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OMNIRETARGET enables reinforcement learning policies to learn complex, long-horizon loco-manipulation skills

in challenging environments that transfer zero-shot from simulation to a Unitree G1 humanoid. Thanks to the high-quality
interaction-preserving motion retargeting, these policies are trained and deployed in a minimal and unified way: it involves
only 5 rewards, 4 robot domain randomization terms, and a purely proprioceptive observation space, shared by all tasks.
Demonstrated behaviors include (a) 30-second parkour course involving chair moving, stepping & vault, and jump & roll,
(b) object transportation, (¢) crawling on a slope, and (d) fast platform climbing and sitting.

Abstract— A dominant paradigm for teaching humanoid
robots complex skills is to retarget human motions as kine-
matic references to train reinforcement learning (RL) policies.
However, existing retargeting pipelines often struggle with
the significant embodiment gap between humans and robots,
producing physically implausible artifacts like foot-skating and
penetration. More importantly, common retargeting methods
neglect the rich human-object and human-environment interac-
tions essential for expressive locomotion and loco-manipulation.
To address this, we introduce OMNIRETARGET, an interaction-
preserving data generation engine based on an interaction
mesh that explicitly models and preserves the crucial spatial
and contact relationships between an agent, the terrain, and
manipulated objects. By minimizing the Laplacian deformation
between the human and robot meshes while enforcing kinematic
constraints, OMNIRETARGET generates kinematically feasible
trajectories. Moreover, preserving task-relevant interactions en-
ables efficient data augmentation, from a single demonstration
to different robot embodiments, terrains, and object config-
urations. We comprehensively evaluate OMNIRETARGET by
retargeting motions from OMOMO [1], LAFAN1 [2], and our
in-house MoCap datasets, generating over 8-hour trajectories
that achieve better kinematic constraint satisfaction and contact
preservation than widely used baselines. Such high-quality data
enables proprioceptive RL policies to successfully execute long-
horizon (up to 30 seconds) parkour and loco-manipulation skills
on a Unitree G1 humanoid, trained with only 5 reward terms
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and simple domain randomization shared by all tasks, without
any learning curriculum. All code, retargeted datasets, and
trained policies will be publicly released. Result videos can be
found at https://omniretarget.github.io

I. INTRODUCTION

The quest to enable humanoid robots to perform complex
whole-body scene- and object-interaction tasks has long been
constrained by a fundamental data bottleneck. While deep
reinforcement learning (RL) has shown remarkable success
in robot control, efficient exploration is highly sensitive to
reward engineering [3]. This challenge is further amplified on
humanoids, whose high-dimensional action spaces and com-
plex dynamics make learning natural, expressive behaviors
from scratch both difficult and inefficient.

To address these challenges, imitating human motions
offers a powerful alternative for learning whole-body control,
especially for complex scene interactions. Human demonstra-
tions capture dynamic coordination, such as lifting objects
while walking on uneven terrain, and have been used effec-
tively in animation [4], [5], [6]. A critical challenge arises in
robotics: unlike virtual characters, physical humanoids only
approximate human morphology, with significant differences
in shape, proportion and degrees of freedom. This embodi-
ment gap means that simply adapting human motions is in-
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sufficient; it is essential to also adapt their scene interactions
to the robot’s specific form to generate usable references.

To this end, researchers have pursued two main strategies.
The first one is teleoperation [7], [8], [9], where only a
human operator’s motions are retargeted to control the robot
online. This approach leverages the human operator for real-
time adaptation, which sidesteps the need for automatic
interaction retargeting. However, despite the advantage of on-
line feedback, the method remains labor-intensive and does
not scale well for large-scale data generation. The second
and more scalable strategy is offline interaction retargeting,
which holistically adapts both the human’s motion and their
scene interactions to the robot’s specific embodiment.

However, most existing retargeting methods [10], [9],
[11] fall short in this regard. They predominantly rely on
unconstrained or softly-penalized optimization, resulting in
implausible motions with artifacts such as foot skating and
penetration. More importantly, they do not explicitly consider
interaction preservation—i.e., maintaining spatial and contact
relationship—in the retargeting formulation, relying instead
on simple keypoint matching. Consequently, the resulting
references are of lower quality, which in turn complicates
the downstream RL policy training [12], [8], [13].

In this work, we introduce OMNIRETARGET, an open-
source data generation engine that transforms human demon-
strations into diverse, high-quality kinematic references for
humanoid whole-body control. By modeling spatial and
contact relationships between robots, objects, and terrains
via an interaction mesh [14], OMNIRETARGET preserves
essential interactions and generates kinematically feasible
variations. While existing methods require separate demon-
strations for each variation—making data collection costly
and limiting coverage—OMNIRETARGET addresses this bot-
tleneck directly. Inspired by data augmentation frameworks
for contact-rich manipulation [15], our framework automati-
cally augments a single demonstration into a large number of
training examples across object configurations, shapes, robot
embodiments, and environments.

Our pipeline employs constrained optimization to enforce
physical feasibility, including collision avoidance, joint lim-
its, and foot contact stability, while minimizing interaction
mesh deformation. The resulting motions are interaction-
preserving and exhibit only minimal kinematic artifacts,
providing dense learning signals that accelerate RL with
minimal reward engineering. On a diverse suite of whole-
body interaction tasks such as box lifting, platform climbing,
and slope crawling, policies trained on OMNIRETARGET
datasets outperform those from prior retargeting methods in
both motion quality and robustness, with successful zero-shot
sim-to-real transfer onto a physical humanoid robot.

Our contributions are fourfold:

1) The first interaction-preserving humanoid retargeting
framework that handles rich robot-object-terrain inter-
actions while enforcing hard physical constraints.

2) A systematic data augmentation pipeline that trans-
forms a single human demonstration into a diverse,
large-scale set of high-quality kinematic trajectories on
various robot embodiments.

3) A large-scale, open-source dataset of retargeted,
kinematically-feasible loco-manipulation trajectories.

4) Successful zero-shot sim-to-real transfer of propriocep-
tive RL policies on a physical humanoid, demonstrat-
ing a diverse set of scene-interaction tasks, including
a long, agile sequence of object carrying, platform
climbing, jumping, rolling and wall-flipping.

II. RELATED WORKS

A. Motion Retargeting

In computer graphics, transferring motions across char-
acters has been extensively explored. Researchers have em-
ployed optimization-based methods to retarget human mo-
tions to avatars by preserving distances and orientations
between keypoints [16], minimizing deformation energy
[14], [17], or scaling the motions to satisfy hard constraints
[18]. Others leverage data-driven methods that map diverse
skeletons to a canonical representation [19], solve inverse
kinematics with neural networks [20], or use reinforcement
learning to preserve an interaction graph [21].

Retargeting motions to humanoid robots introduces chal-
lenges beyond character animation, particularly the need
to enforce physical constraints. For example, PHC [10], a
graphics method adopted in robotics [13], [8], uses keypoint
matching with unconstrained optimization, often leading
to penetration, foot skating, and lack of object or scene
awareness. Similarly, GMR [9] extends keypoint matching
to orientations but suffer the same issues. VideoMimic [11]
improves realism with soft contact and collision penalties but
offers no guarantees and requires careful tuning.

The closest method to ours is Interaction Mesh based
Motion Adaptation (IMMA) [22], which also leverages an
interaction mesh [14] to preserve the spatial relationship
between body parts. However, it is not open-sourced and
ignores kinematic limits and interactions with the environ-
ment or manipulated objects. In contrast, OMNIRETARGET
unifies all hard constraints, including foot sticking, non-
penetration, and joint and velocity limits, while explicitly
preserving environment and object interactions.

B. Learning-Based Humanoid Whole-Body Control

Recent learning-based whole-body control has enabled
humanoids to traverse dynamic scenes and manipulate ob-
jects [23], [24], [25], [26], [27], [28], [29], [30], [31]. These
methods typically train with hand-crafted rewards or task
interfaces (e.g., velocity tracking, contact schedules, end-
effector targets) but depend on extensive reward engineering
and mostly fail to yield natural, human-level motions.

Motion imitation offers a promising alternative. In graph-
ics, DeepMimic [4] shows that using human references yields
natural, human-like behaviors with agile, dynamic motions.
However, applying this approach to humanoid robots remains
difficult due to the lack of reliable open-source kinematic
retargeting pipelines. With suboptimal reference motions,
practitioners are forced to either manually clean the data [12]
or re-introduce extensive reward engineering, such as ad-hoc
regularizers for contact, slipping, and air time, to compensate
for artifacts [9], [13], [32]. In contrast, trackers with minimal



Fig. 2: OMNIRETARGET overview. Human demonstrations are retargeted to the robot via interaction-mesh—based
constrained optimization. Each spatial and shape augmentation is solved as a hew optimization, producing diverse trajectories
that serve as references for RL training with minimal reward design and domain randomization, enabling zero-shot transfer
to real-world humanoids.

reward formulation like BeyondMimic [33] achieve state-of- Il. INTERACTION-PRESERVING MOTION RETARGETING
the-art results on hardware with high- delity references [34]A
but those are scarce and robot-only, without interactions. =

Beyond single-character motion, human—scene interaction /& leverage the interaction mesh [14] to preserve spatial

data has proven effective for terrain traversal and locd€lationships between body parts, objects, and the envi-

manipulation in character animation [5], [6], but translatind®"Ment. The interaction mesh is de ned as a volumetric
this to robotics remains challenging. VideoMimic [11] ap-,St,rUCture whose _vertlcgs consist of key f°t_’°t or human
plies this idea to human-terrain traversal by reconstructirﬁm'_[S together with _po_lnts sampled_from _ObJeCtS and the
motions and terrains from video, but suffers from artifact§nVironment. By shrinking or stretching this mesh, we can
and is limited to static—scene interactions. To bridge thi&/a"P human motion onto the robot while preserving relative
gap, OMNIRETARGET enables natural, agile robot-objectSPatial con gurations and contact relationships.
scene interactions with high-quality reference from retarget- ntéraction Mesh Construction. We construct the inter-
ing without manual post-processing or reward engineeringaction mesh by applying Delaunay tetrahedralization [48] to
user-de ned key joint positions and randomly sampled object
and environment points. To more accurately maintain contact
C. Data Generation for Humanoid Loco-Manipulation  relationships, we sample the object and environment surfaces
er(?ore densely than the body joints.
Optimization Objectives and Constraints. To preserve

Interaction Mesh with Hard Constraints

The demand for whole-body interaction data has motivat

many- prior works on Qata generation. One approach fRe spatial relationships between the body parts, objects and
direct human teleoperation [35], [7], [8], [9], [36]. While it terrains, our primary objective is to minimize the Lapla-

provides online feedback, teleoperation is dif cult to scale:cian de;formation energy of the interaction meshes [49]
it's labor-intensive, prone to operator fatigue, and limited b . L
the embodiment gap between human and robot kinemati 50] constructed from two corresponding sets of keypoints.

; . . o e source set at frame t, PY'°¢ is composed of user-
The lack of rich haptic feedback and dif culty stabilizing ge ned anatomical points on tthe human an% points randomly

extrgme”motlons (e.g., deep squgts) further constrain | mpled on the manipulated object and the environment.
applicability. To address these scaling challenges, automa

\ ; e target set for the retargeted motion, ¥ consists
data augmentation has been explored, particularly for I’ObOtI(% . . .
of corresponding anatomical points on the robot, the same

manipulation. Many works leverage state-of-the-art Yenerd: anipulated object and environment points. Our method is

tive models for V|su_al [37], .[38]’ [39] and semantlc [40]’relatively robust to the precise placement of these keypoints,
[41], [42] augmentations, while others rely on simple open-~ . . | ticall stent d b
loop kinematic replay of base trajectories [43], [44] [45]requmng only a semantically consistent correspondence be-
. N o . S tween the human and robot (e.g., hand to hand).

or trajectory optimization [15] in simulation. Despite the . . : : .

. . . . The Laplacian coordinate of the i-th keypointi @ P { is
advances in manipulation, data augmentation for whole-bod . ; ;

. . . e ned as the difference between the point and the weighted
loco-manipulation remains largely unexplored. The closesvera e of its neighbors 2 N (i):
prior work [46] interpolates keypoints to augment objects of 9 9 J '
different shape, but it cannot deal with varied object poses L(pti) = P é Wi Pt (1)
either. OMNIRETARGET directly addresses this gap. i2N ()



Methods Hard Kinematic Interaction w/ Interaction w/ Data Augmentation Optimization

Constraints Object Terrain Method
IMMA [22] 7 7 7 QP
PHC [10] 7 7 7 7 Gradient Descent
GMR [9] 7 7 7 7 Mink [47]
VideoMimic [11] Soft Penalty 7 7 JAX L-M
OMNIRETARGET (Ours) Sequential SOCP

TABLE I: Comparison of prior retargeting methods across different aspects.

where w; is the normalized weight and we omit L's de-
pendence on fp;jgje= in the function de nition for con-
ciseness. For all our experiments, we use uniform weights,
setting w; = 1=jN (i)j. The deformation energy measures
the change in these Laplacian coordinates between the source
demonstration mesh P°U"®®and the retargeted mesh{B%

E = a KL(PE?®9 L(p 9Ik?: (2)

targe target
p(s:ti)urcgp tsource.:pt;i szt

We seek the robot con gurationgconsisting of the
oating base pose (quaternion and translation) and all joint
angles, that minimizes this deformation energy while satisfy-_. ) . . I .
ing a set of hard kinematic constraints. The robot's keypointsF'g' 3: Cross-embodiment robot-object-terrain interaction.
are determined by its con guration gia forward kinematics
fi as §3°ay) = fi(qr) 2P ~°° At each time step, we solve

the foliowing constrained, nonconvex program: Drake [51], which correctly handles the differential geometry

of rotations on the $Smanifold [52].

¢ =argmin & kL(pi"" L(p %(a)k?+ka; g 11 k3 Our interaction-mesh-based kinematic pipeline is highly
t i general. It adapts to different robot embodiments, including

(33)  the Unitree G1, H1, and Booster T1 (Fig. 3), by modifying
st fij(a) 0;8] (3b)  only the keypoint correspondences in the interaction mesh
Omin Ot O max (3c) and the robot's collision model. It also supports diverse in-

, teraction types: robot-object interactions from the OMOMO

VnF“" th Geden Vomax dt (3d) [1], robot-terrain interactions from in-house MoCap data,

Pt = Py1 ;8stance foot; (3€) and robot-only motions on at terrain from LAFANL [2].

where Q is a cost matrix that encourages temporal smootfj-
ness, fi denotes the signed distance function for the j-tir
collision pair, Ghin=0nax and Vnin=Vimax are the con guration A key advantage of our framework is its capability for
and velocity bounds, {p denotes the foot position. A foot systematic data augmentation, which eliminates the need for
is considered to be in the stance phase if its horizontabllecting numerous, repetitive demonstrations with minor
velocity in the source motion (in the xy-plane) falls belowspatial variations. Our method can transform a single human
a threshold of 1 cm/s. This optimization program solveslemonstration into a rich and diverse dataset by paramet-
for a temporally consistent robot trajectory that minimizesically altering object con gurations, shapes, or terrain fea-
interaction mesh deformation, subject to hard constraints féures. For each new scenario, we re-solve the optimization
collision avoidance (3b), joint and velocity limits (3¢c)—(3d),problem with xed P € and augmented . minimizing
and preventing foot skating (3e). the interaction mesh deformation nds a new, kinematically
We solve (3) sequentially for each timestep using &alid robot motion fqg that preserves the essential spatial
customized Sequential Quadratic Programming (SQP)-styésd contact relationships of the original interaction.
solver. Within each iteration, the objective (3a) is quadrat- Robot-Object. We generate diverse interactions by aug-
ically approximated and the hard constraints (3b)—(3e) armaenting both the object's spatial con guration and its shape.
linearized around the solution from the previous iterationWe apply translations and rotations to modify the object's
To ensure temporal consistency and accelerate convergenio@jal pose (Fig. 4b) and blend the new initial pose with the
the optimization at frame t is warm-started with the optimabriginal object motion via interpolation with an exponential
solution from the previous framet?g. A key challenge schedule detailed in (14). In addition, we scale the three di-
in this formulation is computing derivatives involving the mensions of the object (Fig. 4c). A critical component of this
guaternion-based oating base orientation; our implemerprocess is constructing the interaction mesh in the object's
tation leverages the automatic differentiation framework ifocal frame, which ensures that the robot's interacting body

Terrain, Object Shape and Spatial Augmentation



Fig. 4: OMNIRETARGET generates systematic variations of (a) terrain height, (b) object initial pose, and (c¢) object shape from
a single human demonstration, with optimized motions in simulation (top) transferring consistently to hardware (bottom).

parts naturally follow the object's transformation (Sec. VI-
C.2).

Observations. To show that high-quality reference mo-
tions provide a suf cient prior for complex tasks, we design

However, this alone can lead to trivial augmentationg minimal proprioceptive observation space, as listed below,
where the entire robot undergoes a rigid transformatiowhere the agent is blind to explicit scene and object infor-
along with the object. To generate more meaningful datamation and must follow the reference trajectory precisely.

diversity, we introduce cost terms and constraints that anchor
parts of the robot's body to the nominal trajectory;éq

For instance, in a pick-up task, we encourage the robot to
discover new upper-body coordination by penalizing lower-
body deviations from the original motion:

kat @ {kw; (4)

where W heavily penalizes the lower-body entries, constrai
ing the initial foot poses to match the nominal trajectory

Reference Motion: Reference Joint Position/Velocity,
Reference Pelvis Position/Orientation Error;
Proprioception: Pelvis Linear/Angular Velocity, Joint
Position/Velocity;

Previous Action: Policy action from last timestep.

For agile motions where state estimation is unreliable, we
Iq]ask out the pelvis linear position error and velocity.
Rewards. To show the bene ts of high-quality reference

and avoid reward tuning, we use only ve reward terms:

ph =p§® for left and right feet: (5)

These added objectives prevent the optimization from col-
lapsing to a simple rigid transform of the nominal trajectory
and instead produce genuinely new and diverse interactions.
Robot-Terrain. We generate diverse terrain scenarios by
scaling environmental features, such as varying the platform
height and depth (Fig. 4a), and introducing additional con-

Body Tracking: DeepMimic-style tracking term for
body position, orientation, linear and angular velocity;
Object Tracking (where applicable): DeepMimic-style
tracking term for object position and orientation;
Action Rate: Penalize rapid changes in action;

Soft Joint Limit: Penalize robot joint limit violation;
Self-Collision: Binary penalty on each body if its self-

straints. For instance, to encourage stable ground contact collision force exceeds 1 N.

when the terrain is elevated, we uniformly sample a grigye yse the same weights and hyperparameters from [33] out
of points on the ground surface into the interaction mesh. of the hox without tuning. For object tracking, we use the

IV. RL TRAINING WITH MINIMAL FORMULATION

Having established our method for generating high-qualit
kinematic references, we use RL to bridge the gap t
dynamics by training a low-level policy that converts thes
trajectories into physically realizable actions, enabling zer$
shot transfer from simulation to hardware.

Reward engineering is often the main dif culty in hu-

same hyperparameters as body tracking terms.

Termination. We terminate training episodes with large
ody tracking deviations [33]. For object loco-manipulation,
gpisodes terminate when the object deviates more than 1:0m
nd 45° from the reference trajectory. We only apply this
criterion after the policy achieves reasonable body tracking.
Domain Randomization. To improve generalization

manoid RL: prior works [9], [13], [32] rely on many ad-hoc 3¢70SS pbject prqperties fo'r a single reference motion, we
regularizers (e.g., foot ight and contact time) to compensaténdomize the object's physical parameters: mass (0.1-2 kg),

for artifacts in noisy references, but tuning these terms
tedious and fragile. In contrast, BeyondMimic [33] show

that when references are clean [34], a minimal rewartf'ms in prior. works (e.g.,
motor PD, action delay), we only apply four terms:

is already suf cient for high-quality tracking. Since Om-
niRetarget produces such artifact-free, interaction-preserving
references, we can follow this minimal formulation directly,
achieving faithful tracking of dynamic interactions and zero-
shot sim-to-real transfer without any hyperparameter tuning.

genter of mass (+0.08 m), inertia (50-150%), and shape
d*10%). For the robot speci cally, in contrast to the many

random force injection (RFI),

Torso COM Position: 0:025 m in x, 0:05 m in vy,
0:075 m in z;

Joint default position: 0:01 rad;

Random push: 0:3 m/s, 0:78 rad/s for (1-3) s;
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