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Fig. 1: Introducing EGOHUMANOID, the first investigation on human-to-humanoid transfer for whole-body loco-manipulation.
Robot teleoperation data collection is constrained to laboratory environment due to hardware and safety limitations, while in-
the-wild human demonstrations offer scalable diversity in objects, scenes, lighting, and viewpoints. Our alignment pipeline
bridges the embodiment gap through view and action alignment, enabling vision-language-action (VLA) co-training on both data
sources. Real-world loco-manipulation deployment validates that egocentric human demonstrations invigorate generalization
without scene-specific robot data, outperforming robot-only baselines by 51% with consistent scaling behavior.

AbstractNHuman demonstrations offer rich environmental di-  alignment pipeline lies two key components. The view alignment
versity and scale naturally, making them an appealing alternative reduces visual domain discrepancies caused by camera height
to robot teleoperation. While this paradigm has advanced robot- and perspective variation. The action alignment maps human
arm manipulation, its potential for the more challenging, data- motions into a unibed, kinematically feasible action space for
hungry problem of humanoid loco-manipulation remains largely humanoid control. Extensive real-world experiments demonstrate
unexplored. We present EsOHUMANOID , the brst framework to  that incorporating robot-free egocentric data signibcantly out-
co-train a vision-language-action policy using abundant egocen- performs robot-only baselines by 51%, particularly in unseen
tric human demonstrations together with a limited amount of environments. Our analysis further reveals which behaviors
robot data, enabling humanoids to perform loco-manipulation transfer effectively and the potential for scaling human data.
across diverse real-world environments. To bridge the embodi-
ment gap between humans and robots, including discrepancies
in physical morphology and viewpoint, we introduce a systematic . INTRODUCTION
alignment pipeline spanning from hardware design to data

processing. A portable system for scalable human data collection  Hymanoid robots hold immense promise for operating

is developed, and we establish practical collection protocols 10 ,.roeq diverse human-centric environments, from household
improve transferability. At the core of our human-to-humanoid . . . S

assistance to outdoor service scenarios [23]. These applications
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close orchestration of whole-body locomotion and dexterous
manipulation [38, 54, 77]. Unlike fixed-base manipulators [31,
5, 70], robots must navigate through varied spaces, adjust their
body posture for reachability, and manipulate objects, all while
maintaining dynamic balance in unstructured environments.

Despite rapid progress in model architectures and control
algorithms, learning humanoid loco-manipulation remains bot-
tlenecked by the scarcityof diverse, large-scale demonstration
data. Existing approaches [18, 3] primarily rely on robot
teleoperation, which provides embodiment-consistent super-
vision but suffers from high cost, operational complexity,
and hardware instability [38, 25, 73]. Moreover, it confines
data collection to the laboratory environment, as transporting
humanoid platforms and teleoperation equipment such as mo-
tion capture suits to diverse real-world scenarios, e.g, homes,
parks, stores, outdoor spaces, is often impractical [81, 74].

We instead provide a compelling alternative based on
the simple observation: humans naturally perform loco-
manipulation tasks every day, exactly across the environments
where robots are expected to operate. Recent advances in
wearable sensing [15, 22, 50] make it possible to capture
egocentric human demonstrations using lightweight, portable
devices, without requiring any robot hardware. This paradigm
offers scalable access to behaviorally rich and environmentally
diverse data, and has induced progress in robot manipulation
and navigation [32, 29, 55, 83, 49, 30, 10].

However, applying egocentric human demonstrations to
humanoid control is far from straightforward due to the funda-
mental embodiment gapgHumanoid robots differ substantially
from humans in morphology and kinematics, including limb
proportions and joint limits [78, 65]. Egocentric visual obser-
vations also differ — humans observe their own hands and body,
whereas robots perceive metallic manipulators from distinct
viewpoints [12, 81]. Moreover, motion dynamics diverge, as
human walking patterns, body sway, and balance strategies do
not directly transfer to robots with different mass distributions
and actuation constraints [49, 83]. Collectively, these discrep-
ancies are pronounced in loco-manipulation, where whole-
body movement amplifies viewpoint change and introduces
substantial motion variation in the egocentric observations.

To this end, we present EGOHUMANOID, a systematic
framework for human-humanoid co-training as described in
Fig. 1. Our key insight is that while low-level actions are
embodiment-specific, high-level behavioral structures (e.g,
navigation routes, object approach strategies, and task decom-
position) could transfer reliably when observations and mo-
tions are properly aligned. Moreover, human demonstrations
in diverse real-world settings expose policies to variations that
robot-only data rarely covers, enabling stronger in-the-wild
generalization. Accordingly, we build a data collection sys-
tem that captures both robot-free human demonstrations and
teleoperated humanoid robot data. The portable human setup
integrates a VR headset, body trackers for pose estimation, and
an egocentric camera, enabling scalable collection in varied
scenarios without robot hardware. Complementary robot data,
collected via VR-based teleoperation, provides embodiment-

accurate supervision for manipulation-intensive behaviors.

The embodiment alignment pipeline is proposed to convert
human demonstrations into robot-compatible training signals.
Our approach focuses on two core components. The view
alignment reduces visual discrepancies by transforming human
egocentric observations to approximate robot viewpoints using
depth-based reprojection and inpainting. The action alignment
employs a unified action space shared by humans and robots,
using delta end-effector poses for upper body control and dis-
crete commands for locomotion. Together, these mechanisms
guarantee the VLA policy co-training on both data sources.

EGoHumMANOID is validated on a Unitree G1 humanoid
robot across four indoor and outdoor loco-manipulation tasks.
Experiments demonstrate that incorporating human data sig-
nificantly improves policy performance by 20% on average and
enables generalization to scenes not covered by the robot data,
yielding a 51% performance gain. Through extensive ablation
studies, we scrutinize the transfer mechanism for sub-tasks,
validate the scaling effectiveness, and identify critical design
choices in our alignment pipeline.

In summary, the contributions are: (a) The brst endorse-
ment of human-to-humanoid transfer for whole-body loco-
manipulation tasks. We show that egocentric human data
effectively enhances humanoid policy through co-training,
establishing the feasibility of cross-embodiment transfer with
an integrated data collection and training framework. (b) A
principled embodiment alignment pipeline. We propose
practical strategies to bridge human-robot embodiment gaps,
combining view alignment to mitigate visual disparities and
action alignment to enforce kinematic feasibility. (c) Compre-
hensive real-world evaluation and analysisWe characterize
which behaviors transfer effectively, how to scale human data,
and exhibit that human data substantially boosts generalization
beyond the robot-only training environment.

We hope this study could encourage broader exploration of
egocentric human data as a scalable pathway toward generaliz-
able humanoid control, and lay the groundwork for transferring
human behaviors to complex loco-manipulation skills.

Il. RELATED WORK
A. Egocentric Human Data for Robots

Egocentric human data has emerged as a promising source
for robot learning, offering scalable collection in diverse
environments without robot hardware. Various systems enable
robot-free data capture, including handheld grippers with
mounted cameras [12, 80], wearable glasses [15], and VR/AR
headsets such as Apple Vision Pro, Meta Quest, and PICO.
Such data has been leveraged in multiple ways for embodied
Al. One line of work trains vision-language models on large-
scale egocentric datasets [21, 22, 67, 39, 36, 76] to enhance
scene understanding and spatial reasoning, with applications
in embodied question answering [42] and egocentric decision-
making [62]. For robot policy learning, prior work primarily
adopts a pretraining-then-finetuning paradigm, using human
data to learn visual representations [43, 41, 75], motion
priors [44, 82, 66, 71], or latent action embeddings [68, 6, 27],
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Fig. 4: Humanoid loco-manipulation tasks for evaluation.We design four tasks which span varying levels of difficulty for
large-space movement and dexterous manipulation. Robots are teleoperated in laboratories as the source domain (Top). Human-
centric scenes occur in human demonstrations only (Middle), and set as testbeds for generalization evaluation (Bottom).

Fig. 5: Performance of human-robot data co-training with EGOHUMANOID . Our pipeline achieves unanimous improvements
over robot-only baselines across in-domain and generalized environments. The boost is amplified in robots’ unseen settings.

A. Real-world Experimental Setup

We design four loco-manipulation tasks requiring tight
coordination between locomotion and manipulation, illustrated
in Fig. 4. All tasks involve non-trivial locomotion (1-5m),
distinguishing them from fixed-base bimanual manipulation.
Navigation accuracy subsequently impacts manipulation suc-
cess: suboptimal stopping positions render subsequent manip-
ulation infeasible. The variance in stopping positions across
trials further requires policies to generalize across viewpoints
and object configurations.

The four tasks are: (1) Pillow Placement. The robot
carries a pillow to a bed and places it at a target location. This
task tests stable locomotion with a bulky object and placement
on a deformable surface. (2) Trash Disposal . The robot
carries garbage (crumpled paper or a can) to a waste container
with lids, inserts it horizontally into the hole rather than

dropping from above, requiring precise localization and end-
effector control. (3) Toy Transfer. The robot approaches
a toy on a surface, grasps it, reorients, walks to a distant
table, and places the toy down. This task evaluates sequential
coordination across approach, grasp, in-hand locomotion, and
placement. (4) Cart Stowing. The robot pushes a cart
to a product display, grasps a toy, places it in the cart, and
pushes the cart away. This task involves sustained contact
during locomotion and multi-phase manipulation.

We conduct 20 trials per setting with position perturbations,
and normalized scores are adopted to evaluate the performance
of each trial. We delineate complementary experimental details
in Appendix C2, and list our scoring criteria in Appendix D.

B. Will human data improve humanoid loco-manipulation?

We evaluate whether co-training with robot-free egocen-
tric demonstrations enables humanoid policies to generalize
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Fig. 7: Scaling human demonstrations with various training-time data sampling strategiesMore human demonstrations,
from robot-only (0 Human Demos) to 3x robot data (300 Human Demos), principally yield improved loco-manipulation
performance in generalized scenarios. The optimal sampling ratio depends on task characteristics: manipulation-heavy tasks
favor higher robot data ratios, while navigation-dominant tasks benefit from more human data.
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Fig. 8: View alignment ablation. View alignment is essential
for effective human-robot co-training, especially for tasks
involving variable object heights such as Toy Transfer.

E. View Alignment Ablation

We ablate the effect of view alignment in Fig. 8. View
alignment yields consistent improvements across all tasks,
with the largest gains on Toy Transfer and Cart Stowing.
Both tasks involve objects placed at varying heights, creating
deployment viewpoints that differ from both data sources:
human demonstrations are captured from a higher camera
position, while robot data is collected with objects at different
heights. Without view alignment, the policy encounters out-of-
distribution viewpoints from either source. Our view transfor-
mation bridges this gap by reprojecting human observations
to the robot’s camera height with added pose perturbations,
exposing the policy to broader viewpoint variations during
training. Visualizations are provided in Appendix E.

F. Scene Diversity in Human Data

We further investigate how scene diversity affects co-
training. Fixing the data quantity at 100 robot and 300 human
demonstrations, we vary only the number of distinct human
scenes and evaluate zero-shot in a novel scene unseen during
training (Table 11). The score rises monotonically from 57.5%

(robot-only) to 82.5% with three scenes, indicating that scene
diversity is a key driver of generalization even at fixed data
quantity.

G. Data Collection Efbciency

As shown in Table Ill, human demonstrations are roughly
2x faster than robot teleoperation across all four tasks, reduc-
ing the per-episode collection time from 62.1s to 39.7s on
average.

V. DISCUSSIONS

Our work demonstrates inspiring pioneering results of learn-
ing humanoid loco-manipulation from human data, boosting
robot-only baselines by a large margin as shown in Fig. 5. Yet,
the overall success rate is not satisfactory, and typical failure
cases are characterized in Fig. 6. Due to the instability of the
humanoid and the huge embodiment gap, we find a bunch
of critical factors that affect the performance significantly,
even when equipped with the proposed pipeline. We present
the devil in the details below, and also incorporate practical
guidelines for data collection in Appendix B.

Action Representation.Two candidate action spaces exist for
human-robot alignment: absolute end-effector pose in camera
frame and delta end-effector pose. We adopt the latter be-
cause human and humanoid morphologies yield systematically
different hand-to-camera distances—human arms are typically
longer relative to torso height, resulting in different absolute
position distributions even for functionally equivalent poses.
Delta end-effector naturally shares an identical action space.
However, delta end-effector poses present a fundamental
limitation: the correspondence between human hand orien-
tation and robot gripper orientation is ambiguous. While
we define explicit pose correspondences, these mappings are
difficult to infer from visual observations alone. Consequently,
without proprioceptive input, precise rotation transfer remains
challenging—the policy cannot reliably disambiguate intended
end-effector orientations from egocentric images, limiting fine-
grained rotational control in manipulation tasks.
Data Scale Requirements.Humanoid loco-manipulation

presents unique data efficiency challenges compared to fixed-
base manipulation. These tasks require the robot to first
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