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Figure 1. Whole-Body Mobile Manipulation Interface (HoMMI). (a) We extend UMI with egocentric sensing to enable scalable mobile
manipulation with active perception. (b) However, the new egocentric view creates a substantial embodiment gap in both observation
and action space, making policy transfer difficult. (c) We bridge this embodiment gap by carefully redesigning the visual and action
representations and integrating them with a constraint-aware whole-body controller. Together, HOMMI is able to learn diverse mobile

manipulation skills directly from human demonstrations, without any robot teleoperation data.

Abstract

We present Whole-Body Mobile Manipulation Interface
(HoMMI), a data collection and policy learning framework
that learns whole-body mobile manipulation directly from
robot-free human demonstrations. We augment UMI inter-
faces with egocentric sensing to capture the global context
required for mobile manipulation, enabling portable, robot-
free, and scalable data collection. However, naively in-
corporating egocentric sensing introduces a larger human-
to-robot embodiment gap in both observation and action
spaces, making policy transfer difficult. We explicitly bridge
this gap with a cross-embodiment hand-eye policy design,
including an embodiment agnostic visual representation; a
relaxed head action representation; and a whole-body con-

troller that realizes hand-eye trajectories through coordi-
nated whole-body motion under robot-specific physical con-
straints. Together, these enable long-horizon mobile manip-
ulation tasks requiring bimanual and whole-body coordina-
tion, navigation, and active perception.

1. Introduction

Achieving generalizable and effective mobile manipulation
requires seamless whole-body coordination, which con-
sists of coordinating diverse sensory inputs (e.g., egocen-
tric head-mounted cameras to eye-in-hand wrist cameras)
and complex action spaces (e.g., between the arms, torso,
head, and base movements). Manually programming such
intricate coordination for the vast variety of real-world tasks
is prohibitively difficult, making learning from human a
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Figure 2. System Overview. We learn whole-body mobile manipulation from human demonstrations with an intuitive data collection inter-
face (§ 3), a cross-embodiment policy design with an embodiment-agnostic visual representation and a relaxed head action representation
(§ 4), and a whole-body controller that achieves hand-eye tracking through whole-body motions respecting physical constraints (§ 5).

promising alternative.

However, existing human demonstration paradigms
mostly rely on robot teleoperation, which is expensive,
slow, and unintuitive to deploy for mobile manipulators
across diverse real-world settings. Handheld data collec-
tion devices such as UMI [2] offer a more scalable solu-
tion. They essentially learn end-effector motions through
handheld grippers with wrist-mounted camera observa-
tions, allowing portable and robot-free demonstration col-
lection. However, wrist-centric sensing provides only local
views around the end-effectors and often under-observes the
global context needed for navigation, bimanual coordina-
tion, and task progress tracking.

Adding an egocentric view (i.e., head-mounted camera)
is a natural solution to fill this gap. By capturing the broader
workspace, the spatial relationship between hands, as well
as humans’ active perception behaviors, egocentric views
provide critical information that wrist cameras lack. How-
ever, naively incorporating egocentric sensing into UMI
Jramework introduces a larger human-to-robot embodi-
ment gap, including:

* Visual gap: Human and robot arms differ in appearance,
and egocentric viewpoints vary due to height discrepan-
cies between human and robot embodiments.

* Kinematic gap: Humans and robots differ in body mor-
phology and neck degrees of freedom. Directly regress-
ing and tracking both hands and head 6-DoF trajectories
often yield infeasible robot motions.

As a result, prior egocentric systems either rely on ad-
ditional teleoperation data for action grounding [5, 12], or
restrict the application domain to fixed-base bimanual ma-
nipulation without whole-body coordination [9, 11]. This
paper aims to scale mobile manipulation learning by aug-
menting the UMI framework with egocentric observation,
while explicitly bridging the embodiment gap. Our system
highlights the following key technical contributions:
¢ HoMMI Data Collection System: We extend the bi-

manual UMI framework with a head-mounted cam-

era. Using the iPhone ARKit, the system enables syn-
chronous capture of multi-view video and 6-DoF poses

within a unified global coordinate frame.

* Embodiment-Agnostic Vision Representations: To
bridge the observation gap, we use a 3D visual repre-
sentation for egocentric observations. This allows us to
use embodiment-agnostic coordinate frames (i.e., end-
effector frame), and remove embodiment-specific obser-
vations (e.g., demonstrator’s arms and body), mitigating
appearance and viewpoint mismatches.

* Relaxed Head Action Representation: Since our ego-
centric representation is view-agnostic, we represent the
robot gaze as a “3D look-at point” to bridge the kine-
matic gap. Compared with directly copying the 6-DoF
human head poses, which is often kinematically incom-
patible with robot, this relaxed action representation en-
ables effective transfer of active perception strategies to
robots with disparate heights and joint constraints, with-
out sacrificing the end-effector tracking accuracy.

* Constraint-Aware Whole-Body Control: We design a
whole-body controller that coordinates whole-body mo-
tions to precisely track end-effector trajectories for accu-
rate manipulation, while respecting the constraints in a
bimanual mobile robot for stable and safe motions.

Together, these ideas enable a scalable, in-the-wild hu-
man demonstration collection that is directly transferable to
real robots. We demonstrate that our system achieves pre-
cise, long-horizon, and spatially complex whole-body mo-
bile manipulation tasks, including active search, manipula-
tion, and navigation across large workspaces.

2. Design Objectives

The goal of this paper is to design a general learning from

demonstration framework for whole-body mobile manipu-

lation for diverse manipulation tasks. To meet this require-

ment, we target the following system capabilities:

* Scalability: fast, intuitive, and portable demonstration in-
terface for data collection in diverse environments.

* Transferability: overcoming both visual and kinematic
embodiment gaps from human demonstrators to robots.

» Whole-body coordination:  efficiently coordinating
whole-body action to realize both precise end-effector
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Figure 3. Embodiment-Agnostic Visual Representation. We

use a 3D representation for egocentric observations that allows us-

ing an embodiment-agnostic gripper coordinate frame, and mask-

ing out embodiment-specific arms and body observations. )
tracking for accurate manipulation and effective active

perception to gather task-relevant information.

As shown in Fig. 2, we achieve scalability through an in-
tuitive data collection interface (§ 3), transferability through
a cross-embodiment hand-eye policy (§ 4), and whole-body
motion through a whole-body controller (§ 5) executing pol-
icy outputs under physical constraints.

3. HoMMI Data Collection Interface

To enable scalable, robot-free demonstration data collection
for bimanual mobile manipulation, we adapt the UMI grip-
per design while extending it with an egocentric view and
head motion capture. Concretely, the data collection sys-
tem uses three iPhones: two mounted on the grippers and
one mounted on a cap (Fig. 2 left). We leverage Apple’s
ARKit multi-device collaboration to establish a shared co-
ordinate frame across phones. During each demonstration,
we record RGB video, depth maps, 6-DoF poses, and grip-
per widths at 60 Hz on all three iPhones, producing synchro-
nized multimodal trajectories that are directly consumable
by our downstream policy learning pipeline (§ 4).

4. Cross-embodiment Hand-Eye Policy
Leveraging the collected data, we train an end-to-end vi-
suomotor policy based on Diffusion Policy [1, 3]. At each
time step ¢, the policy conditions on a short observation win-
dow O; = 0;-7,41,...,0, and predicts a horizon of actions
A = aiaq,--- s Q1T - However, naively adding head RGB
and directly predicting head pose substantially enlarges the
embodiment gap, often leading to deployment failures. We
therefore introduce three key designs: (1) a 3D visual repre-
sentation, (2) a 3D look-at point action representation, and
(3) a gripper-centric observation-action frame. The center
of Fig. 2 shows an overview of our policy.

4.1. 3D Visual Repr. to Mitigate the Visual Gap

Head-mounted RGB cameras often exhibit larger viewpoint
and appearance differences between the human and robot
compared to wrist-mounted cameras. Consequently, in-
stead of directly feeding head RGB to the policy, we lift
the egocentric observations into 3D and encode them with
geometry-aware tokens, inspired by Adapt3R [7]. As shown

attnspool

2D DINO feature

CLS|[tok

in Fig. 3, for each head camera frame, we first obtain
a pointmap, then patchify and downsample it via nearest
neighbor interpolation s.t. each 16 x 16 patch corresponds
to one 3D point. We then process the RGB frame by ex-
tracting a DINO-v3 ViT patch feature [6, 8] for each patch.
These features are lifted to 3D by concatenating them with
a sinusoidal encoding of the corresponding 3D point, tying
appearance to geometry and making the feature robust to
head pose and height changes. To further reduce the appear-
ance mismatch, we mask out arm points by transforming
the pointmaps into left/right gripper frames and discarding
points with z < 0, since arms originate behind the grippers.
Finally, we use an attention pooling layer to process all to-
kens and obtain a head observation embedding.

4.2. 3D Look-at Point Action Repr. to Mitigate the
Kinematic Gap

Mobile robots have dif-
ferent kinematics than hu-
man demonstrators (e.g.,
shorter torso and fewer de-
grees of freedom in the
neck). As a result, di-
rectly mimicking 6-DoF
head poses from human
data can easily produce
infeasible motions. We
instead control head mo-
tion via a 3D look-at
point (; € R3 (Fig. 4).
This relaxed representa-
tion preserves active per-
ception intent while re-
specting kinematic con-
straints (Fig. 5a).

6-DoF Demo
Head Pose

Figure 4. Look-at Point Action
Representation. To bridge the
kinematic gap (e.g., height and
neck DoF), we relax the head
action constraint by representing
the robot gaze as a “3D look-at
point”.  This representation al-
lows effective active perception
for gathering task-relevant infor-
mation without over-constraining
the robot to mimic human head
motions exactly.

During training, the
look-at point is computed
as the intersection of the
center camera ray with the scene pointmap. At inference,
the head controller converts #; to a feasible head orientation
by constructing a rotation whose forward axis points
toward ¢,. Let ¢, € R? be the current head position and let
R = [xt YV zt] € R3*3 be the current head orientation,
where x; denotes the current head x-axis. We define the
desired viewing direction as a unit vector pointing from
the current position to the look-at point, d, = ”Z:Z”. We
then project the current x-axis onto the plane orthogonal

A~ A A ]
to dp, X, =x — (x'd,)d % = Hiﬁ’ and construct the

remaining axis y; = d, x %. The target head rotation is then
R =1[% 5 d}] . If ||x}]| is near zero, we replace x; with
a fixed world-up vector before projection. This yields a
feasible head command without constraining the policy to
robot-specific pose limits.
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4.3. Gripper-Centric Frame for Spatial Awareness

Hand-eye coordination requires a reference frame that
keeps observations and actions in-distribution. Egocen-
tric frames shift with head motion and embodiment differ-
ences (height, neck DoF, camera placement), hurting trans-
fer from human demonstration to robot. We express ob-
servations and actions in a gripper-centric frame by trans-
forming gripper poses, head pointmaps, and look-at points
to the left-gripper frame, so the policy reasons in a consis-
tent spatial frame. This anchors observation and action to
the manipulators, improving spatial awareness and reduc-
ing cross-embodiment mismatch over an egocentric frame
that drifts with out-of-distribution (OOD) head motion.

5. Constraint-Aware Whole-body Controller

Our policy outputs end-effector poses and look-at points; a
whole-body controller solves joint actions and base motions
for end-effector tracking. The controller must achieve: ac-
curacy (low tracking error), smoothness (non-jerky motion),
stability (no falls or self-collisions), and human-likeness
(similar range of motion as the demonstrator).

To satisfy these requirements, we implement a differen-
tial whole-body IK solver using Mink [10] with (i) high-
weight bimanual SE(3) tracking terms to prioritize accu-
racy, (ii) temporal command interpolation combined with
posture and velocity regularization to encourage smooth
motions, (iii) explicit constraints and tasks such as torso up-
right orientation, center-of-mass (CoM) support, and self-
collision avoidance, to ensure stability; and (iv) regulariza-
tion toward a nominal “human” posture and a balanced al-
location between arm motion and base motion to produce
human-like behavior (Fig. 5b).

Concretely, let Ag € R™ be the velocity DoFs, define
the objective function f(Aq) = Cee(Aq) + Crominal(Ag) +
Ceurrent(Aq) + Ceom(Ag).  The costs include (1) Cee end-
effector pose tracking (primary task); (2) Crominal @ NOminal
posture task to bias toward a preset human-like configura-
tion; (3) Ceurrent @ current posture task to discourage sudden
posture changes; and (4) Ccom @ CoM-over-base task to keep

w/o Center-of-Mass
Support
Figure 5. HoOMMI Whole-Body Controller achieves precise end-effector trackmg for accurate manipulation and effective active perception

for information gathering. To do so, it uses (a) a relaxed head look-at point action representation that allows accurate bimanual end-effectors
SE(3) tracking, circumventing the infeasibility and increased error associated with simultaneous 6-DoF head-hand tracking. Additionally,
we apply (b) constraints and regularization to ensure stability and prevent disastrous behaviors that would otherwise occur.

(b) Constraints and Regularization for Stable Motion
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Figure 6. Quantitative Results. Ours consistently outperforms
baselines across all three long-horizon mobile manipulation tasks.

the body mass supported by the base. At each timestep, we
solve for Ag using a constrained quadratic program,

i Ag) +A|Aq|l
pmin - f(8g)+A [1Aql2

s.t. Gcngq < hcfga Gjoint—velAq < hjoint—vel
Gbase-velAG < hpasevel,  GeollAG < heolt
AuprightAq =0

where A is the damping coefficient. The inequality con-
straints G jAq < h; encode configuration bounds G, joint
velocity bounds Gijoint.vel, base velocity bounds Gpase-vels
and collision avoidance limits G¢o). Finally, the equality
constraint AypighiAg = 0 enforces a zero-sum constraint on
the three torso joints for an upright posture.

6. Evaluation

We evaluate whether long-horizon mobile manipulation can

be learned directly from human demonstrations and trans-

ferred to a real mobile manipulator. We compare HoOMMI

to these baselines and ablations, with results in Fig. 6:

* Wrist-Only (UMI): the original UMI [2, 4] setup, us-
ing wrist RGBs as input and gripper poses as output.

* RGB-Only (UMI+Ego): naively adding head RGB to
the UMI design and predicting gripper and 6-DoF head
actions directly.

* Head-Only: removing wrist RGBs from Ours policy
observation and only using the 3D head observation.

* w/o Active Neck: running Ours policy but dis-
abling head motion control.
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