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Figure 1. Overview of the DexRoam framework. DexRoam unlocks motion-level human data for mobile bimanual dexterous
manipulation by transforming egocentric whole-body demonstrations into a continuous, coupled, robot-compatible action space.
DexRoam provides a complete pipeline for tracker-free human motion capture, human-to-robot alignment, and VLA-based policy

learning, enabling scalable learning from human demonstrations.

Abstract—Mobile bimanual dexterous manipulation requires
continuous coordination of locomotion, whole-body motion, and
finger-level dexterity within a single trajectory, creating a severe
robot demonstration bottleneck. Egocentric human demonstra-
tions offer a scalable alternative, but prior approaches ease the
transfer by simplifying human motion, discarding exactly the
fine-grained, coupled structure such tasks depend on. We present
DexRoam, a complete system for learning mobile bimanual
dexterous manipulation from human demonstrations, in which
whole-body motion remains continuous and coupled throughout
the human-to-robot transfer process. To enable scalable collection
of whole-body human manipulation demonstrations, we develop
a tracker-free capture system using only a consumer VR headset
and a head-mounted stereo camera, without external cameras

or motion trackers. We then perform three explicit alignment
stages—embodiment, action-semantic, and temporal—to map
captured motion into the robot action space, preserving fine-
grained whole-body motion and allowing human and robot
demonstrations to be jointly learned by standard VLA policies.
Real-world experiments with different VLA backbones show
that human demonstrations consistently improve policy learning
across training paradigms, raising average success from 29%
to 56% on GROOT N1.7 and from 32% to 57% on 7o.5, while
matching robot-only training with half the robot demonstrations.
Ablations confirm that each alignment stage is necessary. These
results highlight the potential of human demonstrations for
scalable whole-body mobile manipulation with preserved fine-
grained motion structure.


https://dexroam.github.io/

I. INTRODUCTION

Mobile bimanual dexterous manipulation requires robots
to simultaneously perform locomotion, torso adjustment, bi-
manual coordination, active vision, and finger-level dexter-
ous interaction within a single trajectory. Unlike isolated
manipulation or locomotion, these tasks require continuous
coordination among multiple body components throughout
execution. Training such systems therefore demands large-
scale, high-quality whole-body action data. However, collect-
ing robot demonstrations at this scale remains challenging
as robot embodiments become increasingly complex. Exist-
ing mobile manipulation platforms, such as Human Support
Robot [1]] and Stretch [2f], provide important foundations for
embodied intelligence, while recent whole-body teleoperation
systems extend data collection toward bimanual and humanoid
manipulation through bilateral interfaces, kinematic-matched
platforms, and wearable devices [3]-[6]]. Nevertheless, these
approaches require increasingly specialized hardware inter-
faces, making large-scale data collection for mobile bimanual
dexterous robots expensive and difficult to scale.

Egocentric human demonstrations provide a scalable al-
ternative for alleviating the robot data bottleneck. Large-
scale egocentric datasets have revealed rich human activ-
ity priors [7]-[9)], while recent systems enable collecting
robot-relevant human demonstrations through scalable inter-
faces [10]-[13[]. Building on these advances, recent works
demonstrate that human demonstrations can directly improve
robot policy learning for dexterous manipulation [[14]-[16], bi-
manual manipulation [17]], and vision-language-action models
trained from egocentric data [[18]]. However, directly transfer-
ring the full human motion space to robots remains challenging
due to differences in morphology, control interfaces, and
execution timescales between humans and robots.

To reduce this transfer difficulty, prior human-to-robot
works often simplify or restructure human motion represen-
tations before policy learning. Instead of directly transferring
the complete human motion space, these approaches introduce
structured intermediate representations that reduce embodi-
ment discrepancies and make robot learning more tractable.
Recent mobile whole-body manipulation systems adopt dif-
ferent forms of such representation transformations, including
simplified locomotion and hand representations [19]], phase-
based decomposition of navigation and manipulation [20]], and
controller-assisted whole-body execution through task-level
targets [21]-[24]. Other approaches avoid directly transferring
human actions and instead leverage human videos for repre-
sentation learning or foundation model pretraining [25[]—[28].

These representation transformations reduce the complex-
ity of human-robot transfer, but they inherently introduce
a trade-off between transferability and preserving human
motion information. This trade-off is often acceptable for
robots with limited action complexity and weak whole-body
coupling, but becomes restrictive for mobile bimanual dex-
terous manipulation, where successful execution requires con-
tinuous coordination among locomotion, upper-body motion,
and dexterous interaction. Specifically, existing approaches
face several limitations. First, compressing continuous human

motion into discrete or low-dimensional representations can
remove fine-grained motion variations, preventing policies
from fully exploiting the structure in human demonstrations.
Second, decomposing long-horizon behaviors into independent
phases can weaken dependencies between different stages of
execution, making it difficult to jointly learn locomotion and
upper-body manipulation within a unified policy. For example,
separating navigation and manipulation limits the ability to
perform tasks requiring tightly coupled arm—base coordination.
Finally, in mobile bimanual manipulation, the motion of one
body component often changes the feasible workspace and
control constraints of others. Representing the base, torso,
arms, and hands as independent control objectives ignores
these interactions, limiting the ability to learn the whole-body
coordination required for mobile dexterous manipulation.

This raises the central question of this work: Can human
demonstrations be transferred to robots while resolving
embodiment mismatch and preserving the fine-grained mo-
tion structure required for complex whole-body behaviors?

We present DexRoam (Fig. [I), a complete system that
answers this question by learning mobile bimanual dexterous
manipulation from human demonstrations end to end, spanning
portable egocentric capture, explicit whole-body human-to-
robot alignment, and real-robot policy learning. The system
is built around a single design principle: the continuous,
coupled structure of whole-body motion is carried from the
demonstrator’s body to the robot’s action chunks without
discretized locomotion primitives, phase decomposition, or
independent per-component control. Each stage is designed so
that the continuous, coupled structure of whole-body motion
survives from the demonstrator’s body to the robot’s action.

The first stage is a tracker-free egocentric whole-body
capture system. It recovers whole-body human motion to-
gether with egocentric video using only a consumer VR
headset and a head-mounted stereo camera, requiring no
external cameras, environment markers or body-worn trackers.
The camera stream is displayed inside the headset in real
time, so the demonstrator’s view during collection is exactly
the observation the policy later sees. This keeps collection
portable and scalable, while providing raw whole-body motion
in human space as the input to the rest of the system.

The second stage is explicit human-to-robot alignment,
which brings this motion into the robot’s action space with-
out compressing it. Three mismatches are resolved in turn.
Embodiment mismatch, from structural differences between
humans and robots, is handled by root-centric whole-body
retargeting. Action-semantic mismatch, between human motion
representations and robot control interfaces, is handled by
robot-centric relative action construction. Temporal mismatch,
from the different execution timescales of humans and robots,
is handled by task-progress temporal resampling. After align-
ment, human and robot demonstrations occupy the same
observation—action space, so a standard VLA policy trains on
both jointly, without human-specific action heads, and directly
predicts complete whole-body action chunks.

We validate the full pipeline on a real mobile bimanual
dexterous robot across five manipulation tasks, two VLA



backbones, and varying robot-data budgets. Transferred human
trajectories replay on the robot with centimeter-level error
and no IK failures, and alignment substantially reduces the
human-robot action distribution gap. Training on the aligned
data improves policy performance consistently across tasks
and backbones, and matches robot-only training with half the
robot demonstrations. Ablations show that removing action-
semantic or temporal alignment substantially degrades the
policy, confirming that each stage is necessary for the pipeline
to work. Our contributions are:

e DexRoam, a complete working system for learning mobile
bimanual dexterous manipulation from human demonstra-
tions, integrating portable egocentric capture, explicit whole-
body alignment, and real-robot policy learning under a
single continuous, coupled action interface.

o A tracker-free egocentric whole-body capture system that
records full-body motion, hand articulation, and egocentric
stereo video with only a consumer VR headset and a head-
mounted camera, with in-headset streaming that keeps the
demonstrator’s view consistent with the policy observation.

o An explicit three-stage alignment resolving embodiment,
action-semantic, and temporal mismatches while preserving
continuous whole-body motion structure, so that human and
robot data are interchangeable for a standard VLA policy.

o Extensive real-world evaluation across five tasks, two VLA
backbones, and different robot-data budgets, covering tra-
jectory executability, distribution alignment, policy improve-
ment, data efficiency, and ablations.

II. PROBLEM DEFINITION

We study the transfer of human demonstrations to mobile
bimanual dexterous robots. We define the robot whole-body
action space as 4, spanning the mobile base, torso, dual
arms, active head, and dexterous hands, and require that the
transferred demonstrations satisfy a fine-grained whole-body
action interface with three properties: (1) Continuous action
space. All action dimensions remain continuous rather than
being discretized. (2) Temporally continuous prediction. The
complete action sequence is continuously predicted by a single
policy, without phase switching at deployment. (3) Coupled
whole-body prediction. Actions of all body components
are jointly modeled in a unified policy output space, rather
than being treated as independent control objectives during
deployment. Under this setting, we study how to effectively
transfer human demonstrations to mobile bimanual dexterous
robots while satisfying the above action interface constraints.

The training corpus consists of two sources: robot demon-
strations D,opot collected on the target embodiment, whose
actions already lie in .4, and human demonstrations Dyyuman,
whose motions reside in human space. We therefore require a
human-to-robot transformation R satisfying two conditions:

R(Dhuman) €S, PR(Duuman) = PDiovor»

where S is the observation—action space of the target
embodiment, whose action component 4 satisfies the three
properties above. The first condition makes both sources

consumable by a single policy without human-specific action
heads; the second ensures the transferred data do not pull
the policy away from the action distribution it encounters at
deployment. Only under both conditions can R(Dpyman) and
Drobot be trained on jointly under a single objective. We define
the policy as mp(A; | I;, Pt £), where the policy receives
an egocentric visual observation I;, a proprioceptive state
history P;, and a language instruction ¢, and outputs a con-
tinuous whole-body action chunk A; € A. After alignment,
transformed human demonstrations join the training corpus D
alongside robot demonstrations, enabling joint learning under
the same policy and action interface.

III. DEXRoAM

In this section, we present DexRoam. Sec. introduces
the data collection system, Sec. presents the three-stage
alignment addressing embodiment, action-semantic, and tem-
poral mismatches, and Sec. describes policy learning
under the unified observation—action interface.

A. Hardware Platform and Data Collection System

1) Hardware platform: The Astribot—XHand platform
comprises an omnidirectional mobile base, an actuated torso,
two 7-DoF arms, a 2-DoF active head, and two 12-DoF XHand
dexterous hands (Fig. 2, right), supporting coordinated whole-
body mobile dexterous manipulation.

2) Robot demonstration collection: We build a whole-body
teleoperation system (Fig. [Zh) for collecting robot demonstra-
tions on the target mobile bimanual dexterous platform. The
Meta Quest 3S captures upper-body poses, VR controllers
provide wrist pose commands, and MANUS Pro gloves cap-
ture hand motions, with these inputs jointly mapped to the
robot base, end-effectors, and XHand joints, enabling cou-
pled whole-body mobile dexterous teleoperation. The system
adopts a single-operator control paradigm, where the operator
simultaneously controls robot locomotion and whole-body
manipulation, eliminating the need for an additional operator
dedicated to base navigation. Since wearing gloves makes con-
ventional keyboard or button-based interaction inconvenient,
we further design a gesture-based interface for episode state
management, allowing the operator to start, stop, save, and
discard episode directly through hand gestures.

3) Tracker-free egocentric whole-body data collection:
Human demonstrations are captured with only a Meta Quest
3 headset and a head-mounted ZED Mini stereo camera
(Fig. 2b), requiring no external motion-capture cameras, no
environment markers and no body-worn trackers. The Meta
Quest 3 captures whole-body motion through WebXR [29],
including 6-DoF headset pose, 33 body-joint poses, and 25
hand landmarks per hand, which together form the whole-body
human state h;. Meanwhile, the ZED Mini records egocentric
stereo RGB images with timestamps, providing first-person
visual observations for each demonstration. Fig. b (right)
shows a captured whole-body mobile manipulation trajectory,
in which head pose, hand keypoints, and the full-body skeleton
evolve continuously as the demonstrator moves through the
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(a) Follow-style Mobile Dexterous Teleoperation (b) Tracker-Free Egocentric Whole-Body Human Data Capture System

Fig. 2. DexRoam data collection system. (a) Follow-style teleoperation lets one operator drive base, torso, arms, head, and dexterous hands simultaneously
via a Meta Quest 3S, VR controllers, and MANUS Pro gloves, with gesture-based episode management. (b) Tracker-free egocentric capture uses a Meta Quest
3 and a head-mounted ZED Mini to record 6-DoF head pose, 33 body joints, 25 joints per hand, and timestamped egocentric stereo RGB, with no external

cameras, marker or trackers. Real-time in-headset video streaming keeps the demonstrator’s view identical to the policy observation.

scene. A gesture-based interface is also designed for episode
management, allowing the operator to start, stop, save, and
discard recordings directly through gestures.

The key design choice of the capture system is egocentric
video streaming: the ZED Mini stream is displayed inside
the headset in real time (Fig. Zb), so what the operator
sees during collection is exactly the egocentric observation
used later for policy training. This keeps visual observation,
visual attention, and motor intent consistent throughout an
episode. Such consistency is important for mobile dexterous
manipulation, where the viewpoint continuously changes as
the robot moves its base, body, and head.

B. Human-to-Robot Alignment

DexRoam instantiates the human-to-robot transformation R
through three explicit alignment steps(Fig. [3), which resolve
embodiment, action-semantic, and temporal mismatches be-
tween human demonstrations and robot execution spaces.

1) Embodiment Alignment: Humans and robots have dif-
ferent kinematic trees, so neither joint angles nor global poses
can be copied directly into an executable action. To reduce
dependence on global coordinate frames and preserve body-
relative motion structure, we introduce a time-varying pelvis-
centric root frame Fy to align human motion with the robot
embodiment. The origin of Fy is the orthogonal projection
of the pelvis onto the ground plane (Projection in Fig. [3h);
its forward axis is the horizontal projection of the pelvis’s
local forward direction, and its vertical axis points opposite to
gravity. Let zg = —Wg denote the upward axis of the human
root frame, where Wg is the gravity vector expressed in the
world frame. The ground-plane projection operator is defined
as IIg =1 — sz}TI. Assuming that the world origin lies on
the ground plane, the pose of Fy; is defined as:

—

x¢ = Ilg Wipelvis,t, Yt = ZH X X¢,

WT _ | Xt Yt Zm HGwppclvis,t
Ht=10 0 0 1

Aligned with the robot base motion plane, Fy establishes
a human-centric reference frame shared by locomotion and
manipulation. It serves two purposes: transferring the human
locomotion trajectory to the robot chassis motion and rep-
resenting upper-body movements as body-relative trajectories,
reducing dependence on global scene coordinates. Specifically,
torso motion, head orientation, and wrist trajectories are ex-
pressed in Fy through

Hr = W) P Wy,

where J € {chest, head,l—wrist,r—wrist}. The resulting
relative trajectories are then converted into robot commands:
the human root trajectory is mapped to the chassis motion, the
chest pose is used as the torso target, and the left/right wrist
poses are transformed into arm end-effector targets. For the
head, although its pose is represented in Fy, only the yaw and
pitch components are extracted as the 2-DoF head command
due to the robot’s mechanical constraints. Fig. Bp illustrates
the resulting per-component trajectories in robot space. For the
dexterous hands, we adopt dex-retargeting [30|] to retarget hu-
man hand poses into the 12-DoF XHand commands, bridging
the morphology gap between human and robot hands.

2) Action-Semantic Alignment: Retargeting yields poses,
not actions: the goal is not merely to reach the robot’s pose
space, but to construct targets carrying the same semantics as
robot control. Absolute poses fail this test, as they still encode
demonstrator-specific configuration such as height, shoulder
width, arm length, and initial posture. We therefore express
continuous motion as relative transformations in each body
component’s local frame, which specify how a component
moves from where it currently is rather than where it should
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(c) Robot-Executable Action Sequence

Explicit human-to-robot alignment in DexRoam. (a) Human motion is expressed in a pelvis-centric root frame projected onto the ground plane,

yielding root/chassis, torso, wrist, and head trajectories free of global scene coordinates. (b) Embodiment alignment maps each component to its robot
counterpart, and action-semantic alignment re-expresses the results as robot-centric relative transformations. (c) Temporal alignment resamples N human
steps into N;- waypoints evenly spaced in task progress, matching the execution timescale of robot demonstrations.

be in absolute coordinates, and are thus independent of the
configuration in which the demonstration was recorded. For
upper-body components, poses are already represented in the
human root frame JFy;, we compute the relative motion for
J € {chest,l—wrist, r—wrist} as

AT = (") Ty

The resulting local transformations describe how each com-
ponent evolves from its current state and preserve transferable
motion patterns such as reaching, lifting, and retracting.

For locomotion, the root frame encodes the human move-
ment. We compute the relative transformation between con-
secutive root frames and represent it as planar motion:

AT = (W T,) Wi a1, A& = [Amy, Ayy, Aty] T

Since JFy is constructed on the ground plane with a gravity-
aligned vertical axis, its relative motion is inherently planar.
Compared with absolute trajectories, this representation re-
moves dependence on scene coordinates and initial positions
while providing explicit locomotion semantics, enabling con-
tinuous coupling between base movement and whole-body
manipulation. The 2-DoF head command and the 12-DoF hand
command already lie in robot joint space and are used directly.

3) Temporal Alignment: We align demonstrations by task
progress rather than wall-clock time. Humans complete the
same task faster and in fewer steps than the robot, so the
two advance task progress at different rates per policy step.
We resample each retargeted human trajectory into N, evenly
spaced waypoints in normalized task progress s € [0, 1], where
N, is the mean robot episode length for that task:

Tk = Interp(Tl;Nh, Sk), Sk

with N}, the original human trajectory length. After resam-
pling, the two sources advance the same fraction of task
progress per policy step, as illustrated in Fig. [Bk. The resam-
pled waypoints preserve the original spatial trajectory while
matching the temporal distribution of robot executions. Posi-
tions are interpolated linearly and rotations by SLERP, while
images and discrete signals use nearest-neighbor matching;
base yaw is unwrapped before interpolation to avoid discon-
tinuities around +m. Resampling only adjusts the temporal
discretization of the trajectories and does not modify the robot
control frequency or action chunk size.

After alignment, human and robot demonstrations become
interchangeable under the same policy interface. The resulting
action representation satisfies the three properties defined in
Sec. [lI} First, all actions remain continuous without discretiza-
tion. Second, the complete whole-body trajectory is predicted
by a single policy without phase-based execution. Third, all
body components are jointly represented in one unified action
space. This unified interface enables human demonstrations
to retain their fine-grained motion structure while becoming
executable in the robot action space.

4) Policy Learning: Because aligned human data and
robot data share the same observation—action space, they can
be directly consumed by a standard VLA policy without
human-specific action heads or input branches. We instantiate
mo(A¢| s, Py, ¢) with two VLA backbones, GROOT N1.7 [31]
and 7.5 [32]]. Each policy takes egocentric RGB observa-
tions, proprioceptive state history, and language instructions
as inputs, and predicts whole-body action chunks. We design
three strategies for incorporating aligned human demonstra-
tions into policy learning: Human-Robot Cotrain, jointly
training on aligned human and robot demonstrations; Human
Pretrain + Robot FT, pretraining on aligned human demon-
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Fig. 4. Real-world mobile bimanual dexterous manipulation tasks. Rollouts of the five evaluation tasks, one per row: Pick Chips Can, Pour Water, Throw
Trash, Deliver Fruit, and Push Chair & Close Laptop. They span fine-grained dexterity, base—manipulation coupling, and long-horizon whole-body interaction.

strations and finetuning on robot demonstrations only; and
Human Pretrain + Cotrain FT, pretraining on aligned human
demonstrations and finetuning on the human-robot mixture.
All strategies use the same observation—action interface and
downstream finetuning budget.

1V. EXPERIMENTS
A. Experimental Setup

1) Tasks: We evaluate DexRoam on five tasks covering
complementary mobile manipulation capabilities (Fig. d). Pick
Chips Can requires the robot to navigate to a table, grasp a
chips can, and place it in a tray, emphasizing precise reaching
and finger-level grasping. Pour Water requires grasping a cup
and pouring into a target container, testing continuous wrist—
hand coordination. Throw Trash requires grasping an object,
moving to a bin, and releasing it accurately; the object must
remain stable during locomotion, while successful disposal
depends on precise coordination between base positioning and
manipulation. Deliver Fruit requires carrying a basket bi-
manually to a target workstation, stressing bimanual transport
and coordinated turning during locomotion. Push Chair &
Close Laptop chains long-range navigation, contact-rich chair
pushing, and laptop closing, testing long-horizon execution
together with continuous base—upper-body coordination and
fine manipulation.

2) Evaluation protocol: We evaluate DexRoam at three
complementary levels: trajectory executability, human—robot
action distribution alignment, and policy performance.

Trajectory replay. We directly replay transferred human
trajectories on the real robot and report trajectory completion,
IK failure rate, and positional and rotational replay errors for
the torso, arms, and head.

Action distribution alignment. We further examine whether
the alignment process brings human-derived actions closer to
real robot actions. For each task, we compare the human
and robot whole-body action distributions at the retargeted-
absolute stage and after full alignment. We use Maximum
Mean Discrepancy (MMD) and Sliced Wasserstein Distance
(SWD) for quantitative comparison and PCA for qualitative
visualization. Detailed normalization, metric computation, and
visualization protocols are provided in the Appendix.

Policy evaluation. We evaluate all four training settings
described in Sec. [[TI-B4] on all five tasks, with 20 real-world
trials per task. Success rate (SR) captures whether the final
task goal is achieved, but provides limited information about
partial progress, particularly for mobile manipulation tasks.
We therefore additionally use task completion score (TCS),
which decomposes each task into ordered stages and measures
the fraction of stages completed. Detailed TCS criteria are
provided in the Appendix. We report both SR and TCS
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and SWD between human-derived and robot whole-body actions on all five
tasks, lower values indicate closer distributions. Alignment reduces both
metrics on every task, by 41.7% in MMD and 31.1% in SWD on average.

for downstream policy evaluation. Based on these evaluation
metrics, we investigate when, how, and why aligned human
demonstrations benefit mobile bimanual dexterous manipula-
tion. Specifically, we study four questions:

e Q1: Transfer Quality. How effectively does human-to-
robot transfer convert human motion into executable and
distribution-aligned robot training data?

Q2: Policy Learning. Does aligned human supervision
improve policy learning, and which training paradigm
leverages it most effectively?

Q3: Data Efficiency. How does aligned human data im-
prove robot learning with limited robot demonstrations?
o Q4: Alignment Analysis. How do different alignment

choices affect fine-grained human-to-robot transfer?

are reported in millimeters and degrees, respectively.

Human Motion Torso Left Arm Right Arm  Head
Capture Pos. Rot. Pos. Rot. Pos. Rot. Rot.
Tracker-free (Ours) 1254 1.84 4.01 055 630 092 137
PICO + Motion Trackers 13.16 2.06 4.12 057 5.63 0.81 1.23

B. QI: Transfer Quality

1) Action distribution alignment: We examine whether
the transferred human supervision is compatible with the
action distribution of the real robot. Across all five tasks,
alignment consistently reduces both distribution metrics, de-
creasing MMD by 41.7% and SWD by 31.1% on average
(Fig. [B). The PCA visualization in Fig. 5] shows the same
qualitative trend, with substantially greater overlap between
human-derived and robot actions after alignment. Together
with the replay results, these findings show that DexRoam
produces human supervision that is not only executable on
the target embodiment, but also better matched to real robot
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Fig. 7.

Main policy learning results. Success rate (SR, left) and task completion score (TCS, right) of Robot-only and three human-assisted training

strategies on five real-world tasks, for GROOT N1.7 (top) and 7.5 (bottom). All three human-assisted strategies improve over Robot-only on every task and
both backbones, with Human Pretrain + Cotrain FT best or tied-best on every task—backbone combination.

actions.

2) Real-robot executability: All 15 transferred human tra-
jectories replay successfully on the real robot with no IK
failures (Tab.[l). Across the three tasks, positional replay errors
remain at approximately the centimeter scale for the torso and
millimeter scale for both arms, while rotational errors remain
within a few degrees across all evaluated body components.
Despite the different whole-body motion patterns involved, the
transferred trajectories can therefore be consistently executed
by the target robot, supporting their use as robot supervision.

3) Tracker-free capture fidelity: Since tracker-free human
motion capture is a key component of our data collection
system, we further examine whether this lightweight design
compromises the quality of the transferred trajectories. For
comparison, we construct a tracker-based counterpart using a
PICO headset with five Motion Trackers and evaluate it under
the same replay protocol. Both systems successfully replay all
trajectories and achieve comparable replay errors across body
components, with no systematic performance gap (Tab. [I).
This suggests that our tracker-free system substantially reduces
sensing cost and wearable burden while preserving the quality
required for subsequent human-to-robot transfer.

C. Q2: Policy Learning

Relative to Robot-only, all three human-assisted training
paradigms improve both SR and TCS across both VLA
backbones and all five tasks (Fig. [7). In terms of average
SR, the three paradigms provide gains of +17, +13, and +27
percentage points on GROOT N1.7, and +17, +17, and +25
percentage points on 7y 5. The same positive trend holds
across individual tasks, indicating that the benefit of aligned
human supervision is not tied to a particular training paradigm,

policy backbone, or manipulation setting. This remains true
on Push Chair & Close Laptop, the longest-horizon and most
tightly coupled task, where the best human-assisted setting
improves success by 15 percentage points on GROOT N1.7
and 20 percentage points on 7 5. Together, these results
show that aligned human supervision provides a broadly useful
learning signal for mobile bimanual dexterous manipulation.

The magnitude of the gain, however, depends on how the
human supervision is used. Human Pretrain + Cotrain FT
achieves the highest average performance on both backbones
and is best or tied-best on every task—backbone combination.
This suggests that using human data both to initialize task-
relevant behavior and to retain human supervision during
subsequent human-robot cotraining makes the most effective
use of the transferred demonstrations.

Qualitatively, we also observe that human supervision can
introduce useful motion variations absent from the robot
demonstrations. On Pick Chips Can, the Robot-only policy
predominantly approaches the can from the front and often
knocks it over when its orientation is perturbed. With human
supervision, the policy can instead adopt a side approach when
appropriate, selecting different grasp motions according to
the object orientation. Since this side-grasp pattern is absent
from the robot demonstrations but present in the human data,
the behavior provides a concrete example of how human
supervision can expand the motion patterns available to the
learned policy.

D. Q3: Data Efficiency

We fix 50 human demonstrations per task, vary the number
of robot demonstrations over {0,10,25,50}, and evaluate
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different human supervision training strategies, with Robot-

only using 50 robot demonstrations as the reference (Fig. [§).

1) Human data reduces robot data requirements: With
only 25 robot demonstrations, human-assisted training on
GROOT N1.7 already matches or exceeds the 50-demo Robot-
only baseline on all three tasks, effectively reducing the
required robot demonstrations by 50%. On 7 5, the same
25-demo setting remains within 5 percentage points of the 50-
demo Robot-only baseline. These results show that aligned hu-
man supervision substantially improves robot-data efficiency,
enabling comparable policy performance with fewer robot
demonstrations.

2) Few-shot robot data activates human priors: With no
robot demonstrations, neither human-assisted strategy achieves
any task success. However, performance rises sharply once
only 10 robot demonstrations are introduced. This suggests
that aligned human data provides useful task and motion priors
that can be activated with only a small amount of robot-specific
supervision. At the same time, the failure of the human-only
setting shows that human data amplifies rather than replaces
robot data: robot demonstrations remain necessary to ground
the policy in the target embodiment and execution domain.

The two training paradigms also exhibit different scaling
behavior. Cotrain generally improves more steadily as robot
data increases, whereas Human Pretrain + Robot FT is less
stable. We hypothesize that finetuning exclusively on a limited
robot dataset can partially overfit to the small robot distribution
and weaken the diversity introduced during human pretrain-
ing, while cotraining continuously retains human supervision
throughout optimization.

E. Q4: Alignment Analysis

We ablate the two alignment stages that can be removed in
isolation, on Pick Chips Can and Throw Trash (Tab. [[II).

1) Absolute actions fail without semantic alignment: Re-
placing DexRoam’s robot-centric relative action representa-
tion with absolute retargeted poses causes the policy to fail
completely: success is 0% on both tasks and under all three
training strategies (Tab. [[IT). We attribute this failure to the

TABLE III: Ablation of alignment stages. GROOT N1.7 success rate.

Task Strate w/o Temporal Absolute DexRoam
8y Resampling Action (Ours)
Pick Cotrain 0.65 0.00 0.70
Chins Can Pretrain + FT 0.30 0.00 0.65
PS 40 pretrain + Cotrain FT 0.20 0.00 0.90
Thro Cotrain 0.40 0.00 0.65
Tragr?v Pretrain + FT 0.50 0.00 0.55
’ Pretrain + Cotrain FT 0.60 0.00 0.65

fact that absolute poses map human and robot demonstrations
into a shared coordinate representation while still retaining
a substantial amount of human-specific information. During
training, these factors pull the supervision signal away from
the robot action distribution the policy will face at deployment,
so the policy learns targets entangled with human-specific
configurations rather than a stable robot control semantics.

This distribution shift is further amplified over closed-loop
execution. At the start of an episode, the robot’s initial observa-
tion oy = (I, Py) lies within the distribution of the robot data,
so the first predicted chunk ag.;;—1 still exhibits a plausible
execution trend. However, because the training distribution has
been pulled toward that of human-specific absolute actions, the
model biases its predicted targets toward the demonstrator’s
absolute configurations and incurs a small error. Executing
this error drives the next observation oy = (Iy,Pp) off
the training distribution, which in turn makes the following
chunk ag.o—1 more erroneous. Repeated over an episode,
this forms a self-amplifying feedback loop that eventually
drives the robot into a state from which it cannot recover,
and the task fails.

Among the three strategies, Human Pretrain + Robot FT
exhibits this behavior to a somewhat lesser degree under the
absolute-action setting, since finetuning on robot data pulls the
learned distribution partly back toward the robot’s own. The
finetuning budget, however, is not sufficient to recover it fully,
and the resulting policy still completes no trials.

2) Temporal alignment improves policy learning: Remov-
ing task-progress temporal resampling reduces the average
success rate from 68.3% to 44.2%, a drop of 24.1 percentage
points (Tab. [[T). This degradation is caused by the different
execution timescales of human and robot demonstrations:
without resampling, the same task progress can correspond to
different future action chunks, introducing temporally incon-
sistent supervision. Task-progress temporal resampling aligns
human and robot trajectories at the same execution phase,
removing this temporal mismatch.

F. Generalization Under Distribution Shift

We additionally evaluate two distribution shifts on Pick
Chips Can — a changed background scene and an unseen
instruction phrasing. As shown in Fig.[0] we observe consistent
improvements under both background and instruction shifts.
For background shift, Robot-only drops from 50% to 20%,
while Human Pretrain + Cotrain FT decreases from 90% to
55%, maintaining the highest robustness in the novel scene.
For instruction shift, strategies that retain human data during
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finetuning show greater robustness, with Cotrain and Human
Pretrain + Cotrain FT exhibiting 24% and 6% relative declines,
respectively. These results suggest that aligned human super-
vision improves robustness beyond the training distribution,
particularly when human data continues to participate during
policy optimization.

V. RELATED WORK

A. Mobile Manipulation

Embodied intelligence increasingly seeks generalist models
that integrate multimodal perception, language understanding,
world modeling, and action generation to accomplish diverse
tasks in the physical world [31]-[44]. Mobile manipulation
requires navigation, whole-body reachability, and object in-
teraction to be coordinated over spatially extended tasks.
Accessible platforms and data systems have progressed from
Stretch and Mobile ALOHA to integrated or modular whole-
body pipelines such as TidyBot++, BRS, TeleMoMa, MoMa-
Teleop, HoMeR, and SuperSuit [2], [3], [45]-[50]. Humanoid
systems including HumanPlus, HOMIE, TWIST/TWIST2,
HumanoidExo, and Teleopit further extend teleoperation and
policy learning to locomotion, posture, active vision, and dex-
terous hands [4]], [S]], [S1]-[54]. Beyond collection interfaces,
generalist and whole-body VLA or world-action models such
as GROOT N1, PanoVLA, ¥y, OpenHLM, and w-0 increas-
ingly address language-conditioned bimanual, wheeled, and
humanoid loco-manipulation [28], [31f], [SS]-[57]. HERMES
also targets mobile bimanual dexterity but connects learned
manipulation skills to a separate navigation module [58]. De-
spite this progress, many systems still require robot-in-the-loop
collection, specialized interfaces, or substantial embodiment-
specific robot data, motivating scalable robot-free demonstra-
tions for continuous whole-body learning.

B. Human-Robot Alignment

Transferring human demonstrations to robots requires re-
solving differences in visual observations, morphology, action
semantics, dynamics, and execution speed. Existing work
learns cross-embodiment visual or task representations [25]],
[26], [59], expresses behavior through transferable affor-
dances, flow, or point trajectories [60]—[63]], or translates and
retargets human data into robot-compatible observations and
actions [[64]-[71]]. For mobile whole-body learning, recent
systems often make transfer tractable through discrete lo-
comotion commands, phase-aware policies, decoupled base
and manipulation actions, or end-effector and keypoint targets
executed by downstream controllers [19]-[24]], [[72]. These
abstractions improve compatibility but may omit part of the
original coupled motion. DexRoam instead explicitly aligns
embodiment, action semantics, and task progress while retain-
ing a continuous, temporally uninterrupted, jointly predicted
base—torso—arm—head—hand action space.

C. Human Demonstrations for Robot Learning

Human demonstrations provide diverse behavioral priors
at substantially lower collection cost than robot teleopera-
tion. [73] Large egocentric datasets have progressed from
first-person activities and hand—object interactions to paired
viewpoints, metric geometry, full-body motion, and robot-
oriented dexterous trajectories [[7]-[9], [[74]-[80]. Early work
mainly extracted reusable representations or rewards, whereas
portable interfaces and transfer pipelines now convert human
experience into policy supervision for fixed-base, bimanual,
and dexterous manipulation [10]-[18], [25], [26], [81]-[85].
Human-centric VLA and world-model pretraining further scale
this idea across data sources and embodiments [86[-[90].
Complementary to these learning-based representations, recent
works also investigate 3D-aware scene modeling for embod-
ied perception [[80]], [84]], [91]-[95]. More recently, EMMA,
EgoHumanoid, HoOMMI, HuMI, BifrostUMI, HALOMI, HER-
MES, WARP, and OpenHLM extend human supervision to
mobile or whole-body policies [19]-[24], [56[, [58], [69].
Preserving mobile, bimanual, and finger-level coordination in
one robot-native policy interface nevertheless remains compar-
atively underexplored.

VI. CONCLUSION

We presented DexRoam, a complete system for learn-
ing mobile bimanual dexterous manipulation from egocentric
whole-body human demonstrations. Rather than simplifying
human motion to ease transfer, DexRoam preserves its con-
tinuous, coupled structure end to end. Whole-body motion
and egocentric video are captured with only a consumer
VR headset and a head-mounted stereo camera. Three ex-
plicit alignment stages—embodiment, action-semantic, and
temporal—then map this motion into a unified whole-body
robot action space, so that VLA policies can consume human
and robot data jointly without human-specific action heads.

On a real mobile bimanual dexterous robot, transferred
trajectories are directly executable, alignment substantially



closes the human-robot action distribution gap, and aligned
human demonstrations consistently improve policy learning
across five tasks and two VLA backbones while halving the
required robot demonstrations. Ablations confirm that each
alignment stage is necessary.

VII. LIMITATIONS

Our hands are position-controlled without force or tactile
feedback, so commands cannot encode the closing force a
firm grasp requires; combined with execution error, this yields
grasps that touch but do not secure the object. Supervising
hand commands from the Manus glove joint angles, rather than
the robot hand state which saturates at contact, would partially
help, while force or tactile feedback is a more fundamental
remedy.
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APPENDIX

A. System and Implementation Details

This section provides additional implementation details of
the DexRoam data acquisition pipeline. The robot platform,
whole-body teleoperation interface, and tracker-free human
demonstration system are described in the main paper. Here,
we focus on the actual data rates, synchronization procedure,
and visual preprocessing used in our implementation.

1) Robot Teleoperation and Data Acquisition: Robot
demonstrations are collected using the Astribot—XHand whole-
body teleoperation system. The system records egocentric
stereo RGB observations, robot joint states, MANUS hand
poses, and XHand joint feedback. These data streams run
asynchronously at their native rates. In practice, the head stereo
RGB stream operates at approximately 30 Hz, the robot joint
states at approximately 250 Hz, and both the MANUS hand
poses and XHand joint feedback at approximately 39 Hz.
These values reflect the actual data rates observed during data
collection rather than the target frequencies specified in the
software configuration.

During offline preprocessing, we use the timestamps of the
head visual stream as the reference timeline and align the
remaining higher-frequency or asynchronous state streams to
the corresponding visual frames. After synchronization, each
training sample contains the visual observation, robot state,
and action information associated with the same reference
time, resulting in robot demonstrations organized at approxi-
mately 30 Hz.

The robot head camera stores stereo RGB observations as
side-by-side JPEG images with a resolution of 1280 x 480.
Each frame is split at the horizontal midpoint into left and
right views, each with a resolution of 640 x 480, which are
used as the stereo visual inputs to the policy.

2) Human Egocentric Capture System: The tracker-free
human demonstration system consists of a Meta Quest 3
and a head-mounted ZED Mini camera. The ZED Mini
records stereo RGB observations at approximately 30 Hz,
while head and body poses are sampled within the same
camera-driven acquisition loop and stored at the same rate.
At each iteration, the latest head and body poses are read
first, followed immediately by the corresponding ZED image
capture, and the pose and stereo image are paired according
to their capture order. The visual stream displayed inside the
VR headset runs at approximately 20 Hz and is used only
for real-time feedback to the demonstrator without affecting
the recorded data frequency. Egocentric RGB observations are
captured using the ZED Mini in HD1080 mode at 30 fps
and stored as side-by-side stereo images, with each view
at approximately 1920 x 1080 and the full stereo frame at
approximately 3840 x 1080. During preprocessing, each frame
is decoded and converted to RGB, split into left and right
views, center-cropped to 1280 x 720 per view, and resized to
640 x 480. The resulting left and right images are used as the
stereo visual inputs for the human demonstrations.

TABLE IV: Detailed replay errors of the PICO + Motion Trackers capture
system. Position and rotation errors are reported in millimeters (mm) and
degrees (°), respectively.

Component Metric  Pick Chips Can Pour Water Throw Trash Average

Tor Position 14.76 11.50 13.22 13.16
orso Rotation 1.71 274 1.74 2.06
Position 3.85 4.11 4.41 4.12

Left Arm ¢ station 0.54 0.58 0.60 0.57
Risht App Position 5.44 5.45 6.02 5.63
g Rotation 0.79 0.79 0.85 0.81
Head Rotation 1.27 1.32 1.09 1.23

TABLE V: Motion smoothness of retargeted human trajectories after temporal
resampling and teleoperated robot demonstrations. Higher LDLJ and SPARC
indicate smoother motion.

Task Data LDLJ 1+ SPARC 1t
. - Retargeted Human -20.2802  -5.8049
Pick Chips Can Teleoperated Robot ~ -20.4726  -7.0548
Pour Water Retargeted Human -20.5962 -5.9222
our Wate Teleoperated Robot ~ -20.4183  -6.5718
Throw Trash Retargeted Human -20.8349 -6.6556
W Teleoperated Robot ~ -20.3022  -6.9229
Deliver Fruit Retargeted Human -20.3453 -5.4803
Teleoperated Robot -19.8355 -6.2193
. Retargeted Human -20.5130 -7.2351
Push Chair & Close Laptop 1o oo raied Robot — -20.5575  -8.4923
Average Retargeted Human  -20.5139 -6.2196
g Teleoperated Robot -20.3172 -7.0522

B. Additional Experimental Results and Analysis

1) Detailed Tracker-Based Capture Results: In the main
paper, we compare our tracker-free capture system with a
tracker-based counterpart using a PICO headset and five body-
worn motion trackers, and report the replay errors averaged
over 15 trajectories. Here, we provide the detailed results
underlying this comparison. For each of the three tasks, we
evaluate five captured trajectories and report the positional and
rotational replay errors of the torso, two arms, and active head.

2) Motion Smoothness Analysis: We further evaluate
whether transferring human motion into the robot action space
introduces additional motion jitter. We compare the final
retargeted human trajectories with teleoperated robot demon-
strations using two standard motion-smoothness metrics: log
dimensionless jerk (LDLJ) and spectral arc length (SPARC).

LDLJ measures temporal irregularity through the third-order
derivative (jerk) of a scalar trajectory z(t), computed as

T rdBat)’
DLJ(m)oc/O ( s ) dt, (1)

LDLJ(z) = — In|DLJ(z)|. )

where the jerk term is normalized by movement duration and
scale to obtain the dimensionless quantity.

SPARC measures smoothness in the frequency domain from
the velocity profile. Let V(w) denote the normalized Fourier
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Fig. 10. Representative failure cases across the five tasks. Each row shows one task, with successive frames illustrating a failed rollout from left to right.

magnitude spectrum of the trajectory velocity. SPARC is
defined as the negative arc length of the normalized spectrum,

We 2 ¥ 2
SPARC — — / (i) + <M> do, ()
0 We dw

where w, is determined using a maximum cutoff frequency
of 10 Hz and an amplitude threshold of 0.05. A smoother
trajectory has a less complex velocity spectrum and therefore
a higher SPARC value.

For each episode, LDLJ and SPARC are averaged across
all scalar channels of the torso, left arm, right arm, and active
head, and the reported values are then averaged over episodes.
The retargeted human trajectories exhibit motion smoothness
comparable to teleoperated robot demonstrations. Their mean
LDLJ is close to that of robot trajectories (—20.51 vs. —20.32),
while their mean SPARC is higher (—6.22 vs. —7.05). At the
task level, the retargeted trajectories achieve higher SPARC
on all five evaluated tasks, while LDLJ remains within a
similar range to the robot demonstrations. These results in-
dicate that the human-to-robot transfer pipeline preserves the
smooth temporal structure of human motion and does not
introduce evident additional jitter into the resulting robot-space
trajectories.

C. Failure Mode Analysis

Across all five mobile dexterous tasks, the robot must coor-
dinate the mobile base, dual-arm trajectories, head viewpoint,
and dexterous-hand joints simultaneously. Although adding
human demonstrations substantially improves overall success
rates, several representative failure modes remain during real-
robot deployment, as illustrated in Fig. [I0] We analyze the
main failure causes for each task below.

a) Pick Chips Can: The dominant failure is the dexterous
hand failing to form a stable grasp. The robot can usually
move close to the target and produce a visually plausible reach-
and-close motion; however, in some failures the fingers stop
tightening after only light contact with the can, leaving the
grasp insufficiently secure. Although the end-effector pose and
hand shape are close to those of successful demonstrations,
inadequate finger closure prevents the robot from reliably
lifting and transporting the can.

b) Pour Water: Two typical failures occur. First, the
grasped cup may slip during transport or pouring because a
small grasp-position error or insufficient finger closure leaves
the grasp unstable. Second, premature finger contact during the
approach can displace the lightweight cup from its expected
position, causing the subsequent closure motion to miss the



TABLE VI: Composition of the 53-D proprioceptive state.

TABLE VIII: Training configuration for g 5.

Component Representation Dim. Hyperparameter Value
Left arm 3D Cartesian position + 6D rotation 9 Base model 0.5
Right arm 3D Cartesian position + 6D rotation 9 Number of GPUs 2
Torso 3D Cartesian position + 6D rotation 9 Maximum training steps 30,000
Left XHand Joint feedback 12 Global batch size 4
Right XHand Joint feedback 12 Per-GPU batch size 2
Active head Joint state 2 Gradient accumulation steps 1
Optimizer AdamW
Total 53 Learning rate 2.5 x107°
Weight decay 1x1071°
TABLE VII: Composition of the 56-D unified whole-body action. Warmup ratio 0.033
Warmup steps 1,000
Component Representation Dim.
Left XHand Joint target 12 TABLE IX: Training configuration for GROOT N1.7.
Right XHand Joint target 12
Left arm Relative translation + 6D rotation 9 Hyperparameter Value
Right arm -~ Relative translation + 6D rotation 9 Base model NVIDIA Isaac-GROOT N1.7-3B
Torso Relative translation + 6D rotation 9
. . Number of GPUs 4
Active head Joint target 2 . .
Mobile base (Az, Ay, AG) 3 Maximum training steps 40,000
— Global batch size 24
Total 56 Per-GPU batch size 6
Gradient accumulation steps 1
Optimizer AdamW
. . Learning rate 1x107*
intended grasp configuration. Weight decay 1%x10-°
¢) Throw Trash: Failures mainly arise from timing errors Warmup ratio 0.05
Warmup steps 2,000

between base motion and object release. Because the bin
opening is relatively small, the robot must release the object
at an appropriate position after approaching the bin. In some
failures, the base moves slightly beyond the desired release po-
sition before the action chunk completes, causing the object to
miss the bin. This highlights the need for precise coordination
among locomotion, arm motion, and release timing.

d) Deliver Fruit: The main failure arises from insuf-
ficient bimanual grasp stability during transport. In some
rollouts, the two hands do not clamp the basket tightly enough,
allowing the basket to oscillate while the robot moves. The
resulting motion of the fruit changes the load distribution
and shifts the effective center of mass of the basket, which
further increases its tilt. These effects can accumulate during
locomotion and eventually cause the basket to tip over.

e) Push Chair & Close Laptop: Failures in this long-
horizon task often originate from the preceding chair-pushing
stage. In some rollouts, the robot does not push the chair
sufficiently close to the table, leaving the robot too far from
the laptop when transitioning to the closing stage. As a result,
the laptop falls outside the effective reaching range of the
arm and the robot cannot complete the final closing motion.
This illustrates how errors in an early stage of a long-horizon
mobile manipulation task can propagate and make subsequent
manipulation infeasible.

D. Policy Training Details

This section provides additional details of the unified policy
interface and the training configurations used for the two VLA
backbones. GROOT N1.7 and 7 5 use the same stereo visual

observations, 53-D proprioceptive state representation, and 56-
D whole-body action space.

1) Unified Policy Interface: The policy input at time step
t is represented as

0t = (ItLvItRaptae)7 (4)

where I} and I} denote the left and right egocentric RGB
observations, respectively, p; denotes the robot proprioceptive
state, and / is the task language instruction. Both stereo views
are represented at a resolution of 640 x 480. The current im-
plementation uses a single-frame proprioceptive state without
explicitly stacking multiple state histories.

a) Unified Policy State and Action Space: The robot
proprioceptive state is represented as p; € R53, and the whole-
body action is represented as a; € R, Their compositions
are summarized in Tables [VIl and [VIIl

The Cartesian states of the two arms and torso are rep-
resented by 3D positions and continuous 6D rotations. The
policy state does not explicitly include the chassis pose.
For actions, the two arms and torso use relative translation
and 6D rotation, the mobile base uses local planar motion
(Az, Ay, Af), and the active head and two XHands use robot
joint-space targets.

2) mo.5 Implementation: For w5, each training sample
consists of the left and right RGB observations, the 53-D
proprioceptive state, the task language instruction, and the
corresponding 56-D whole-body action targets. We initialize
the model from the pretrained 7 5 base checkpoint. Since the



pretrained action interface does not match the 56-D DexRoam
action space, the action input and output projections are
randomly initialized. All model parameters are trainable during
finetuning, with no frozen modules. The complete training
configuration is summarized in Table

3) GROOT N1.7 Implementation: For GROOT, we use
NVIDIA Isaac-GROOT N1.7-3B as the base model. The model
takes stereo egocentric RGB observations, the 53-D proprio-
ceptive state, and the task language instruction, and predicts
actions in the same 56-D whole-body action space. During
training, the pretrained LLM and vision backbones are frozen,
while the projector and diffusion action decoder are optimized
to adapt the pretrained model to the DexRoam action inter-
face. The complete training configuration is summarized in
Table [X|

E. Detailed Evaluation Protocol and Metrics

This section provides the detailed evaluation protocol for
task progress and success, as well as the implementation
details of the human-robot action distribution metrics used
in the main paper.

1) Human—Robot Action Distribution Analysis: We analyze
the distribution gap between human-derived and real-robot
actions over the complete 56-D whole-body action space,
including the two 12-D dexterous-hand actions, two 9-D arm
actions, 9-D torso action, 2-D head action, and 3-D mobile-
base action.

a) Action normalization: Before computing MMD,
SWD, and PCA, each action dimension is independently
normalized using pooled robust statistics. For the j-th action
dimension, we use

G o a; — median(a;) 5)

J max ((Q75,j — 62257]')/1.3497 10_3) ’

where (J75; and (25 ; denote the 75th and 25th percentiles,
respectively. For each episode, we randomly sample up to 256
frames to estimate the pooled statistics. Each data source is
further limited to at most 4,000 frames, and all participating
sources are downsampled to the same number of samples
before pooling, such that each domain contributes equally. Hu-
man and robot actions are normalized in the same coordinate
system.

b) Maximum Mean Discrepancy: We compute Maximum
Mean Discrepancy (MMD) on the normalized 56-D action
vectors using a single Gaussian RBF kernel. Given equally
sized human and robot action sets {x;}", and {y;}’ .
respectively, we use the biased V-statistic estimator

1 n 1 n
max <n2 > k(i) + 2 > k(yi,v;)

ij=1 ij=1

5 o 1/2
-5 > k(i,y;), 0)1 :

4,j=1

MMD =

(6)

where the Gaussian kernel is

a2
k(x,y) = exp (—x%yb) . (7)

The bandwidth parameter b is set to the median pairwise
squared Euclidean distance over the pooled normalized sam-
ples, corresponding to o? = b under the standard Gaussian-
kernel notation. The bandwidth is estimated separately for
the absolute and relative action spaces, while the raw and
aligned relative distributions share the same bandwidth. For
each comparison, we sample the same number of human and
robot actions without replacement, with at most 4,000 samples
from each domain.

c) Sliced Wasserstein Distance: We use the first-order
Sliced Wasserstein Distance (W;) on the normalized 56-
D action space. We sample L. = 128 random projection
directions from a standard multivariate Gaussian distribution
and normalize each direction to unit length. For each direction,
the projected human and robot samples are sorted, and the
absolute differences between corresponding ordered samples
are averaged. Specifically,

L n
_ 1 1 0 (0

; ®)

where ng)) and ygf)) denote the ¢-th ordered samples after
projection onto direction ¢. Human and robot samples are
balanced and limited to at most 4,000 actions per domain.
Random projection directions are independently sampled for

different alignment stages.

d) PCA visualization: PCA is performed on the normal-
ized 56-D action vectors using the same robust normalization
described above. To avoid imbalance among data sources,
samples are balanced across domains, with at most 6,000
samples used to fit each PCA model. The first two principal
components are retained for visualization.

2) Task Completion Score: We use Task Completion Score
(TCS) to characterize partial progress during long-horizon
mobile manipulation. Each task is decomposed into a sequence
of ordered milestones with task-specific weights. The TCS of a
rollout is computed as the sum of the weights of all completed
milestones, with the milestone weights for each task summing
to 1.0. Detailed scoring criteria are provided in Table [X]



TABLE X: Task Completion Score (TCS) criteria.

Each task is decomposed into five ordered milestones with task-specific weights shown in parentheses.

Task Stage 1 Stage 2 Stage 3 Stage 4 Stage 5
Pick Chips Move forward to the Move the hand into Close the fingers Lift the can above Successfully place
Can table (0.2) the grasping enve- and establish a the table by at least the can into the
lope without knock- stable grasp with at the basket height basket (0.2)
ing over the can, least two opposing and maintain the
with the fingertip fingers in contact grasp for at least
center within 3 cm with the can (0.2) 3 s without slipping
of the can axis (0.2) 0.2)
Pour Water Reach toward the Establish a stable Lift the container at Move toward the tar- Rotate the wrist and

container (0.1)

grasp on the con-
tainer (0.2)

least 5 cm above the
table (0.2)

get while maintain-
ing a stable grasp on
the container (0.2)

pour water into the
target container (0.3)

Throw Trash

Move the hand into
the grasping enve-
lope of the chips can
without knocking it
over, with the fin-
gertip center within
3 cm of the can axis
0.2)

Close the fingers
and establish a
stable grasp with at
least two opposing
fingers in contact
with the object (0.2)

Move the mobile
base until the trash
bin is within the
reachable workspace
0.2)

Release the object
such that it falls into
the trash bin (0.3)

Complete the task
without  displacing
or knocking over
the trash bin (0.1)

Deliver Fruit

Move both hands
into the grasping en-
velope and establish
contact with the fruit

Lift the fruit bas-
ket at least 5 cm
above the support-
ing surface using co-

Maintain the lifted
basket for at least 3 s
without dropping it
0.2)

Complete the
required locomotion
and turning while
keeping the basket

Place the fruit basket
at the target location
0.2)

basket (0.2) ordinated bimanual and its contents
grasping (0.2) stable (0.2)
Push Chair & Establish contact be- Successfully push Move the chair to Extend the Successfully close
Close Laptop  tween the hand and the chair without the specified target right hand and the laptop (0.2)
the back of the chair losing hand—chair position under the successfully reach
0.2) contact (0.2) table (0.2) behind the laptop

lid (0.2)
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