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Figure 1. The RoboWheel data engine. Our pipeline could process hand-object interaction (HOI) videos from diverse sources (e.g., record-
ings and public datasets) through high-fidelity reconstruction to recover physically consistent trajectories. The reconstructed motions are
retargeted to cross-domain robotic embodiments (e.g., arms, dexterous hands, humanoids), and enhanced with multi-modal data augmen-
tations (e.g., object retrieval, texture, trajectories). This generates a large-scale dataset with multimodal observations, supporting training
for various vision-language-action (VLA) and imitation learning models (e.g., ACT, Diffusion Policy).

Abstract

We introduce RoboWheel, a data engine that converts hu-
man hand–object interaction (HOI) videos into training-
ready supervision for cross-morphology robotic learning.
From monocular RGB/RGB-D inputs, we perform high-
precision HOI reconstruction and enforce physical plausi-
bility via a reinforcement learning (RL) optimizer that re-

*Equal contribution, †Corresponding author.

fines hand–object relative poses under contact and penetra-
tion constraints. The reconstructed, contact-rich trajecto-
ries are then retargeted to cross-embodiments, robot arms
with simple end-effectors, dexterous hands, and humanoids,
yielding executable actions and rollouts. To scale coverage,
we build a simulation-augmented framework on Isaac Sim
with diverse domain randomization (embodiments, trajec-
tories, object retrieval, background textures, hand motion
mirroring), which enriches the distributions of trajectories
and observations while preserving spatial relationships and
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physical plausibility. The entire data pipeline forms an end-
to-end pipeline from video → reconstruction → retarget-
ing → augmentation → data acquisition. We validate the
data on mainstream vision–language–action (VLA) and im-
itation learning architectures, demonstrating that trajecto-
ries produced by our pipeline are as stable as those from
teleoperation and yield comparable continual performance
gains. To our knowledge, this provides the first quantitative
evidence that HOI modalities can serve as effective super-
vision for robotic learning. Compared with teleoperation,
RoboWheel is lightweight: a single monocular RGB(D)
camera is sufficient to extract a universal, embodiment-
agnostic motion representation that could be flexibly retar-
geted across embodiments. We further assemble a large-
scale multimodal dataset combining multi-camera captures,
monocular videos, and public HOI corpora for training and
evaluating embodied models.

1. Introduction
Embodied agents learn most effectively when their super-
vision matches how humans interact with the world. How-
ever, obtaining specific robot-usable supervision at scale is
challenging. Existing data collection pipelines mainly rely
on teleoperation or studio motion capture, which demands
specialized hardware and careful curation, limiting the di-
versity of action behaviors and their transferability across
robot embodiments and tasks. At the same time, multiple
data sources provide vast amounts of hand–object interac-
tion (HOI) information containing rich and real-world ma-
nipulation strategies, yet these signals are rarely converted
into training-ready data for robots due to reconstruction
noise, physical implausibility, and embodiment mismatch.

Recent advances in human- and object-centric percep-
tion suggest an opportunity to close this gap. Methods
based on SMPL-H/MANO [45, 47, 49] and 6D object
pose or mesh tracking [39, 40, 46] can recover detailed
geometry and motion from monocular RGB/RGB-D in-
puts. Nevertheless, contact estimates are often inconsistent,
hand–object interpenetrations arise under occlusion, trajec-
tories lack temporal smoothness, and the recovered motions
generally violate kinematic and dynamic constraints.

Bridging this gap requires a practical, scalable process-
ing pipeline that satisfies three key requirements: (i) en-
abling large-scale, continuous acquisition of robot–object
interaction trajectories in real-world operational spaces
while enforcing physical plausibility; (ii) supporting flexi-
ble retargeting of these trajectories to diverse robot embodi-
ments—even across domains—while preserving interaction
semantics; and (iii) maintaining scalability by enabling ef-
fective composition of data augmentation strategies. Ex-
isting paradigms for robot data collection—teleoperation
and simulated data generation—fail to meet these require-
ments jointly: teleoperation is costly and hardware-specific,

whereas purely synthetic simulation data often does not re-
flect real-world perceptual and contact distributions.

We address these challenges with RoboWheel, a data en-
gine that transforms real-world hand–object demonstrations
into supervision for cross-embodiment robotic learning.
Starting from monocular RGB(D) HOI videos, RoboWheel
integrates state-of-the-art hand, body, and object motion es-
timators into a unified reconstruction framework. A multi-
stage physical plausibility optimization then refines the tra-
jectories: signed distance function (SDF)-based penalties
discourage interpenetration and encourage contact, and a
residual reinforcement learning (RL) policy further adjusts
hand–object relative poses under reachability and stability
priors. The resulting trajectories are mapped into a canoni-
cal action space and retargeted to heterogeneous robot mor-
phologies—including 6/7-DoF arms with parallel grippers,
dexterous hands, and humanoids, and output executable
control sequences in both operational and joint spaces.

To scale coverage while preserving interaction seman-
tics, we replay the retargeted trajectories in simulation
across multiple robotic arms using GPU-accelerated paral-
lel inverse kinematics. Within this environment, we apply
domain randomization and diverse augmentations for obser-
vation and robotic action, including embodiment variations,
trajectory distribution enrichment, object retrieval and re-
placement, background texture randomization, cluttered ta-
ble configurations, hand mirroring, and more.

On top of this engine, we construct HORA (Hand–Object
to Robot Action dataset), a large-scale multimodal dataset
from three sources: a custom multi-view motion capture
system with tactile-sensor gloves, an RGB(D) HOI record-
ing setup, and multiple public HOI datasets. As a multi-
modal dataset, HORA combines the data modalities of HOI
corpora and embodied robot datasets and HORA supports
both HOI-related analysis and downstream robotic learning.

In summary, our key contributions as follows.

• Physically plausible HOI reconstruction and cross-
domain retargeting. A monocular RGB/RGB-D HOI
reconstruction framework that integrates state-of-the-art
hand, body, and object motion estimation with physics-
based optimization. The framework supports flexible
cross-embodiment retargeting, outputs executable motion
trajectories, and provides scalable supervision signals for
downstream learning.

• Simulation-augmented data flywheel. We implement
rich augmentation and domain randomization in simula-
tion driven by HOI data. This data flywheel is validated
on mainstream VLA and imitation learning models, and
we conduct a quantitative evaluation of the quality and
effectiveness of both the HOI transformation and the aug-
mentation strategy.

• Large-scale multimodal dataset. A multimodal dataset
of over 150,000 sequences is constructed from multi-
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view motion capture, public HOI datasets, and recorded
videos. It includes embodiment trajectories, observations,
assets, HOI annotations, and task descriptions, with a
mocap-based subset also providing tactile signals, offer-
ing a rich and scalable resource for robotic learning and
downstream HOI-related tasks.

2. Related Work
HOI datasets and monocular reconstruction. High-
precision HOI annotations remain costly, as most public
3D HOI datasets rely on multiview rigs or motion cap-
ture (MoCap) systems for accurate hand-object geome-
try [5, 14, 15, 33, 37]. Large egocentric video corpora like
[13] use head-mounted cameras to avoid MoCap but lack
frame-accurate 3D HOI geometry for reconstruction [12].
Recent whole-body motion datasets such as [48] scale to
millions of SMPL-X frames but are not dedicated HOI
datasets and offer limited hand-object contact supervision.
On the algorithmic side, [8] reconstructs objects by fus-
ing pixel-aligned features with 3D hand geometry in a
transformer-based coarse-to-fine point cloud decoder, yield-
ing dense object geometry with high frame fidelity, while
[11] jointly reconstructs articulated hands and objects using
compositional SDF and contact constraints. These methods,
however, are generally limited to single-frame or in-contact
scenarios and struggle with approach/withdrawal phases,
generalizability, occlusion, low video resolution, and vary-
ing hand movement speeds. Recently, more generalizable
approaches [30, 31, 43] have used data-driven priors; for
instance, [43] introduces diffusion-guided, per-video opti-
mization to enhance robustness under occlusion, albeit at
the cost of heavier computation and the need for short clips.

Robotic Learning from Human Demonstration Early
work in vision-based programming by demonstration
mapped human hand poses to robot grasps directly from
images, establishing a pipeline from grasp recognition to
example-based robot execution [20]. More recent systems
leverage richer HOI signals: [52] extract binocular hand-
motion cues from human videos, compress trajectories into
keyframes with coordination masks, augment demonstra-
tions geometrically, and train a bimanual diffusion pol-
icy that executes long-horizon dual-arm tasks and general-
izes across scenes. Complementarily, [38] treats human
gestures as structured priors, retrieving grasp affordances
from HOI memories and transferring them to novel objects,
yielding robust performance in single-object and cluttered
settings. At scale, cross-embodiment corpora and models
(Open X-Embodiment/RT-X) demonstrate positive transfer
across heterogeneous robots, motivating retargetable super-
vision from human interactions [36]. Specialized transfer
frameworks extend this idea to dexterous bimanual manip-
ulation via residual learning [23], while whole-body hu-
manoid control benefits from motion-tracking pipelines dis-

tilled into guided diffusion policies that enable versatile
downstream behaviors [35]. Together, these threads indi-
cate a viable route from human HOI video to robot-usable
policies via reconstruction, retargeting, and augmentation.
Embodied models and scalable data for generalist ma-
nipulation. Generalist vision–language–action policies
pretrained on large video and robot corpora to enable in-
struction following and out-of-distribution generalization
across tasks and embodiments [2, 3, 19, 53]. In paral-
lel, imitation- and diffusion-based visuomotor learning em-
phasize stable training and multimodal action distributions,
from classic action-diffusion policies to large diffusion
foundation models that scale to bimanual control [9, 26]. To
reduce data and hardware barriers, low-cost bimanual tele-
operation systems provide dense demonstrations for fine-
grained skills [50], while object-/pose-centric representa-
tions and semantic flows improve cross-object generaliza-
tion and pose awareness [7]. At the dataset/benchmark
layer, dual-arm generators and domain-randomized plat-
forms supply scalable supervision with unified evalua-
tion [6, 27]; open-instruction rearrangement benchmarks
probe 6-DoF reasoning under language guidance [10]; and
video-driven pipelines synthesize long-horizon tasks di-
rectly from Internet videos [44]. Recent work on task-
centric latent actions further mitigates embodiment mis-
match by learning instruction-conditioned action spaces
transferable across robots [4].

3. Method
3.1. System Overview
We build a systematic pipeline covering in-the-wild hand-
object interaction(HOI) videos into robot-usable supervi-
sion data. Our pipeline overview is illustrated in Fig. 2.
3.2. HOI Reconstruction from RGB(D) videos
Problem setup. Given video frames {It}Tt=1, our goal is
to recover metrically consistent trajectories together with
parametric representation of the hand and mesh of the ma-
nipulated object in the same world coordinate, while (i)
preventing hand–object interpenetration and (ii) enforcing
physically plausible, temporally stable contact. Concretely,
the state of the hand pose at time t is,

ht = (θh(t), R
w
h (t), t

w
h (t)), (1)

where θh(t) is the hand pose, Rw
h (t) and twh (t) are the

global transform and wrist of hands in the world coordi-
nate. The object state is the rigid 6D pose tied to its (scale-
resolved) geometry, pt = Tw

o (t) ∈ SE(3), defines the
location and rotation of the object.

Human and hand motion recovery. Our method initially
determines whether a clip implies hand-only or whole-body
motion. For the hand-only case, we estimate ht per frame
using [28]. Otherwise, we estimate the SMPL-H param-
eters via [48] and directly produce the world coordinate
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Figure 2. Given monocular RGB(-D) input, we first estimate the motion of the hand or wholebody and the manipulated object. We then
perform a joint optimization, guided by TSDF and reinforcement learning, to improve physical plausibility and ensure robotic reachability.
The resulting trajectories are retargeted to heterogeneous embodiments—including arms, dexterous hands, and humanoids. Finally, domain
randomization for both observation and trajectories in Isaac Sim is applied to enrich observational diversity for robotic arms, and the
generated embodied data is validated across both VLA and IL policy benchmarks.

body pose θb(t) and the shape βb, equivalently extracting
the hand state ht.

Object reconstruction and pose estimation. We ground
the manipulated object, obtaining the per-frame mask mt

and depth Dt (predicted by [29] or RGB-D) in the video.
Conditioned on semantic cues, we use a multiview 3D gen-
erator G [51] to produce an unscaled textured mesh M̂o.
Then we recover the metric scale of the manipulated ob-
ject by back-projecting the depth map inside the mask to a
point set Pt = {Xc(p) = Dt(p)K

−1p̃ | p ∈ mt}, aggre-
gating as P =

⋃
t Pt. We obtain the rescaled object mesh

Mo via Mo = so M̂o, where so denotes the ratio between
the diagonals of the bounding boxes of P and M̂o. With
(Mo,Mt, Dt), a correspondence-driven tracker F(·) [39]
estimates the pose stream of the camera frame object T c

o (t).
To eliminate viewpoint-dependent inconsistencies in

real-world HOI videos, we first estimate the camera in-
trinsics K and the camera-to-world transformation Tw

c =
(Rwc, twc) using [34]. This allows us to transform all re-
constructed hand-object interactions to the world coordinate
system. We then align the resulting trajectories to a canoni-
cal action space A by constructing a reference frame based
on body joint positions, ensuring consistency across hetero-
geneous sources. For detailed transformation steps, please
refer to Appendix.

Optimization for physical plausibility. Let ϕo(x; t) be
a watertight object Truncated Signed Distance Function
(TSDF, positive outside), and hand vertices Vh. First, we
optimize the hand parameter twh to avoid penetration be-
tween object and hand-palm by minimizing ϕ2

o(V
palm
h , t).

As shown in the upper-right corner of Fig. 2, we then op-
timize the hand parameters Rw

wrist, t
w
wrist ∈ θh, to avoid

hand–object interpenetration. Detailed collision optimiza-
tion strategy is described in the supplementary material.

With collision-free HOI initialization, we introduce a
residual RL policy [22] to obtain physically plausible
hand–object poses while ensuring reachability on the robot.
Specifically, a residual learning strategy is applied to re-
fine the trajectories of both the hand and the object. The
RL policy then encourages accurate tracking of these re-
fined trajectories while promoting physically consistent
contact once the hand–object distance drops below a thresh-
old. The resulting state after RL is denoted as st =(
ht, pt, ḣt, ṗt, Ct

)
. Here,ht, pt denote the hand poses and

object poses, respectively, along with their corresponding
velocities and Ct denotes the contact force.Reward function
rt is defined as follows:
rt = λgeoΦgeo (∥∆ht∥+ ∥∆pt∥)

λdynΦdyn

(
∥∆ḣt∥+ ∥∆ṗt∥

)
+ λconΦcon (Ct) ,

(2)

where Φ denotes the reward function and ∆ denotes the er-
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3.3. Cross-Embodiment Retargeting
Based on the physically plausible joint HOI reconstruction
in Section 3.2, we obtained physically plausible trajecto-
ries {ht, pt}Tt=1 and ensured stable hand-object contacts.
We aim to retarget these to heterogeneous robot embodi-
ments—industrial arms, dexterous hands, and humanoids.

Robot arms. Given accurate 3D hand joints, we re-
target hand poses into executable end-effector poses
{Tg(t), g(t)}Tt=1 for a parallel-jaw gripper (Fig. 3). In-
spired by [21], we implement two complementary orien-
tation constructions depending on whether the whole hand
(palm-involved) or only finger tips dominate the contact
geometry. We use a kNN classifier to determine the ges-
ture category.Whole-hand retargeting builds a stable palm
frame from MCP joints to suppress fingertip jitter; finger-
only mapping aligns to a hand-intrinsic frame and uses the
index–thumb chord to define the gripper axis. For the de-
tailed retargeting algorithm, please refer to the Appendix.To
assess the state of the gripper, we employ CoTracker [17]
to track the motion trajectories of key points on the ma-
nipulated object. The gripper state is determined based on
the displacement of these key points.If these points remain
stationary, the gripper is classified as open; otherwise, it is
classified as closed. By focusing on keypoints rather than
the object’s mask, this approach achieves robustness to the
visual ambiguity induced by severe occlusions during ma-
nipulation. We subsequently conducted real-robot experi-
ments on a UR5 robotic arm equipped with a parallel grip-
per to validate the effectiveness of this retargeting method.

Dexterous hands and humanoids. Beyond retargeting to
simple gripper-based arms, our high-fidelity HOI recon-
struction offers a glimpse into transferring human demon-
strations to more complex embodiments, including dexter-
ous hands and humanoid robots. For dexterous hands, we
retarget the reconstructed hand motions to the joint space of
target robotic hands using kinematic similarity and contact-
preserving constraints. For whole-body human demon-
strations, we extend retargeting to humanoid platforms by
leveraging full-body SMPL-H estimates. The resulting mo-
tion sequences are adapted to humanoid joint trees through

inverse kinematics and dynamics-aware optimization, en-
suring physical plausibility and intent preservation. Prelim-
inary validations are provided in the Appendix.

Replay Assessment and Language Caption When re-
playing trajectories in simulation, executions may fail due
to precision or non-physical collisions in the physics en-
gine. To mitigate this, we employ Qwen2.5 VL [1] for au-
tomatic binary task evaluation (success/failure). The model
takes as input the task description along with both wrist-
and third-view simulated observations to determine whether
the action has been successfully completed. For trajectories
deemed successful, we further derive and refine fine-grained
language instructions using [16].

3.4. Data Augmentation in Simulation
While preserving contact semantics and physical plausibil-
ity that are critical for embodiment control, we perform ex-
tensive simulation-based data augmentation to enrich the
diversity of visual observations and motion trajectories. All
augmentation strategies are applied within the canonical ac-
tion space A to handle different manipulation orientations.
More visualizations are provided in the Appendix.

Different types of arm retargeting. Given an executable
end-effector (EE) trajectory {Tg(t)} produced by our retar-
geting method, we generate observations for heterogeneous
arms, as illustrated in Fig. 4. In Isaac Sim, we instantiate
five widely used 6/7-DoF robotic arms as simulation assets,
including UR5/UR5e, Franka Emika Panda, KUKA LBR
iiwa 7, Kinova Gen3, and Rethink Robotics Sawyer. HOI-
derived 6D EE trajectories Tg(t) ∈ SE(3), t = 1, . . . , T ,
are mapped into feasible joint trajectories using cuRobo’s
GPU-accelerated inverse kinematic (IK) backend [32]. For
each robotic arm, at every timestep we invoke IK solver
with the target pose Tg(t). The solver returns a feasible
joint configuration:

qt = argmin
q

Cgoal(Tg(t), q)

s.t.qmin ⪯ q ⪯ qmax, Ccoll(q) ≤ 0,
(3)

where Cgoal is cuRobo’s pose reaching cost and Ccoll is the
self-collision constraint. To encourage temporal consis-
tency, we use the previous solution qt−1 as the IK seed when
invoking the solver.

Episodes that pass the replay check preserve the original
HOI intent (e.g., grasp/place/pour) while providing embod-
iment diversity in joint space. We export both the joint-
space commands {qt}Tt=1 (arm and gripper included) and
aligned operational-space labels per robot, enabling multi-
morphology policy training from the same HOI source.
Object retrieval and replacement. We build a large ob-
ject library by combining [51] generations with in-house
scans; each asset includes a watertight mesh, texture, cat-
egory tag, and a canonical pose. For a source episode with
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object mesh Mo and object pose stream {To(t)}, we retrieve
top-K substitutes M̃ = {M̃k} using a fused similarity,

S(Mo, M̃) =αCD
(
M̂o,

ˆ̃M
)
+ β

(
1− IoUAABB

)
+ γ

〈
ϕsem(Mo), ϕsem(M̃)

〉
,

(4)

where ·̂ denotes unit AABB normalization, CD is the sym-
metric Chamfer distance on surface samples, IoUAABB

measures coarse shape compatibility, and ϕsem are
text–shape embeddings.

To ensure replay compatibility on a retrieved substi-
tute, we align principal axes and bind the same maximum
AABB and canonical pose definition as the source Mo.
Under this binding, the original EE motion plan and the
hand–object interaction geometry remain consistent, so the
control trajectory can be directly replayed on geometri-
cally/semantically matched novel objects (e.g., mug↔cup-
with-handle, box↔carton).
Trajectory augmentation. Informed by [41] and tailored
to our setting, we represent each demonstration as a trajec-
tory τ = {(Tg(t), g(t))}Tt=1, where Tg(t) = (R(t), p(t)) ∈
SE(3) denotes the EE pose with orientation R(t) and trans-
lation p(t), and g(t) is the gripper command. The trajectory
is partitioned into object-centric segments {τ (k)}, each la-
beled by a contact state c(k) ∈ {hold,open}. Instead of
re-planning trajectories, we augment them as follows.

(i) For interaction segments (c(k) = hold), we apply an
object-frame rigid transform To ∈ SE(3) to each waypoint:

T̃g(t) = ToTg(t), g̃(t) = g(t).

Let R∆ := Rot(To). To maintain continuity without
motion-plan regeneration, the same EE orientation change
is applied to non-interaction segments (see (ii)), and the ori-
entation change induced by R∆ is kept small for IK feasi-
bility and repeatable execution.

(ii) For each non-interaction segment (c(k) = open), we
linearly remap the translational path and set the EE orien-
tation as R̃(t) = R∆R(t). Let ps, pe be the original end-
points and p̂s, p̂e the remapped anchors: the anchor adja-
cent to a transformed interaction segment is fixed by that
segment, while the opposite anchor is chosen within a pre-
defined reachable set. With αt ∈ [0, 1] denoting the nor-
malized progress along the original segment from ps to pe,

p̃t = p̂s + αt(p̂e−p̂s) +
[
pt−

(
ps+αt(pe−ps)

)]
. (5)

4. Dataset
Using the RoboWheel pipeline, we build a large-scale mul-
timodal HOI-robotic dataset HORA. The dataset integrates
multiple data sources and leverages successive stages of
the RoboWheel to convert heterogeneous inputs into a uni-
fied hoi representation, followed by cross-embodiment re-
targeting and diversified data augmentation. Data sources
include: (i) a custom multi-view mocap system equipped
with tactile sensor–instrumented gloves, (ii) multiple pub-
lic HOI datasets, and (iii) a custom RGB(D) video capture
setup. For source (i), high-precision HOI signals are ob-
tained via triangulation and FoundationStereo [40], while
the remaining robot-relevant modalities are generated using
the RoboWheel retargeting and augmentation pipeline. For
source (ii), existing HOI modalities in public datasets are
directly convert to the canonical action space A, then retar-
geted and augmented in the same manner. For source (iii),
the full RoboWheel pipeline processes raw videos to extract
both HOI and embodied modalities. For detailed informa-
tion on the tasks included in each subset, please refer to our
Appendix. The following sections detail the modality com-
position and statistics of HORA , as well as the acquisition
system for the mocap subset.
4.1. Modalities Composition and Statistics.
As summarized in Tab. 1, RoboWheel produces a uni-
fied multimodal representation across the three subsets of
HORA. These modalities can be broadly grouped into two
categories: those for HOI downstream tasks and those for
robot-related tasks. The HOI modalities include sequences
of hand MANO parameters (pose/shape with global orien-
tation and translation) in world frame from the original data
source, object 6dof pose, object assets, and hand–object
contact annotations. The robot-related modalities include
observations from the robot wrist and third-person view-
points, as well as end-effector pose trajectories for the
robotic arm. All trajectories are transformed into the canon-
ical action space A.

The mocap subset provides tactile signals, robotic ob-
servations, and HOI annotations. Concretely, we release the
6-DoF object pose, object assets, and a dense tactile map
for both the hand and the object. The recording subset
provides the same HOI and robotic modalities, except for
tactile signals, because the collection setup did not include
the hardware. The public HOI subset is constructed from
existing HOI datasets [5, 15, 24, 33, 37] and currently in-
cludes the cross-embodiments modalities retargeted to dif-
ferent arms (6/7-DoF). The three subsets together consti-
tute roughly 150k trajectories, distributed shown in Fig. 5.

4.2. Custom-built Mocap system
Acquisition System Our high-precision mocap subset is
collected with a synchronized, multi-sensor capture rig, the
data acquisition setup and tactile glove are shown in Fig. 6.
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Dataset Tactile Robotic data HOI data # Trajectories Object Info Granularity

GRAB [33] ✗ ✗ ✓ 1334 Body & 6-DoF pose & Contact maps
HO3D (v3) [15] ✗ ✗ ✓ 68 6-DoF pose & Assets
DexYCB [5] ✗ ✗ ✓ 1,000 6-DoF pose & Assets
HO-Cap [37] ✗ ✗ ✓ ∼64 6-DoF pose & Assets
TACO [24] ✗ ✗ ✓ 2,500 Assets

DROID [18] ✗ ✓ ✓ 76,000 Assets
LIBERO [25] ✗ ✓ ✗ 366 Assets
UCSD Kitchen [42] ✗ ✓ ✗ 150

HORA(Recordings) ✗ ✓ ✓ 23560 6-DoF object pose & Assets
HORA(Mocap) ✓ ✓ ✓ 63141 6-DoF object pose & Assets & Tactile map
HORA(Public Dataset) ✗ ✓ ✓ 66924

Table 1. Modalities and scale comparison. For HORA, the first three rows correspond to our mocap,
recorded RGB(D), and public HOI subsets. “✗” and “✓” denote absence and presence, respectively.

Figure 5. Composition of the
three subsets in HORA.

Tactile Signal for hand and objectData Collection Setup
Figure 6. Data collection setup and tactile information.

We use three Intel RealSense D455 RGB-D cameras con-
nected via hardware sync cables to obtain time-aligned,
metric depth from multiple viewpoints, and eight additional
RGB cameras, yielding up to eleven views for each interac-
tion. All cameras are extrinsically calibrated into a common
world coordinate frame and temporally synchronized with
the hand instrumentation.

Hand motion and tactile sensing are recorded using
EVT2 developed by Paxini. The glove integrates
• 29 magnetic encoders distributed over the hand kine-

matic chain (wrist, palm, and phalanges), which provide
joint-level pose measurements.

• 16 Gen3 tactile (haptic) sensors mounted on key contact
regions (fingertips, finger pads, and palm), which mea-
sure local normal forces.

These signals are used both for fitting MANO parameters
and for deriving tactile and contact annotations that we re-
lease as part of the dataset.

Fitting to MANO with tactile signals We develop a
tactile-guided, multi-constraint optimization scheme for
motion retargeting. By registering glove measurements
to the MANO hand model (or a target robot URDF) and
jointly enforcing constraints on tactile contact states, wrist
pose calibration, joint smoothness, and anatomical priors,
the system optimizes all frames in parallel to produce spa-
tiotemporally consistent, tactile-synchronized, and physi-
cally plausible motion trajectories. See Appendix for im-
plementation details of the retargeting algorithm.

5. Experiment
5.1. HOI Reconstruction Quality
We evaluate HOI reconstruction quality on [37] with com-
mon metrics in Tab. 2 and Fig. 7. We compare RoboWheel

Method Object Hand Rel. pose cons.↓ Replay↑

CD↓ F5↑ F10↑ jitter↓ W-MPJPE↓ Trans↓ Rot↓ SR↑
HOLD 7.5 53.2 77.9 3.47 20.59 2.44 - -
Ours (w/o TSDF, w/o RL) 5.4 59.2 83.2 3.34 7.74 2.05 5.1 78.7
Ours (TSDF only) 5.4 59.2 83.2 0.84 10.15 0.67 3.2 85.2
Ours (RL only) 6.2 53.1 75.9 4.13 7.89 0.46 3.1 61.7
Ours (TSDF + RL) 5.1 63.4 89.1 0.92 7.81 0.26 1.9 93.6 ↑14.9

Table 2. Module ablations.

Figure 7. HOI reconstruction results of RoboWheel .Whether
the data comes from public HOI datasets (e.g., DexYCB) or not,
RoboWheel can achieve high-precision HOI reconstruction.

with HOLD [50]. Both methods receive the same camera
parameters and object meshes for a fair comparison.

5.2. Validation of HORA Data
Here we show how HORA data support downstream tasks
and how well learned skills transfer with data augmentation.

Performance on different VLA/IL models. To study
how Robowheel reconstructions translate to downstream
control, we benchmark eight household tasks grouped by
difficulty (Easy/Hard) and evaluate several VLA/IL algo-
rithms (ACT, DP, RDT, Pi0). We evaluate each algo-
rithm under three training regimes: (i) fine-tuning on 10
teleoperation demonstrations (tele.), (ii) fine-tuning on 10
HORA trajectories (HORA), and (iii) a two-stage curriculum
that first pre-trains on 5k HORA trajectories and then fine-
tunes on 10 HORA trajectories (reported as RDT+5kHORA
and Pi0+5kHORA).The third training regime is applied only
to RDT and Pi0, as the other methods do not support pre-
training. Per-task success rate(%) is reported in the same
real setup in Tab. 3. Macro averages within each difficulty
group are reported. See Appendix for more results.

As shown in Tab. 3 and Fig. 8, VLA policies (Pi0 &
RDT) pretrained with 5k HORA data achieved the high-
est success rates, demonstrating a remarkable performance
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Real-world Tasks
Unseen Object Clutter Objects Unseen Background

HORA HORA-aug HORA HORA-aug HORA HORA-aug

Lift wooden cup 4/10 5/10 4/10 4/10 0/10 4/10
Place milk 5/10 6/10 5/10 6/10 1/10 3/10
Upright milk 3/10 3/10 4/10 4/10 3/10 5/10
Pour cola 3/10 3/10 3/10 4/10 2/10 4/10

Average 3.75/10 4.25/10(+0.5) 4.00/10 4.50/10(+0.5) 1.50/10 4.00/10(+2.5)

Table 4. Task performance in unseen scenarios with RDT.

Task Ours GAT-Grasp yoto

Lift wooden cup 87.5 25.0 75.0
Place bowl 100 62.5 100
Upritght milk 100 50.0 62.5
Pour cola 100 62.5 75.0
move banana 87.5 62.5 87.5
Tip teacup 87.5 37.5 00.0

Macro avg 91.7 50.0 66.7

Table 5. Robot direct replay suc-
cess rate ↑ (%).

Real-world Tasks Diff.
ACT

tele. | HORA
DP

tele. | HORA
RDT

tele. | HORA
Pi0

tele. | HORA
RDT+5kHORA

HORA
Pi0+5kHORA

HORA

Pick up milk

Easy

15.0 | 0.0 20.0 | 15.0 55.0 | 30.0 70.0 | 65.0 70.0 80.0
Lift wooden cup 0.0 | 0.0 45.0 | 25.0 75.0 | 45.0 65.0 | 55.0 70.0 70.0
Place milk 35.0 | 0.0 50.0 | 35.0 70.0 | 50.0 80.0 | 55.0 85.0 80.0
Restore bowl 0.0 | 0.0 5.0 | 0.0 65.0 | 65.0 60.0 | 60.0 75.0 75.0

Average 12.5 | 0.0 30.0 | 18.8 66.3 | 47.5 68.8 | 58.8 75.0 76.3

Move banana

Hard

0.0 | 0.0 5.0 | 0.0 55.0 | 20.0 40.0 | 15.0 65.0 60.0
Upright milk 0.0 | 0.0 0.0 | 15.0 45.0 | 30.0 60.0 | 50.0 60.0 75.0
Pour cola 0.0 | 0.0 0.0 | 10.0 35.0 | 35.0 25.0 | 35.0 40.0 55.0
Tip teacup 0.0 | 0.0 0.0 | 0.0 5.0 | 15.0 35.0 | 25.0 25.0 45.0

Average 0.0 | 0.0 1.3 | 6.3 35.0 | 25.0 40.0 | 31.3 47.5 58.8

Table 3. Real-world task performance (%) grouped by difficulty.

Place milk

Pour cola

Tip teacup

Upright milk

Figure 8. Real-world Performance on 4 Tasks.

improvement over counterparts without pretraining. The
impact of this improvement is more evident in tasks of
higher complexity. Notably, when training or fine-tuning
these VLA/IL methods with an identical number of train-
ing episodes from teleoperation or HORA, policies trained
solely on HORA achieve performance comparable to those
trained on teleoperation data, despite the sim-to-real gap.
The underlying reason for this is twofold. First, RoboWheel
provides precise HOI reconstruction, enabling the genera-
tion of trajectories with accuracy approaching that of tele-
operation, ensuring effective transfer from simulation to
real-world environments. Second, data augmentation is ap-
plied to HORA, and its broader data distribution helps the
policy mitigate the negative impact of the visual domain
gap, endowing the policies with enhanced robustness.
Impact of HORA on Model Robustness To assess
whether the data augmentation strategies in HORA en-
hance the robustness of VLAs,we compare RDT fine-tuned
on HORA only (HORA) versus HORA with augmentation
(HORA-aug). Specifically,we select four tasks and con-
duct real-robot experiments under three distribution shifts:
unseen objects, unseen backgrounds, and cluttered scenes.
Each cell shows successes/trials for two independent runs,
as shown in Tab. 4. When trained on the HORA without
augmentation, the fine-tuned RDT still manages to achieve
some successful trials when encountering unseen objects
or inferring in cluttered environments. However, when the
background is altered, inducing substantial changes in the
observations, the model exhibits catastrophic degradation

in performance. In contrast, the fine-tuned RDT with aug-
mented HORA shows a significant improvement in han-
dling new observations, particularly in the unseen back-
ground setting, where the success rate increased by 25%.
These results demonstrate that training on HORA, particu-
larly with augmentation, substantially enhances the robust-
ness of VLA models to visual variations.
5.3. Real-robot replay performance comparison
Under the same hand joints sequence input, we retarget the
motions to a two-finger gripper using both existing meth-
ods and our proposed approach as discussed in Sec. 3.3,
executing an identical set of tasks and measuring success
rates to quantitatively evaluate the robustness of each map-
ping scheme. As shown in Tab. 5, our retargeting method
consistently achieves higher success rates across all manip-
ulation tasks. Its refined formulation of gripper orientation
proves more robust, enabling stable yet flexible execution
under diverse and dynamic hand-gesture regimes.
6. Conclusion and Discussion
Conclusion. Our data engine, RoboWheel, transforms real-
world HOI videos into cross-embodiment robotic learning
supervision by integrating high-fidelity hand–object recon-
struction, physically plausible trajectory optimization, and
cross-embodiment retargeting. Leveraging a unified HOI
representation that is inherently robust to existing embod-
iment variations, RoboWheel provides a scalable frame-
work for generating robotic training data. The framework
is further strengthened with a rich suite of simulation-
based data augmentation strategies. Based on two self-
developed hardware platforms and existing public HOI
datasets, we have constructed a large-scale HOI-to-Robot
dataset HORA, which supports VLA models and imitation-
learning approaches. Furthermore, our study establishes
the first quantitatively validated evidence that HOI data can
serve as an effective upstream modality for training models
across diverse downstream, embodiment-specific tasks.
Limitations and Future Work. The scope of our real-
world cross-embodiment experiments—particularly those
involving dexterous hands and humanoid remains limited.
Expanding cross-domain validation in both real-world and
simulated settings will be an important direction in future.
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