QA additionally records count
mismatches. Raw responses, failure reasons, sampled-
frame references, and stage-level status are retained for au-
dit and targeted reprocessing. The final segment package
aligns the privacy-safe MP4, temporal metadata, sampled-
frame records, Ego-Element Graph when available, struc-
tured caption, QA annotations, and validation status under
a unified segment identifier.

4. Geometric Grounding of Human Demon-
strations

Beyond semantic annotations, Ego360 represents how the
operator moves through and acts within the physical envi-
ronment. We recover whole-body motion and panoramic
scene geometry in compatible world-referenced coordinate
systems, connecting local hand–object interactions with
global locomotion and persistent scene structure.

4.1. World-Referenced Human Motion
Panoramic video preprocessing. Each demonstration is
captured by a single wearable Insta360 X3 panoramic cam-
era. We first dewarp the raw panoramic footage with
Insta360 Studio and then manually crop a task-relevant
monocular RGB video from the dewarped recording. This
cropped RGB sequence, rather than the original distorted
frames, is used as the input to the 2D and 3D human-
motion models. The pipeline therefore processes a single
panoramic recording without fusing pose estimates from



Figure 5. Temporally aligned whole-body and hand motion in factory and retail tasks. Perspective views with a projected 16-joint
body skeleton and 21 articulated joints per hand are paired with their temporally corresponding 3D skeletons. Complementary home and
laboratory examples are shown in Fig. 6.

multiple cameras or independently captured viewpoints,
while every cropped frame remains linked to its source
frame and timestamp.

Two-dimensional human localization. For an individual

video sequence, we use SAM 3 [3] to obtain per-frame
human masks. For large-scale batch processing, we re-
place this mask-based procedure with YOLOv7 [31] per-
son detections to localize the relevant image regions effi-



Figure 6. Temporally aligned whole-body and hand motion in home and laboratory tasks. Projected 2D body and hand joints remain
aligned with the corresponding 3D skeletons throughout household and laboratory interactions. Complementary factory and retail examples
are shown in Fig. 5.

ciently. The two models therefore define alternative pro-
cessing modes rather than consecutive stages of a single
pipeline. In either mode, optical-flow tracking maintains
the association of the wearer across adjacent frames. The

resulting 2D localization and tracks provide spatial and tem-
poral support for body-motion recovery; they are distinct
from the projected 2D body and hand joints used to visual-
ize the recovered skeletons.



Motion-adaptive frame interpolation. Fast hand move-
ments are particularly susceptible to motion blur and tem-
poral under-sampling. We therefore monitor grayscale
changes inside each hand region of interest (ROI) to iden-
tify high-speed motion intervals and insert additional inter-
polated frames only for the affected intervals. This targeted
refinement avoids uniformly increasing the frame count for
portions of a demonstration that already contain sufficient
temporal evidence.
Four-dimensional body recovery. Given the prepro-
cessed and temporally refined RGB sequence, we use SAM-
Body4D [8] to recover temporally consistent 3D human mo-
tion. The body is represented with SMPL [27], from which
we retain a 16-joint body skeleton, while each hand is rep-
resented by 21 articulated joints. This representation pre-
serves both gross body posture and finger-level configura-
tions rather than reducing each hand to a wrist trajectory.
Ego360 associates the projected 2D joints and the corre-
sponding 3D skeleton on the same timeline. Figures 5–6
visualize this framewise correspondence for representative
factory, retail, home, and laboratory tasks.
World-coordinate conversion and temporal smoothing.
The recovered 3D body and hand motion is transformed
from the camera frame into the calibrated world coordinate
system using the timestamped camera poses. We then apply
temporal smoothing to suppress framewise jitter while pre-
serving rapid hand motion and contact transitions. The re-
sulting world-referenced body and hand trajectories remain
aligned with the panoramic video and reconstructed scene.

4.2. Panoramic Scene Reconstruction and Global
Trajectories

For every Ego360 demonstration, we reconstruct the en-
vironment and recover the motion of the wearable cam-
era within it. This scene branch complements the human-
motion representation above with a persistent spatial refer-
ence, connecting observations across an interaction to the
wearer’s movement through the environment.
Panoramic reconstruction input. Whereas the human-
motion branch operates on a task-relevant monocular crop,
scene reconstruction uses the complete panoramic observa-
tion to preserve the surrounding environment. We sample
each episode at a configurable one-second interval and re-
tain the source-frame index and timestamp of every sample.
Each successfully registered timestamp first yields one cen-
tral fisheye-camera pose. For dense reconstruction, we then
derive four virtual fisheye views that share this camera cen-
ter but face different directions. Denoting the central pose
by (Rt, ct) and the directional offset of virtual view m by
∆Rt,m, the virtual cameras satisfy

ct,m = ct, Rt,m = Rt∆Rt,m, m ∈ {1, . . . , 4}.
(1)

The four views are therefore directional observations de-
rived from one physical camera rather than independently
captured views, and all of them remain linked to the origi-
nal panoramic timeline.
Episode-level camera registration. We process every
episode independently with MipMap under a common re-
construction protocol. All temporally sampled observations
enter aerial triangulation and structure from motion, where
feature correspondences establish the view graph and the
camera parameters are jointly refined. Samples without suf-
ficient matched support are excluded during registration.
The remaining observations constitute a connected SfM
component with its own episode-level coordinate frame;
thus, one panoramic video sequence produces one scene
map and one associated camera trajectory.
Dense scene reconstruction. At the registered timestamps,
the four co-located virtual fisheye views provide direc-
tional coverage for multi-view depth estimation. The re-
sulting depth observations are filtered for cross-view con-
sistency and fused into a common surface, while transient
foreground observations are excluded so that the recovered
geometry describes the persistent environment. We then
project the registered visual observations onto the fused ge-
ometry to obtain a textured episode-level scene model. This
sequence of fisheye registration, depth estimation, consis-
tency filtering, surface fusion, and texture mapping is ap-
plied uniformly across the dataset.
Episode-level camera poses and trajectories. We express
each reconstruction in the episode-specific world frame es-
tablished by SfM, using a Z-up coordinate convention. For
every registered timestamp t, the recovered camera center
ct and right, up, and forward basis vectors (rt,ut, ft) de-
fine the camera-to-world transform

Tw
c,t =

[
rt ut ft ct
0 0 0 1

]
. (2)

Let Ireg denote the temporally ordered set of successfully
registered timestamps. The camera centers C = {ct | t ∈
Ireg} form the wearer’s global trajectory within the episode
map, and ft records the corresponding viewing direction.
Because each pose retains its source-frame index and times-
tamp, locations along the trajectory can be mapped back to
the complete panoramic observation and to any temporally
aligned annotations.
Navigation–manipulation grounding. The reconstructed
scene provides the persistent environmental structure, while
the ordered camera poses describe how the wearer moves
between interaction sites. Together, they locate room-scale
transitions, target search, and approach within the same spa-
tial record as the hand–object interaction. The timestamps
connect this scene-level motion with the temporally aligned
body and hand motion in Sec. 4.1, yielding a continuous
episode-level representation from navigation to manipula-
tion. Figure 7 illustrates this correspondence by placing



Figure 7. Panoramic scene reconstruction and navigation–manipulation grounding. Each episode is reconstructed independently from
temporally sampled dual-fisheye video. A registered sample defines one central fisheye-camera pose, and four co-located virtual fisheye
views provide directional coverage for dense reconstruction. The recovered trajectory places selected dewarped RGB observations at their
corresponding positions and viewing directions in the episode-level Z-up world frame.

selected camera frusta along the recovered path and pair-
ing them with the RGB observations captured at the same
timestamps. The views make the observation–location re-
lationship legible in a static figure, while the trajectory
spans all successfully registered timestamps and supports
the long-horizon analysis in Sec. 5.3.

5. Dataset Characterization

We characterize Ego360 through participant diversity, cov-
erage, caption semantics, and long-horizon structure.

5.1. Participants and Anthropometric Diversity
Ego360 currently includes over 1,000 contributors. Fig-
ure 8(a) summarizes a sample of 50 contributors with de-
tailed demographic and anthropometric metadata. The sam-
ple contains 30 female and 20 male contributors. Among
the 43 contributors with available age metadata, 46.5% are
between 20 and 29 years old, while the remaining partici-
pants span all reported age groups, from 19 years or younger

to 60 years or older. This distribution introduces variation
in physical appearance, motion patterns, and task execution
across different stages of adulthood.

We further report the range, interquartile range, and me-
dian of height, arm span, leg length, body mass, shoulder
width, upper-arm length, forearm length, and hand length.
These measurements characterize variation in whole-body
scale and limb proportions rather than reducing participant
diversity to demographic categories alone. Such variation
directly affects reachable workspace, manipulation posture,
hand placement, and the spatial relationship between the
wearer and surrounding objects. Ego360 therefore captures
human demonstrations across heterogeneous embodiment
geometries, providing a broader basis for learning transfer-
able motion and interaction patterns.

5.2. Collection, Scene, and Semantic Diversity
The Ego360 collection comprises 10,000 hours across four
domains. Figure 8(b) visualizes the scene composition of
a randomly sampled 500-hour subset. Home and com-



Figure 8. Ego360 dataset composition. (a) Demographics and anthropometrics of over 1,000 contributors; (b) 10,000 hours across four
scene domains and geographic scopes; (c) action, entity, scene, and attribute concepts from 22,582 speech-aligned captions.

mercial environments account for 209.0 hours (41.8%) and
206.5 hours (41.3%), respectively, while factory and labo-
ratory environments contribute 59.5 hours (11.9%) and 25.0
hours (5.0%). The collection consequently spans every-
day domestic activities, customer-facing commercial tasks,
industrial procedures, and laboratory operations, covering
environments with substantially different layouts, objects,
safety constraints, and interaction patterns.

Figure 8(c) summarizes the semantics of 22,582 speech-
aligned captions. The vocabulary is organized into four
groups: actions, objects and entities, scenes and spatial an-
chors, and attributes and spatial states. Actions range from
locomotion and object retrieval to cleaning, organization,
preparation, and equipment operation. The entities include
household objects, tools, furniture, garments, food items,
and workplace equipment. Scene anchors such as tabletop,
sink interior, floor area, and bed surface ground these ac-
tions in the environment, while attributes and spatial states
describe color, material, containment, proximity, orienta-
tion, and object condition. Together, these annotations cap-
ture not only what action is performed and which object is
involved, but also where the interaction occurs and how the
physical state evolves.

5.3. Long-Horizon Navigation–Manipulation
Episodes

Long-horizon demonstrations in Ego360 unfold across mul-
tiple interaction sites. An episode can include movement
through the scene, target search and approach, local hand–
object interaction, and object transport between sites, all
preserved as one continuous task sequence.

Navigation and manipulation share the source-video
timeline. Manipulation intervals are linked to temporally
ordered action steps, contact states, and aligned body and
hand motion, whereas navigation intervals retain panoramic
observations, camera poses, viewing directions, and scene
positions. Source timestamps connect these intervals to the
hierarchical task description in Sec. 3.3 and the geometric
representations in Secs. 4.1 and 4.2, preserving the transi-
tion from scene-level movement to local interaction.

Figure 9 follows a cooking episode across five stages.
The wearer powers on the stove, walks to the refrigerator,
opens it and retrieves dishes, carries them back, and places
them on the counter. The manipulation panels show time-
aligned hand meshes and trajectories at the interaction sites,
while the navigation panels show timestamped egocentric
waypoints along the movement. Their shared timeline pre-
serves the procedural connection among actions performed



Figure 9. Long-horizon navigation–manipulation continuity. A continuous cooking episode alternates between three local manipulation
intervals and two navigation intervals on a shared timeline. Manipulation views retain hand motion and local interaction evidence, while
navigation views retain timestamped egocentric waypoints between interaction sites, connecting stove operation, refrigerator access, object
retrieval, return movement, and final placement as one task.

at different locations.
This episode-level representation captures both how an

interaction is performed at a particular site and how the
wearer reaches the next site required by the task. It sup-
ports learning to search for and approach a target, execute a
local action, and continue from the resulting state, providing
supervision for navigation-conditioned manipulation, long-
horizon planning, and task continuity.

6. Data-Centric Evaluation

This section evaluates Ego360 as a data resource rather
than measuring its effect on a specific downstream model.
We consider two complementary dimensions. First, we
examine the field-of-view coverage and task evidence re-
tained by panoramic capture relative to a conventional RGB
view. Second, we evaluate whether the annotation pipeline
converts continuous recordings into structured supervision
without silent loss or structural inconsistency.

6.1. Panoramic Evidence Retention
We combine a controlled device-level comparison with
dataset-level statistics to evaluate panoramic evidence re-
tention. At the device level, we register an RGB image
to an equirectangular panorama captured from the same lo-
cation. The registered RGB footprint spans approximately
109◦×60◦, whereas the panoramic source retains a nominal

360◦×180◦ field of view. Both representations preserve the
forward task region, but only the panoramic source retains
lateral and opposite-direction context and supports post-hoc
view selection (Table 2(a)).

At the dataset level, we measure panoramic-source
visibility over four scene categories, eight independent
episodes, and 357 events. We first compute each metric
at the event level and then macro-average over episodes.
We obtain 95% confidence intervals using 10,000 episode-
cluster bootstrap samples. Overall, the panoramic record-
ings retain task-relevant context in 100.0% of valid observa-
tions, at least one hand in 88.0%, the target object in 90.6%,
and judgeable hand–object interaction in 83.4%. Action ev-
idence covers 85.4% of each event on average, while 82.7%
of events achieve at least 90% evidence coverage.

Evidence retention varies across environments. Interac-
tion visibility reaches 90.3%, 91.1%, and 87.7% in the lab-
oratory, home, and factory scenes, respectively, with corre-
sponding complete-event recall rates of 91.0%, 90.0%, and
86.7%. Commercial scenes remain more challenging: inter-
action visibility decreases to 64.7%, while the mean max-
imum invisible gap increases to 3.70 seconds. This degra-
dation indicates that dense shelving, frequent reorientation,
and local occlusion can still interrupt task evidence.

Full-torso visibility remains low at 4.4%, resulting in a
strict joint observability rate of 4.2%. The results therefore
support a more precise conclusion: 360◦ capture substan-



Table 2. Field-of-view coverage and panoramic evidence retention. (a) A co-located RGB–360◦ capture characterizes the field of view
of the current setup. (b) Episode-macro statistics over eight episodes and 357 events; overall values include 95% episode-cluster bootstrap
confidence intervals, while scene-level values are descriptive means.

(a) Controlled device comparison.

Property Conventional RGB 360◦ source Difference

Horizontal field of view ≈ 109◦ 360◦ 3.3×
Vertical field of view ≈ 60◦ 180◦ 3.0×
Instantaneous azimuth coverage ≈ 30.2% 100% +69.8 pp
Forward task region Retained Retained –
Lateral and opposite-direction context Outside view Retained 360◦ only
Post-hoc view selection Unsupported Supported Retain first, select later

The RGB footprint is estimated using SIFT matching and RANSAC registration with 85 inliers.

(b) Dataset-level panoramic evidence retention.

Metric Overall (8/357) Commercial (2/125) Home (2/49) Factory (2/70) Laboratory (2/113)

Task context visible ↑ 100.0 [100.0, 100.0] 100.0 100.0 100.0 100.0
Any hand visible ↑ 88.0 [79.6, 94.4] 77.1 91.5 88.7 94.6
Both hands visible ↑ 78.8 [69.2, 87.2] 64.1 87.6 71.8 91.5
Target object visible ↑ 90.6 [78.9, 98.3] 69.3 99.9 99.0 94.2
Interaction visible ↑ 83.4 [72.8, 91.4] 64.7 91.1 87.7 90.3
Mean event coverage ↑ 85.4 [75.5, 93.1] 68.3 91.5 89.2 92.7
Complete-event recall ↑ 82.7 [71.1, 91.8] 63.2 90.0 86.7 91.0
Full torso visible ↑ 4.4 [0.5, 10.2] 0.0 12.6 1.9 2.9
Strict joint observability ↑ 4.2 [0.6, 9.9] 0.0 12.2 1.6 2.9
Mean maximum invisible gap ↓ 1.66 [0.75, 3.01] s 3.70 s 0.79 s 1.07 s 1.07 s

All values except the last row are percentages. Complete-event recall denotes the proportion of events with at least 90% action-evidence coverage. Each scene category contains
two independent episodes.

Table 3. Annotation coverage and internal consistency over 357 events. Results measure output completeness or automatic structural
validity rather than human-evaluated semantic accuracy.

Component Evaluated data Check Result

Temporal segmentation 357 events Exact boundary transfer 357/357 (100%)
ASR 357 events Output provided 357/357 (100%)
Caption and VLM parsing 357 events Caption provided and parse success 100% / 100%
Question answering 357 events Output availability 714 pairs; 100% event coverage
Visibility annotations 357 events Output availability 357/357; 35 uncertain values as NA
Ego-Element Graph 357 events Output availability 357/357 (100%)
Graph structural audit 357 graphs Schema, box, source frame, and complementary relations 100% for all checks
Audio–visual audit 325 valid events Match rate and relevance score 92.5 [88.4, 96.5] / 73.7 [67.4, 80.3]
Screen-segment QC 578 segments Valid, review, and rejected 497 / 39 / 42

tially expands the instantaneous field of view and jointly
retains environmental, hand, object, and interaction evi-
dence for most events, but the current mounting configu-
ration does not guarantee continuous full-body visibility.

6.2. Annotation Completeness and Internal Consis-
tency

We further evaluate whether the annotation pipeline con-
verts continuous recordings into structured supervision
without dropping events or corrupting structural relation-
ships. As shown in Table 3, the temporal boundaries of
all 357 action events are transferred exactly to the semantic
segments, and every event contains ASR, caption, QA, vis-
ibility, and Ego-Element Graph outputs. The dataset pro-
vides 714 QA pairs. All Ego-Element Graphs pass auto-
matic checks for schema validity, bounding-box validity,
source-frame references, and complementary-relation con-

sistency.

Among the 325 events with valid audio–visual judg-
ments, the model-based match rate is 92.5%, and the mean
relevance score is 73.7%. The screen-segment quality-
control stage accepts 497 of 578 candidates, flags 39 for
human review, and rejects 42. These results show that
the pipeline consistently produces complete and structurally
valid multimodal outputs while identifying and isolating
lower-quality candidates.

These measurements validate pipeline completeness and
internal consistency rather than semantic correctness. Be-
cause the human-audit templates have not yet been com-
pleted, we do not report caption factuality, hallucination
rate, QA accuracy, or graph semantic accuracy. This dis-
tinction prevents output-generation success or structural va-
lidity from being misinterpreted as human-verified annota-



tion quality.

7. Ethics, Privacy, and Limitations
Ego360 is collected under informed consent and only in en-
vironments approved by their owners or authorized man-
agers. Before release, every sequence is reviewed for per-
sonally identifiable information: visible faces are blurred,
other identifying content is removed or masked when nec-
essary, and only sequences that pass the de-identification
audit are retained. The release will document its intended
uses, licensing conditions, and data-access safeguards.

The current dataset is also subject to limitations.
Panoramic imagery can contain stitching artifacts, severe
distortion, motion blur, and self-occlusion, while pose and
scene reconstruction may degrade under weak texture, rapid
motion, or persistent occlusion. The participant, geo-
graphic, and task distributions may not represent the full
diversity of real-world human activity. Finally, the initial
release focuses on data quality and observational coverage;
downstream VLA pretraining and human-to-robot transfer
remain future evaluations.

8. Conclusion
We introduced Ego360, a panoramic egocentric dataset
that preserves environmental context, human motion,
hand–object interaction, task-oriented speech, and world-
referenced geometry within a unified demonstration record.
Its privacy-aware construction pipeline and structured mul-
timodal supervision turn continuous 360◦ experience into
reusable data for embodied learning. By establishing the
data, annotation, and evaluation foundations first, Ego360
enables future work on VLA pretraining, world modeling,
and human-to-robot transfer without tying the resource to a
single model or platform.
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