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Abstract—Learning humanoid–object interaction requires co-
ordinating whole-body balance, locomotion, and dexterous hand
contact to control both robot and object motion. Human
demonstrations provide examples of coordinated interaction,
but transferring these behaviors to humanoid robots requires
learning how to establish and maintain effective contacts under
different embodiments and dynamics. We present WEAVE, a
unified framework for learning whole-body dexterous humanoid–
object interaction from captured human demonstrations. WEAVE
first converts captured human–object interactions into executable
robot–object references through contact-aware retargeting and
approach-motion completion. At its core is a contact- and
geometry-aware policy that jointly commands 29 body joints and
12 actuated finger joints across multiple objects and interaction
sequences. Evaluation across nine objects yields a 92.5% success
rate on trained interactions and, without any additional training,
65.0% on sequences never seen during training. We additionally
release ∼ 9,000 physically executed rollouts spanning ∼23 hours,
providing robot–object trajectories with contact annotations for
downstream interaction-policy learning and physically consistent
HOI motion generation. Our project website: https://xiaohu-
art.github.io/Weave/.

I. INTRODUCTION

Humanoid robots are expected to operate in environments
built for humans, where many everyday tasks require the

robot to manipulate objects—approaching, grasping, and trans-
porting them while maintaining balance. Such contact-rich
loco-manipulation is a core capability for general-purpose
humanoids. Even a task as simple as moving a chair requires
the robot to establish a stable multi-finger grasp, generate
sufficient contact forces, and continuously adapt its whole-
body posture to the resulting load. However, learning such
behaviors with a unified policy remains challenging, as bal-
ance, locomotion, object motion, and dexterous grasping are
tightly coupled: an inaccurate grasp alters the forces acting
on the upper body, while poor whole-body coordination can
destabilize both the robot and the object.

A primary challenge is learning contact-rich robot-object
interactions from human demonstrations. Reference mo-
tion tracking [1]–[5] offers a route from demonstrations to
physically feasible behavior, but supervises robot and object
motion at the body and arm level and leaves finger-level
hand–object contact unmodeled; dexterous interaction learn-
ing [6]–[11] does model such contact, yet targets simulated
characters or fixed-base hands whose kinematics and actuation
differ from a humanoid with underactuated hands. Human
demonstrations describe coordinated body and object motion,
however, differences in morphology and actuation change how

Figure 1. Policy rollout examples with WEAVE. We learn a unified policy for whole-body dexterous loco-manipulation from captured human–object interaction.
Parallel simulation rollouts showcase the one policy coordinating locomotion and dexterous manipulation across diverse everyday objects.

†Work partially done at CocoMatrix.
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the humanoid must establish hand–object contact, support the
object, and maintain balance. The resulting control problem is
also high-dimensional and heterogeneous: body joints govern
balance and load bearing on timescales set by locomotion,
while actuated finger joints govern contacts whose outcome
turns on millimeter-scale placement, and both must be com-
manded by one policy. Even for a single interaction, matching
demonstrated poses does not ensure that the robot can sustain
the force and torque required to move the object. Learning
therefore requires coupling robot–object motion tracking with
the acquisition of contact-aware, closed-loop control under the
robot’s dynamics.

A secondary challenge is learning diverse object inter-
actions within a unified policy. Across objects, differences
in geometry affect the feasible contact locations and grasp
configurations. Across interaction sequences, variations in
approach direction, body posture, and object motion require
different control behaviors, even for the same object. Prior
dexterous interaction methods largely train one policy per
object or per clip [9], which sidesteps this variation. The
challenge is to learn a shared control strategy that captures
common coordination patterns across interactions while adapt-
ing whole-body motion and finger-level contact to the specific
object and reference sequence.

In this work, we investigate how to equip humanoids with
whole-body dexterous interaction capability from captured
human demonstrations. Our key idea is to make object geom-
etry and hand–object contact explicit throughout the pipeline:
references are constructed to preserve task-relevant contacts
across the morphology gap, and a unified policy, conditioned
on object geometry and trained jointly across objects and in-
teraction clips, tracks robot and object motion while explicitly
learning whole-body coordination and finger-level contact.

We present WEAVE, an end-to-end framework for learning
whole-body dexterous loco-manipulation from human–object
interaction. Given captured human–object interactions, which
records full-body human motion while manipulating everyday
objects such as chairs, boxes, and tables, WEAVE completes
the missing approach and transition motions with whole-body
motion generation [12], retargets the interaction to the robot
with contact-aware retargeting, and trains the contact- and
geometry-aware policy in simulation. As a result, the robot
walks up to an object, grasps it with multi-fingered hands,
lifts it, and carries it to a target configuration. We evaluate
the learned policy and publicly release a curated dataset
of simulation rollouts to support research on whole-body
dexterous interaction and learning from robot demonstrations.

In summary, our contributions are as follows:
• Contact- and geometry-aware whole-body dexterous

policy. A unified policy, trained jointly across multiple
objects and interaction clips, that tracks robot and object
motion while explicitly learning hand–object contact,
reproducing whole-body coordination, object transport,
and finger-level grasping within one policy.

• Interaction-preserving trajectory construction. A
pipeline that converts captured human–object interac-

tions into executable robot–object trajectories through
approach-motion completion and contact-aware retarget-
ing, preserving object motion and hand–object contacts
across the human–robot morphology gap.

• Systematic evaluation and physically plausible
dataset. We conduct extensive experiments to assess
interaction execution, quantify the benefits of joint multi-
object learning, and examine how policy architecture and
optimization affect learning efficiency, together with the
resulting rollout dataset released for downstream policy
learning and humanoid-object interaction modeling.

II. RELATED WORKS

A. Interaction-Preserving Retargeting and Motion Generation

Motion retargeting constructs reference motions from hu-
man demonstrations, conventionally by optimizing joint con-
figurations to match Cartesian keypoints [13]–[15]. For
human–object interaction, however, pose similarity alone is
insufficient: embodiment differences can alter hand–object
contacts, break the relative interaction geometry, or produce
configurations that cannot exert the intended effect on the
object. Interaction-preserving retargeting therefore incorpo-
rates contact constraints: OmniRetarget [3] preserves whole-
body interaction structure for humanoids, TopoRetarget [16]
and REGRIND [17] encode local hand–object topology for
dexterous hands, and other works [18]–[21] further enforce
force consistency of the retargeted contacts. In parallel, human
motion generation has progressed from parametric motion
synthesis [22] to more scalable and controllable models:
Kimodo [12] handles heterogeneous spatial and temporal
constraints for both human and humanoid embodiments, and
ARDY [23] extends to autoregressive diffusion for stream-
ing generation. WEAVE combines contact-aware retargeting
with Kimodo-based approach-motion completion to construct
robot–object reference trajectories. These kinematic references
then supervise reinforcement learning, which converts them
into physically executable interactions in simulation.

B. Humanoid Loco-Manipulation

Humanoid loco-manipulation requires coordinating locomo-
tion, balance, and object interaction over extended task hori-
zons. Modular approaches organize navigation, locomotion,
reaching, and manipulation into separate components [24]–
[27]. Such decomposition provides structured interfaces, while
coordinating balance and hand–object contact across these
interfaces remains an important consideration. Reference-
tracking approaches instead learn a physics-based policy that
tracks diverse humanoid motions and object interactions [1]–
[5], [28]. Physics-based grasping and human–object interac-
tion methods [6], [8]–[11] highlight the importance of coupling
motion tracking with hand–object contact, motivating unified
control across objects and interaction sequences. A parallel
line of work introduces egocentric depth or RGB observa-
tions for visually guided loco-manipulation [29]–[33]. Data-
generation approaches further diversify humanoid interactions:
GRAIL [34] synthesizes 4D humanoid–object interactions



Figure 2. Overview of WEAVE. (a) Captured human–object interactions provide paired SMPL-X body motion and object trajectories. (b) Whole-body inverse
kinematics retargets each interaction while preserving the hand–object contacts and the object motion. (c) Kimodo [12] synthesizes locomotion prefixes that
approach the initial interaction pose from different azimuths, producing several complete references from one captured sequence. (d) A unified reference-
conditioned policy is trained in simulation across all objects and interaction clips.

with a video generation model [35], HumanoidMimicGen [36]
augments a few teleoperated demonstrations through whole-
body planning, and VLK [37] synthesizes paired vision–
language–kinematics data in reconstructed scenes. Relative to
this literature, WEAVE supervises finger-level contact rather
than body- and arm-level motion alone, learns a single policy
across objects and interaction clips rather than per-object
controllers, and releases the executed rollouts as reusable
interaction data.

C. Humanoid Vision–Language–Action Models

VLA models connect semantic task descriptions and visual
observations with executable robot actions. General-purpose
systems [38]–[41] leverage large-scale robot datasets and
pretrained VLM representations to generalize across scenes
and tasks. Most of these models were initially developed for
fixed-base manipulators, whose action spaces and stability re-
quirements differ substantially from those of humanoid robots.

Extending VLA models to humanoids requires reasoning
over high-dimensional whole-body motion while maintain-
ing balance and physical contact. Recent humanoid-specific
systems [42]–[45], explore unified or hierarchical architec-
tures that connect semantic reasoning with whole-body motor
control. Nevertheless, acquiring large-scale data that jointly
contain locomotion, precise object interaction, and articulated
finger motion remains substantially more difficult than collect-
ing arm-level manipulation trajectories.

Therefore, WEAVE is complementary rather than compet-
ing: instead of collecting interactions through teleoperation
or generation, we acquire the skills through physics-based
reinforcement learning on human-object motion, producing
grounded, finger-level behavior. Such physically grounded
skills can serve as reusable low-level capabilities for future
humanoid VLA systems, while VLA models can provide the
semantic task specifications and high-level motion commands
needed to select and compose them.

III. PROBLEM FORMULATION

We study whole-body dexterous loco-manipulation, in
which a humanoid equipped with dexterous hands must
approach an object, establish a stable grasp, and transport
the object toward a desired configuration while maintaining
whole-body balance. We formulate the closed-loop control
problem as a partially observable Markov decision process
(POMDP) M = (S,A,O, T , r, γ), where S and O denote
the state and observation spaces, A is the action space, T is
the state-transition function, r is the reward function, and γ
is the discount factor. At each time step t, the policy outputs
an action at ∼ πθ(· | ot), where at specifies desired joint
positions for low-level PD controller.

Policy learning is bootstrapped from captured human–object
interaction data [46]. After retargeting and motion completion,
each sequence provides a robot–object reference trajectory

τ ref =
{
ŝreft

}T−1

t=0
, ŝreft =

(
x̂robot
t , x̂obj

t

)
, (1)

where x̂robot
t specifies the reference humanoid configuration

and x̂obj
t specifies the corresponding object pose. The refer-

ence trajectory is used to initialize state in simulation and
construct the tracking objectives during policy training.

IV. METHOD

A. Overview

WEAVE transforms captured human–object interactions into
whole-body dexterous loco-manipulation skills through two
main stages. First, we construct reference trajectories using
whole-body retargeting, contact-aware hand refinement, and
approach-motion completion. Then we train a unified contact-
and geometry-aware policy through reference-tracking, jointly
coordinating the humanoid body, articulated fingers, and object
motion across multiple objects and interaction clips.



TABLE I
REWARD TERMS FOR REFERENCE TRACKING. HATTED QUANTITIES DENOTE REFERENCES. TRACKING TERMS CONTRIBUTE wi exp(−et,i/σ

2
i ).

Reward term Computation Definition Weight w Scale σ

Robot and object tracking
Pelvis position ∥prt − p̂rt∥22 prt , p̂

r
t : current/reference pelvis position 1.0 0.3

Pelvis orientation ∠(Rr
t , R̂

r
t )

2 Rr
t , R̂

r
t : pelvis orientation; ∠: geodesic error 1.0 0.4

Body positions
1

|B|
∑
b∈B

∥pt,b − p̂t,b∥22 B: tracked robot links 1.0 0.3

Body orientations
1

|B|
∑
b∈B

∠(Rt,b, R̂t,b)
2 Rt,b, R̂t,b: current/reference link orientation 1.0 0.4

Object position ∥pot − p̂ot∥22 pot , p̂
o
t : current/reference object position 2.0 0.2

Object orientation ∠(Ro
t , R̂

o
t )

2 Ro
t , R̂

o
t : current/reference object orientation 2.0 0.3

Grasp and contact

Hand opposition

∑
h ηt,h

(
1

|Kh|
∑

k∈Kh

1−u⊤
t,h,0ut,h,k

2

)
∑

h ηt,h + ϵ

ut,h,k: surface-to-fingertip unit vector;
k = 0: thumb;
ηt,h: expected-contact gate

2.0 –

Contact matching

∑
h∈H mt,h(1− |yt,h − c̃t,h|)∑

h∈H mt,h + ϵ

mt,h = 1[ĉt,h ̸= 0];
yt,h = 1[ĉt,h > 0];
c̃t,h = min(∥ft,h∥/f̄ , 1)

2.0 –

Regularization
Foot sliding

∑
f∈Bfoot

χground
t,f ∥vxyt,f∥2 χground

t,f : foot–ground contact indicator −1.0 –

Action rate ∥at − at−1∥22 at, at−1: current/previous joint command −0.1 –

Joint limits
∑

j∈Jbody

(
[qt,j − qj ]+ + [q

j
− qt,j ]+

) Jbody: non-finger joints;
[q

j
, qj ]: soft joint limits −10.0 –

B. Interaction-Preserving Reference Construction

Before policy learning, we convert captured human–object
interaction sequences into reference motions. Starting from
the paired SMPL-X motion and object trajectory, our pipeline
first retargets the interaction segment to the humanoid through
whole-body inverse kinematics and contact-aware hand refine-
ment. We then use Kimodo [12] to synthesize a locomotion
prefix that approaches the initial interaction pose. This process
produces a synchronized robot–object trajectory spanning ap-
proach, grasping, and object transport, together with contact
annotations used for policy training.

Whole-body retargeting. We first obtain an initial robot tra-
jectory {x̃robot

t }T−1
t=0 using a GMR-style whole-body inverse-

kinematics objective [47], which aligns selected robot links
with their SMPL-X counterparts. To account for morphologi-
cal differences, we constrain the pelvis only in the horizontal
plane and optimize its height based on ground contact in place
of scale calibration, while joint-limit, velocity, and acceleration
penalties promote feasible and temporally smooth motion.

Contact-aware hand refinement. Whole-body IK captures
the arm and wrist motion but does not ensure a stable fingertip
grasp. We therefore jointly refine the arm and finger config-
urations of both limbs, ξt = (qarmt , qhandt ), initialized from
{x̃robot

t }T−1
t=0 and held fixed elsewhere: the pelvis pose and the

leg configuration remain at their IK solution, so the refinement

does not alter the retargeted whole-body motion. For fingertip
k at frame t, let pt,k(ξt) be its forward-kinematics position,
p̄t,k the object-surface point nearest to the corresponding
human fingertip, nt,k its outward normal, and ct,k ∈ {0, 1}
the contact label. Following [19], we minimize

Lhand = λa

∑
t,k

ct,k∥pt,k − p̄t,k∥︸ ︷︷ ︸
contact attraction

−λq

∑
t

Q̂FC(q
h
t )︸ ︷︷ ︸

force-closure objective

+ λp

∑
t,k

[
−(pt,k − p̄t,k)

⊤nt,k

]
+︸ ︷︷ ︸

penetration penalty

+ Lreg.
(2)

where [z]+ = max(z, 0). The attraction term alone only places
fingertips on the object surface, which admits configurations
that touch the object without being able to hold it. We therefore
additionally require the contacts to resist arbitrary disturbance
wrenches, and maximize a differentiable approximation Q̂FC

of the force-closure quality [48],

QFC(ξt) = min
∥w∥2=1

max
f∈F(ξt)
∥f∥1≤1

w⊤G(ξt)f. (3)

Here, G maps feasible contact forces f to object-centric
wrenches, and F is the linearized friction cone with soft-finger
torsion. Intuitively, QFC measures the weakest disturbance



wrench that the grasp can resist; QFC > 0 indicates force
closure. We approximate it by a fixed set of wrench directions.

Approach motion completion. The retargeted interaction
begins near the object and therefore lacks the locomotion
required to approach it. We use Kimodo [12] to generate
an approach prefix τpre for the refined interaction trajectory
τ int. The initial frames of τ int provide terminal whole-body
constraints, while the robot follows a path ending at the initial
pose and heading. We concatenate the two segments:

τ ref = τpre ⊕ τ int, T = Tpre + Tint. (4)

Sampling different approach azimuths produces multiple com-
plete references from the same interaction sequence. We
sample K = 3 for training set and K = 5 for test set, which
is the main source of the trajectory counts reported in V-A.

Reference annotations. After concatenation, the completed
reference is re-indexed as τ ref = {ŝreft }T−1

t=0 , where

ŝreft =
(
x̂robot
t , x̂obj

t

)
=

(
p̂rt , R̂

r
t , q̂t, p̂

o
t , R̂

o
t

)
. (5)

Here, p̂rt , R̂r
t , and q̂t denote the humanoid root position, root

orientation, and joint configuration, while p̂ot and R̂o
t denote

the object pose. For each robot link ℓ, we additionally assign

ĉt,ℓ = 1
[
dot,ℓ < δcontact

]
− 1

[
dot,ℓ > δfar

]
, (6)

where dot,ℓ is the distance from the link position to the object
surface. Thus, ĉt,ℓ ∈ {−1, 0, 1} denotes separated, neutral, and
contact states, respectively. The completed trajectories provide
initialization states and reference motion for policy learning,
while the contact annotations specify the desired interaction
pattern. Together, they guide a policy that learns to realize the
reference interactions under the simulator dynamics.

C. Contact-Rich Skill Acquisition via Reference Tracking

We train a unified reference-conditioned policy in simula-
tion, jointly across multiple objects and interaction clips. The
policy uses robot proprioception, object state and geometry
features, and reference motion to coordinate whole-body con-
trol with finger-level interaction:

at ∼ πtrack

(
· | opropt , oobjt , x̂robot

t:t+H , x̂obj
t:t+H ,

)
, (7)

where opropt is the robot proprioception, oobjt is the simulated
object observation, and {x̂robot

t:t+H , x̂obj
t:t+H} is a short-horizon

command extracted from τ ref . We optimize the policy with
PPO [49], using reference state initialization and reference-
based early termination following [50].

Observation and action. All relative poses and geometric
features are expressed in robot local frame. The propriocep-
tive observation contains the base angular velocity, projected
gravity, joint positions and velocities, and the previous action.
The object observation contains its ground-truth relative pose,
fingertip-to-surface vectors, binary object-contact flags, and
BPS-SDF descriptor encoding object geometry. The reference
command {x̂robot

t:t+H , x̂obj
t:t+H} contains the joint configuration,

pelvis pose, object pose, and contact labels of a short horizon.

We use an asymmetric actor–critic: the actor receives
(opropt , oobjt , x̂robot

t:t+H , x̂obj
t:t+H), whereas the critic replaces opropt

with a privileged robot observation that additionally contains
the base linear velocity and current tracked-body poses. The
action at specifies joint-position targets tracked by PD con-
trollers at 50Hz. For the underactuated Inspire hands, the
policy commands only the proximal finger joints, while the
intermediate and distal joints follow fixed mimic couplings.

Tracking objective. The reward combines robot and object
tracking, geometry-aware grasping, contact matching, and
motion regularization:

rt =
∑
i∈I

wi exp
(
−et,i/σ

2
i

)
+ woppr

opp
t + wcr

contact
t

+ wslider
slide
t + wactr

act
t + wlimr

lim
t ,

(8)

where I includes pelvis pose, tracked-body pose over the
body set B, and object pose. The hand-opposition reward
roppt encourages the thumb and opposing fingers to lie on
different sides of the object surface whenever the reference
specifies a grasp following [10]. For hand link h ∈ H, let
ĉt,h be the reference contact label and c̃t,h = min(∥ft,h∥/f̄ , 1)
the normalized contact-force magnitude. Contact matching is
computed only for non-neutral labels:

rcontactt =

∑
h∈H mt,h (1− |yt,h − c̃t,h|)∑

h∈H mt,h + ϵ
, (9)

where mt,h = 1[ĉt,h ̸= 0] and yt,h = 1[ĉt,h > 0]. The
remaining terms penalize foot sliding, action variation, and
non-finger joint-limit violations as showed in Table I.
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Figure 3. Reference-motion dataset distribution. Per-object composition of
the training and test splits in terms of (a) the number of reference trajectories
and (b) total motion duration.

Randomization and termination. Across parallel environ-
ments, we randomize robot and object friction and restitution,
torso center of mass, and finger actuator properties. Episodes
terminate when the pelvis-position error exceeds 0.25m, the
object-position error exceeds 0.30m, the projected-gravity
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Figure 4. Evaluation against training iterations. Success rate (top) and tracking errors (bottom) for πmulti
train evaluated on Dtrain and on Dtest. The dashed

line is πmulti
test evaluated on Dtest, which serves as an oracle for measuring generalization.

error of the pelvis or object exceeds 0.8 or 0.3, respectively, or
the vertical tracking error of an ankle or wrist exceeds 0.25m.
We also terminate after all expected hand–object contacts are
absent for ten consecutive control steps. These conditions keep
the on-policy state distribution close to the reference [9], [51].

Policy optimization. Each observation group is encoded
and projected to latent representation. The concatenated
features are processed by SimBaV2 networks [52]. Two-
dimensional weight matrices are optimized with Muon [53],
while biases and other parameters use AdamW. We train a
unified policy jointly over all objects and reference clips under
a 200Hz simulation frequency and a 50Hz control frequency.

V. EXPERIMENTS

We evaluate WEAVE to answer the following questions:
Q1: How effectively does the learned policy execute whole-

body dexterous loco-manipulation across objects and interac-
tion sequences?

Q2: How does joint multi-object training compare with
single-object specialist in interaction completion and tracking
accuracy?

Q3: How do the policy architecture and optimizer affect
learning efficiency?

A. Experimental Setup

Embodiment and dataset. We instantiate WEAVE on Uni-
tree G1 humanoid with 29 actuated body DoFs and two Inspire
dexterous hands with 12 actuated finger DoFs. We construct
two disjoint reference splits, Dtrain and Dtest, containing
7,869 (19.56h) and 1,605 (3.67h) reference trajectories respec-
tively as showed in Figure 3.

Evaluation metrics. For N evaluation clips, let Ti denote
the number of executed frames in clip i. We define the
clip-balanced average ⟨zi,t⟩ = 1

N

∑N
i=1

1
Ti

∑Ti−1
t=0 zi,t. The

tracking errors are then defined as

Ep
anchor =

〈
∥pai,t − p̂ai,t∥2

〉
, ER

anchor =
〈
∠(Ra

i,t, R̂
a
i,t)

〉
,

Ep
body =

〈
1

|B|
∑
b∈B

∥pi,t,b − p̂i,t,b∥2

〉
,

ER
body =

〈
1

|B|
∑
b∈B

∠(Ri,t,b, R̂i,t,b)

〉
.

(10)
For joint and object tracking, we report

Eq
joint = ⟨∥qi,t − q̂i,t∥2⟩ , E q̇

joint =
〈
∥q̇i,t − ˆ̇qi,t∥2

〉
,

Ep
obj =

〈
∥poi,t − p̂oi,t∥2

〉
, ER

obj =
〈
∠(Ro

i,t, R̂
o
i,t)

〉
.

(11)

Here, a denotes the pelvis anchor, B is the set of tracked robot
bodies, and ∠(·, ·) denotes the geodesic rotation error.

B. Whole-Body Dexterous Loco-Manipulation

Protocol. We train a multi-object tracking policy πmulti
train on

Dtrain and evaluate it on both Dtrain and Dtest to measure
generalization to unseen interaction. We additionally train
πmulti
test directly on Dtest to serve as a comparison. The three

evaluations are complementary. The first measures how well
a single policy fits the references it is trained on, the second
measures transfer to unseen interaction sequences of the same
objects, and the third serves as an oracle.

Results. Figure 4 reports both evaluations against training
iterations. Training on Dtrain progresses steadily. The success



rate rises from 78.0% at 10k iterations to 92.5% at 100k and
the progress rate from 89.5% to 96.3%, while the tracking
errors decrease over the same span, with object rotation
falling from 11.17◦ to 7.18◦ and object position from 5.17 cm
to 4.27 cm. A single policy thus absorbs 7,869 reference
trajectories spanning nine objects, and performance is still
improving at the end of training. The policy transfers to unseen
interactions, reaching 65.0% SR and 84.5% PR on Dtest

with tracking errors close to those on Dtrain, but the gap in
completion is substantial. A likely cause is that the two splits
are not identically distributed: approach-motion completion
generates K = 3 variations per captured interaction for Dtrain

and K = 5 for Dtest as introduced in IV-B, so the test split
spans a wider range of approach directions and generated
locomotion prefixes than the policy encounters during training,
leading to a mismatch of data distribution.

C. Joint Multi-Object Skill Learning
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Figure 5. Joint multi-object training versus object-specific specialists.
Top: per-object and pooled success rates on Dtest, where the pooled result
is weighted by the number of evaluation trajectories. Bottom: tracking errors
computed over rollouts.

Protocol. We compare a single multi-object policy πmulti
test ,

trained on all objects in Dtest, with nine single-object spe-
cialist {πj

test}9j=1, each trained on the corresponding object’s

trajectories. Each single-object specialist is trained for 3k
iterations. The unified policy is trained for Nobj×3k iterations,
where Nobj = 9, giving 27k iterations in total. Thus, the
unified policy and the collection of nine specialists receive the
same aggregate number of training iterations. This comparison
measures joint skill acquisition on a shared reference collec-
tion. All policies use the same observations, actions, reward,
network architecture, and PPO configuration. We do not tune
hyperparameters for either the specialists or the unified policy.

Results. As shown in Figure 5, the unified policy achieves
a pooled success rate of 95.3%, compared with 91.5% for
the specialists. Joint training matches specialist success on
three objects and improves it on the other six, so the benefit
is distributed across multiple objects rather than driven by
a single easy category, and no object regresses. The pooled
rates are weighted by the number of evaluation trajectories
and therefore give greater weight to objects with more clips.

Success and imitation fidelity dissociate. The specialists
often attain slightly lower tracking errors while completing
fewer interactions. A specialist fits a single object’s reference
closely, whereas the unified policy allocates capacity across
nine contact patterns and converges to a more conservative
solution that trades pose fidelity for recovery margin. Lower
imitation error therefore does not imply more reliable inter-
action completion, which argues against using tracking error
alone as the primary metric for contact-rich interaction.

Why joint training helps. We offer two mechanisms consis-
tent with the evidence. First, the approach and transport phases
share whole-body structure across objects, such as walking to
a pose, balancing the torso, and bearing a load, so clips from
different objects act as mutual augmentation. Second, contact
patterns are shared across objects of similar shape: a small
table and a large table are grasped in much the same way,
as are a clothes stand and a floor lamp. A specialist sees one
geometry and can memorize a single grasp that fits it, whereas
joint training exposes the policy to families of related shapes
and pushes it toward selecting a grasp according to the object’s
geometry, which benefits to unseen interaction generalization.

D. Architecture and Optimizer Ablation

Figure 6. Sample-efficiency ablation on the small-table task. We compare
four combinations under a common training budget of 3,000 iterations. Light
curves show the raw mean episode length and reward, while dark curves show
exponential moving averages with a span of 50 iterations.



Protocol. We evaluate all four combinations of MLP and
SimBaV2 with AdamW and Muon on the small-table task
under a common budget of 3,000 training iterations. Figure 6
reports mean episode length and reward, with raw curves and
exponential moving averages.

Results. Both Muon configurations improve earlier than
their AdamW counterparts, suggesting that the optimizer con-
tributes the larger gain in sample efficiency in this comparison.
A plausible explanation is that Muon’s orthogonalized mo-
mentum updates, so no single direction dominates a gradient
update step. This matters because the reward couples body
tracking, object tracking, and finger contact, whose gradients
differ substantially in scale: an update dominated by the body
tracking term yields a policy that follows the reference pose
without closing fingers, a local optimum that early training
falls into easily. SimBaV2 provides a smaller additional im-
provement. Its hyperspherical normalization constrains weight
and feature norms, which limits how far the policy moves in a
single updates as the state distribution shifts at the onset of the
contact, where the reward landscape changes most abruptly.
The two effects are complementary: the optimizer governs how
the gradient is distributed across the coupled objectives, while
the architecture governs how much the policy is allowed to
change when the state distribution moves.

VI. CONCLUSIONS AND LIMITATIONS

We present WEAVE, a framework that converts captured
human-object interactions into whole-body dexterous loco-
manipulation skills. A reference-construction pipeline pre-
serves task-relevant hand-object contacts across the morphol-
ogy gap and completes the missing approach phases, and a
unified contact- and geometry-aware policy, trained jointly
over diverse object and multiple interaction clips, coordinates
locomotion, whole-body balance, and finger-level grasping.
The unified policy completes 92.5% success rate on trained
interactions, and without any additional training, 65.0% on
sequences beyond training data distribution, overall produces
∼23h of physically executed rollouts.

However, several limitations remain. Evaluation is carried
out entirely in simulation: the policy consumes ground-truth
odometry and object pose, so real-world deployment requires
either onboard state estimation or distillation into a perception-
based student, and the sim2real gap for contact-rich interaction
is not accessed here. Concern for embodiment, the Inspire
hand is underactuated and the policy commands proximal
joints only, which bounds the achievable finger-level fidelity,
and heavy or highly articulated objects are outside the range
covered by our references and domain randomizations. Finally,
the behaviors are reference-conditioned: the policy executes
an interaction that must be supplied to it, and pairing it with
a higher-level planner that selects and composes interaction,
for instance, the humanoid VLA systems discussed in II-C,
remains future work.
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