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Figure 1: MaskedManipulator enables physics-based humanoids to perform intricate, object interactions from sparse spatio-

temporal goals.

Abstract

We tackle the challenges of synthesizing versatile, physically sim-
ulated human motions for full-body object manipulation. Unlike
prior methods that are focused on detailed motion tracking, trajec-
tory following, or teleoperation, our framework enables users to
specify versatile high-level objectives such as target object poses or
body poses. To achieve this, we introduce MaskedManipulator, a
generative control policy distilled from a tracking controller trained
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on large-scale human motion capture data. This two-stage learning
process allows the system to perform complex interaction behav-
iors, while providing intuitive user control over both character and
object motions. MaskedManipulator produces goal-directed manip-
ulation behaviors that expand the scope of interactive animation
systems beyond task-specific solutions.
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1 Introduction

Generating versatile humanoid agents capable of autonomous and
controllable behaviors is a shared challenge for both character ani-
mation and robotics. While recent approaches have significantly
advanced locomotion capabilities for simulated [Tessler et al. 2024a;
Wau et al. 2025] and real-world humanoids [Allshire et al. 2025; Ji
et al. 2024; Ze et al. 2025], synthesizing controllers that can skillfully
interact with the environment - especially with small, dynamic ob-
jects requiring precise dexterous manipulation - remains a daunting
hurdle. A key challenge lies in how to effectively translate high-
level human intent into low-level motor commands. For example,
walking to an object, picking it up, inspecting the object, and then
placing it back down on a table.

We aim to build a versatile controller that seamlessly combines
full-body locomotion with dexterous manipulation, which can also
interpret such diverse command inputs. However, there exits an
inherent tension: the need for broad task flexibility versus the need
for exacting physical precision. On one hand, achieving versatility
requires controllers capable of understanding abstract user intents,
like sparsely defined target coordinates (e.g., “reach this point”)
or high-level object goals (e.g., “place cup here”). These often un-
derspecified goals present vast solution spaces, posing substantial
challenges for control and learning techniques like reinforcement
learning (RL). On the other hand, successful manipulation, particu-
larly with common objects, demands meticulous precision. Even
small deviations during physical interaction - grasping, reposition-
ing, or placing — can lead to instability, object dropping, or complete
task failure, often without recovery [Luo et al. 2024b]. While prior
work has tackled aspects of this challenge, existing methods typ-
ically excel at either sophisticated manipulation [Iyer et al. 2024;
Lin et al. 2024] or versatile body control (e.g., via goal-conditioning
[Tessler et al. 2024a]). Achieving unified versatile control that en-
compasses both body and object goals, and gracefully balances this
flexibility-precision trade-off, remains an open problem.

We propose a unified control framework for diverse and pre-
cise full-body-manipulation tasks, responding to inputs ranging
from detailed kinematic targets (e.g., tracking the hand positions
via teleoperation) to sparse, high-level goals (like a desired posi-
tion of an object). Our framework extends spatio-temporal goal-
conditioning (MaskedMimic [Tessler et al. 2024a]) to encompass
both the humanoid’s body parts and the manipulated object. To
master the precise execution required by human-object interac-
tions, our first stage (MimicManipulator) leverages human motion
capture (e.g., GRAB dataset [Taheri et al. 2020]). The motion cap-
ture data demonstrates successful interaction strategies, such as
sequences of grasping, placing, and regrasping objects, and hand-
to-hand transfers. This physics-based tracker (MimicManipulator),
trained with RL in a fully observable setting, learns the necessary
actions to accurately reconstruct these intricate behaviors. Then, to
enable versatile control from sparse goals, MimicManipulator’s ex-
pert interaction knowledge is distilled into our MaskedManipulator
policy. By learning from MimicManipulator, MaskedManipulator
becomes capable of producing human-like and diverse behaviors in

response to under-specified goals for both body parts and objects
(e.g., “bring the object to coordinate (x, y, z)”), effectively addressing
the multi-solution challenge of versatile control.

The central contributions of this work are:

(1) We extend the versatile full-body controller, MaskedMimic
[Tessler et al. 2024a], enabling full-body-manipulation. We
demonstrate how to successfully leverage human demon-
strations to produce diverse, physically plausible, and human-
like solutions to underspecified tasks involving coupled human-
object interactions.

(2) MimicManipulator: A physics-based motion tracker that ac-
curately infers actions and reconstructs dexterous human
full-body-manipulation sequences from reference motion
data.

(3) MaskedManipulator: A unified generative full-body-manipulation
policy that enables diverse spatio-temporal goal-conditioning
for both humanoid body parts and manipulated objects.

2 Related Work

Our work builds upon advances in demonstration-driven control,
object manipulation, and versatile goal-conditioned policies for
physics-based characters.

Demonstration-driven control. Traditional reinforcement learn-
ing (RL) for character control often requires meticulous reward
engineering. Imitation learning (IL) offers a powerful alternative by
leveraging expert demonstrations. DeepMimic [Peng et al. 2018]
showed RL can robustly replicate reference motions, a paradigm
extended to object manipulation by works like [Yu et al. 2025] for
dexterous sequences and InterMimic [Xu et al. 2025] for retargeting
interactions across morphologies. Our MimicManipulator stage is
inspired by these approaches, using RL to train a single policy to
precisely track the entire diverse human full-body-manipulation
demonstrations from GRAB [Taheri et al. 2020], thereby recovering
actions and ensuring physical plausibility.

Object manipulation and grasping. Integrating object manipula-
tion into humanoid control substantially increases task complexity.
Early approaches achieved progress without reference data by rely-
ing on hand-crafted rewards and large-scale reinforcement learning
[Akkaya et al. 2019; Lin et al. 2024]. More recent work has explored
demonstration-driven methods: for example, OmniGrasp [Luo et al.
2024a] synthesizes full-body motions conditioned on dense object
trajectories and trained via dense rewards. It achieves this by lever-
aging a scene-agnostic generative prior that is steered through
hierarchical reinforcement learning. Compared to our approach,
this design presents two key limitations: (1) the reliance on dense
reward signals restricts OmniGrasp to short-horizon training ob-
jectives, making it unsuitable for more general goal-conditioned
tasks such as bringing an object to a target position [Pignatelli et al.
2023]; (2) the scene-agnostic prior hinders dexterous control. As a
result, OmniGrasp struggles reproducing dexterous behaviors such
as grasping a teapot by its handle or performing hand-to-hand trans-
fers. In contrast, our method first learns to reproduce dexterous
human-object demonstrations from dense goals and then distills
this knowledge into a flexible, long-horizon, goal-conditioned con-
troller. The resulting controller, MaskedManipulator, supports a
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range of object and/or humanoid body-part goals, enabling the
synthesis of diverse full-body-manipulation behaviors from sparse
constraints and supporting more adaptable, long temporal sequence
control.

Versatile and goal-conditioned control. A trend in robotics and
animation involves hierarchical control, where high-level systems
specify abstract goals (e.g., walk targets [Peng et al. 2022], grasp
poses [Li et al. 2024], 2D paths [Li et al. 2025]) for low-level ex-
ecution, akin to System 1/System 2 reasoning [Kahneman 2011].
MaskedMimic [Tessler et al. 2024a] significantly advanced System1
versatility by framing character control as motion inpainting, al-
lowing a unified model to synthesize diverse motions from sparse
future joint targets. Our work extends this by enabling explicit
spatio-temporal goal-conditioning on both humanoid body parts
and the manipulated object within MaskedManipulator. This pro-
vides direct, versatile control over the entire coupled human-object
system, crucial for sophisticated full-body-manipulation tasks.

3 Preliminaries

We formulate our problem within the framework of goal-conditioned
Markov Decision Process (MDP) [Puterman 2014], defined by a tu-
ple M = (S,G, A, P,R,y), consisting of states S, goals G, actions A,
transition dynamics P, a reward function R, and a discount factor y.
The objective is to learn a policy 7 (a;|ss, g¢) that selects an action
ar based on the current state s; and a task-specific goal g;.

The state of the humanoid’s J links at time ¢ is described by their
individual 3D positions p;; € R3 orientations 0}, linear vj; and
angular wj; velocities. Each orientation 0; ; is represented using a
continuous 6D rotation vector [Zhou et al. 2019]. All link positions
and orientations constitute the full body kinematic state, denoted
q: = ({pj!t}le, {Gj,,}le). The corresponding linear and angular
velocities collectively form ¢;. When interacting with the scene, a
body part may be subjected to contact forces, which we denote by
cj t- Object states q?bj are similarly defined by 3D position p?bj, 6D
orientation G?bj, velocities q?bj, and contact forces c(t)bJ .

Reference kinematic and contact quantities, sourced from Mo-
tion Capture (MoCap) data or a target trajectory generator, are
denoted with a hat accent (e.g., ¢;, ét, q;"”, Ct, é?bj). In contrast to
the simulated information, the reference ¢; are contact indicators.
Quantities without this accent refer to states within our physics
simulation.

4 Method

Our approach for generating versatile humanoid full-body-manipulation

capabilities is structured around a two-stage learning process. Hu-
man motion capture data provides rich kinematic descriptions of
complex interactions but typically lacks the underlying low-level
motor commands (actions) required to drive a physics-based char-
acter. Our first stage, MimicManipulator, addresses these challenges
by training a high-fidelity motion tracker within a physics-based
simulation. Operating in a full-information setting with respect
to the reference kinematics, MimicManipulator learns not only to
recover the necessary actions but also to physically reconstruct
the target full-body-manipulation sequences, thereby ensuring dy-
namic feasibility and emphasizing the nuances of object handling.

(a) Pre-contact

(b) During contact (c) Post-contact
Figure 2: Phased contact reward for precise manipulation.
We design a three-stage contact reward: (a) Approach: Tracks
the reference motion while aligning the hand’s path relative
to the object surface. (b) Engagement: Ensures critical con-
tacts are maintained according to the reference. (c) Release:
Promotes a smooth and timely object disengagement mirror-
ing the demonstration. The spheres illustrate the reference
joints and the arrows illustrate vectors to the closest point
on the object’s surface.

Subsequently, the robust interaction skills learned by MimicManip-
ulator is distilled into a versatile control policy, MaskedManipulator.
This second stage yields a policy that can generate novel, physi-
cally plausible behaviors by dynamically conditioning on spatio-
temporal goals specified for various parts of the humanoid body
or the manipulated object itself. The following sections detail the
objectives, architecture, and training procedures for each of the
two stages.

4.1 MimicManipulator

The first stage focuses on reproducing the intricate behaviors re-
quired for dexterous full-body-manipulation. We train a single
policy 7irack, @ motion-tracker denoted by MimicManipulator, to ac-
curately reproduce the complex full-body-manipulation sequences
from the processed GRAB dataset. The reference kinematic data
provides a rich description of the desired high-level behavior but
does not contain the low-level motor commands (actions a;) neces-
sary to execute these motions in a physically simulated environ-
ment. Therefore, we formulate this task as a reinforcement learning
problem where 7y, learns to infer these actions by imitating the
reference motion.

4.1.1 Task design.

Observation. To enable object interactions, the observation s;
comprises of the character’s proprioception g;, object information
g{(t)]JJ and character-object relational features. All components are
expressed in a character’s local coordinate frame and aligned with
it’s current root heading (yaw) for policy invariance. The character-
object relational features capture the spatial relationship between
the humanoid and the object, by providing the vector (direction and
distance) from each body part to the object surface. Object struc-
ture: Precise interaction requires awareness of the object geometry.
To accomodate this, we also provide a Basis-Point-Set [Prokudin
et al. 2019, BPS] representation, which represents all objects by
the surface distances to a pre-sampled set of points. Compared
to point-cloud representations, the pre-sampled and fixed BPS al-
low processing using simpler architectures (e.g., MLP), allowing



faster training and inference, while still being expressive. Future
reference trajectory (goal): To reproduce the target motions,
MimicManipulator observes the the goal future poses in the next
frame K = 1 and K = 30 frames (1 second), denoted by ggraCk. Each
target future pose observation {§;1£9q:} = {Prek — Pt> Gr+£©Oqs } is
a future pose G, normalized with respect to the current simulated
pose q;, where © represents the inverse quaternion. In addition,
we provide é;,1 to indicate which body parts should have contact
with the object.

Reward and termination. Successfully reconstructing long and
intricate human-object interaction sequences requires high pre-
cision. Minor inaccuracies during critical interaction phases (e.g.,
grasping, placing) can compound, leading to failures much later in
the motion. This delayed consequence creates a challenging credit
assignment problem for reinforcement learning.

Reference demonstrations implicitly encode successful, precise
interaction strategies. For example, where to grab the object in
order to naturally reach a target orientation, or to successfully
perform a hand-to-hand transfer. We leverage this data and de-
sign reward Ry,cx and termination conditions to synergistically
guide the MimicManipulator agent towards accurate and physically
plausible reconstructions.

The reward Ry, is a product of several components. We found
that the multiplicative design helps learning precise, full-body-
manipulation over long temporal sequences by strictly requiring
competence in all elements of the complex motion [Park et al. 2019;
Won et al. 2020; Xu et al. 2025].

Rigack = ybose _ contact  energy rinteraction (1)
rack — .

Each component r() is an exponential of a negatively weighted
error or cost (e.g., r = exp(—w - cost)), valued between (0, 1].

rhumanoid — rht . rhr and robj = pot, yor ()
components consider the translation and rotation errors for the
human and object respectively. The energy component attempts to
mitigate artifacts such as jitters. The interaction component aims
to prevent human-object penetrations by encouraging a gentle
approach and interaction.

The contact component, illustrated in Figure 2, is formulated to
encourage the policy to reproduce the contact patterns and timing
observed in the reference motion. The reward is structured into
three distinct phases, each corresponding to a specific stage of the
interaction, thereby guiding the agent to accurately replicate the
demonstrated behavior. To prevent abrupt behaviors, the approach
and engagement phase starts 1 second before contact and ends 0.2
seconds after the reference motion indicates contact has started.
Similarly, the disengagement phase beins 1 second before the refer-
ence motion indicates that contact has ended. We provide additional
details in the supplementary material.

In the approach and engagement phase, we identify future
contact bodies from the reference trajectory. For each future con-
tact body, the closest point on the object mesh is determined in
both the simulation and the reference motion. The reward then
penalizes discrepancies in distances and surface normals between
each simulated and reference contact body, thereby promoting sim-
ilarity in the approach trajectory and orientation. This mechanism

Figure 3: Object Retargeting for Morphological Differences.
Transferring motion between characters of varying shapes
can misalign human-object interactions (left). Our method
leverages original contact data to retarget the object’s trajec-
tory, preserving interaction consistency (right).

ensures that end-effectors (e.g., hands) are guided smoothly to-
ward the target contact regions in a manner consistent with the
demonstration.

During the contact maintenance phase, we identify which
reference body parts ¢; ; are marked as should-be-in-contact. For
each such body part, a reward is computed based on its proximity
to the object mesh. This formulation encourages stable contact,
discourages premature detachment, and ensures alignment of the
contact configuration with that of the reference motion.

Finally, in the disengagement phase, previously contacting
body parts are incentivized to move away from the object in a
controlled and timely manner. Rewards are again based on distance
and surface normal alignment, encouraging a smooth release that
mirrors the reference disengagement dynamics.

Complementing the reward design, we leverage early termina-
tion to define a feasibility envelope for the training phase [Luo et al.
2023; Peng et al. 2018; Tessler et al. 2024a]. An episode is termi-
nated if any body part deviates by >25cm from reference, or the
object deviates >10cm from reference, or when there’s a prolonged
unintended loss of contact for >10 consecutive frames during a
contact phase, or if the character maintains contact >0.4sec after
the reference has released.

Prioritized training for complex interactions. We train a single
policy to reconstruct the entire dataset. The reference sequences
span a wide range of difficulty. This variation arises from both
the object’s characteristics (e.g., grasping a mug by its handle is
more demanding than grasping a banana) and the intricacy of
the interaction itself (e.g., bimanual operations or tasks requiring
precise tool-like dexterity). During training we periodically evaluate
the agent’s performance and over-sample sequences in which it
has failed [Luo et al. 2024a, 2023; Tessler et al. 2024a].

4.1.2  Data processing. The GRAB dataset consists of motion se-
quences collected across 10 different human subjects, differing by
gender and size. This poses a challenge for training the controller, as
it requires awareness and generalization across different morpholo-
gies. To simplfy the control problem, we use a single, canonical
humanoid body shape (mean SMPL-X). The core difficulty lies in
accurately retargeting the diverse source motions from different sub-
jects to our canonical character while preserving the semantically
salient characteristics of the original human-object interaction.
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Figure 4: MaskedManipulator architectures: We illustrate the inference procedure of the considered architectures.

We propose a simple yet effective approach. First, we map the
motion from source to target skeletons by transferring the local
DoF rotations. Transferring rotations to a new body size leads
to misaligned human-object motion. For example, when rotated
downwards, a longer upperarm will result in the hand being beneath
the object. Our second step is object retargeting. We extract contacts
from the human-object aligned source motion. This tells us which
body part is in contact with the object’s mesh, and where. We
then retarget the object’s global position to best preserve these
contact relationships with the canonical character’s end-effectors
(additional details in the supplementary material and illustrated in
Figure 3).

Despite retargeting, some motions remain unsuitable for physical
reconstruction. We filter these, primarily due to: Complex biman-
ual interactions where our object-centric retargeting may not fully
resolve hand-object-hand alignment (e.g., transferring motion to a
shorter character leads to a large gap between hands), and inter-
actions reliant on features our simplified humanoid model lacks
(e.g., placing sunglasses on a detailed face). This data processing,
including retargeting and filtering, yields a training set of 1007
motion sequences and a test set of 141 sequences (GRAB subject
10).

4.2 MaskedManipulator

The second stage of our framework distills the rich, physically-
grounded interaction expertise learned by 7y ,cc (from MimicMa-
nipulator) into a versatile, generative control policy, yersatile (Our
MaskedManipulator). The ultimate goal for MaskedManipulator is
to produce diverse, human-like, and physically plausible full-body
manipulation behaviors in response to sparse future goals. These
goals might specify the desired pose for a hand, the target loca-
tion for an object, or a full-body stance at a future time, effectively
leaving many other aspects of the motion for the policy to “inpaint”.

Directly training such a versatile policy from scratch is exception-
ally challenging. Sparse goals often lead to a misspecified objective
with an overwhelmingly large space of potential solutions, posing
significant exploration and credit assignment difficulties. However,
MimicManipulator (iack), having learned to reconstruct a wide
array of complex human demonstrations, implicitly captures a dis-
tribution of high-quality, physically feasible solutions to various
interaction sub-tasks. Our approach extends the methodology of

MaskedMimic [Tessler et al. 2024a], which demonstrated that fram-
ing control as a “physics-based inpainting” problem — where the
policy fills in missing parts of a motion sequence - can effectively
learn versatile behaviors from diverse data.

Goal Specification and Distillation: The core idea is to train Masked-
Manipulator (7yersatile) to predict the detailed actions that Mim-
icManipulator (7,ck) Would execute to complete a motion, but
conditioned only on the current state s; and a sparse set of future
goals g‘t’ersatﬂe. We employ an online teacher-student distillation
process based on DAgger [Ross et al. 2011].

At each step, the student policy 7yersatile receives the current
state s; and a randomly masked version of the future reference
trajectory, g;" satile Thig sparse goal gversatﬂe specifies target future
states (e.g., pose of a hand, object location, or full body stance) for a
subset of entities at one or more future timesteps. All other future
state information is masked. The student then predicts an action
a‘t’ersatﬂe which is used to control the character in the simulation.

Concurrently, the teacher policy 7y, Observes the same current
state s; but with the unmasked, dense future reference trajectory
gﬁraCk (as used during its own training). The distillation objective is
to minimize the L2 distance between the actions predicted by the
student and the teacher:

k til
Listill = — log Tyersatile (at ack sy, gyersati e) 3)

We adapt the structured masking scheme from MaskedMimic [Tessler
et al. 2024a] to define g}’ersaﬁle, crucially extending it to include con-
ditioning on the future pose of the manipulated object alongside
humanoid body parts.

Policy Architecture and Training: To accommodate a variable
number of sparsely specified future goal constraints, each defined
by a target pose and a future timestep, MaskedManipulator utilizes
a transformer architecture [Vaswani et al. 2017]. The input to the
transformer is a sequence of tokens. Fixed-information inputs, such
as current proprioception (joint states, root state), hand-to-object
vectors, object and table pose, and object and table BPS, are jointly
mapped to a shared token. Each specified future goal (e.g., target
pose of hand j at time t + k) is also encoded into its own token.
Which each target future pose is represented using a unique token,
they are generated using a shared encoder.



Given that a sparse goal g‘,’ersatﬂe can often be achieved through

multiple valid and human-like motion sequences (i.e., the prob-
lem is multi-modal), we experiment with three classes of policy
architectures for 7yergatile, illustrated in Figure 4:

(1) Deterministic: This standard approach learns to predict a
single, mean action based on the teacher’s demonstrations. While
computationally efficient, this can average over the diverse solu-
tions present in the data, potentially leading to less expressive or
less performant behaviors when multiple valid options exist.

(2) Conditional Variational Autoencoder (C-VAE): To ex-
plicitly model the multi-modality of solutions, we employ a C-VAE
architecture with a learned prior, drawing inspiration from [Rempe
et al. 2021; Tessler et al. 2024a]. The prior network takes the sparse
goal g‘t’ersaltile and current state s; to predict a latent distribution
N (Eprior, Oprior) representing plausible general solutions. During
training, a residual encoder provides the offset in the latent space,
predicting the precise solution from the reference data. We extend
the architecture in MaskedMimic. There, the encoder observes both
the reference motion ggraCk and the sparse goals g;’ersatﬂe. As are-
sult, the encoder is required to implicitly predict both the prior
distribution and the offset. We simplify this design by providing
the encoder with the prior’s output N'(pprior, oprior). We found it
reduces parameter count and improves performance. During infer-
ence, sampling from the learned prior allows MaskedManipulator
to generate diverse actions satisfying the sparse goal.

(3) Diffusion Policy: As an additional generative approach, we
investigate a diffusion-based policy [Chi et al. 2023; Ho et al. 2020;
Lu et al. 2025]. Unlike C-VAEs, diffusion models do not require an
explicit prior network or separate encoder for the posterior dur-
ing training for their generative process. The policy is trained to
denoise an action that is initially pure Gaussian noise, iteratively
refining it over N steps to produce a clean action altv . This iterative
refinement process is conditioned on the current state s; and sparse
goal g‘,’ersatﬂe, To provide the necessary conditioning for each de-
noising step j, we augment our transformer architecture with two
additional input heads: one tokenizing the noisy action a? from
the current step, and another representing the current denoising
timestep j. At each step j, the policy predicts the less noisy action
ai_l (or equivalently, the noise to remove). The final denoised ac-
tion a? (conventionally, or aItV if N is the start of denoising from
pure noise) is used to control the character. In addition to Diffu-
sion using DAgger, we also experiment with a fully-offline version,
where MaskedManipulator is trained using supervised learning on
trajectories collected by MimicManipulator.

Both the C-VAE and Diffusion approaches are explicitly cho-
sen for their capacity to model the inherent diversity and multi-
modality in the solution space when presented with sparse goals.
This empowers MaskedManipulator not merely to fulfill specified
constraints, but to do so with a rich variety of human-like behaviors,
reflecting the breadth of solutions learned by MimicManipulator.

5 Experiments

Experimental setup: All experiments are conducted using the
ProtoMotions framework [Tessler et al. 2024b] with IsaacLab [Mittal
et al. 2023] as the underlying physics simulator. The simulation runs
at 120 FPS, and with 4 physics decimation steps, our control policies

operate at an effective rate of 30 FPS. To manage interpenetrations
robustly, we set the simulation’s depenetration velocity to 100.
To better approximate the contact dynamics of human soft tissue
interacting with objects using rigid body simulation, we use a global
friction coefficient of 1.5.

Training details: All MimicManipulator tracking policies (iyack)
are trained using Proximal Policy Optimization (PPO) [Schulman
et al. 2017]. The MaskedManipulator variants (7yersatile) are trained
using DAgger [Ross et al. 2011] with 7, as the expert teacher.
Each policy variant is trained for approximately 40,000 episodes,
distributed across 8 NVIDIA A100 GPUs. Specific hyperparameters
for PPO and the distillation process are detailed in the Appendix.

Evaluation metrics: The full-body-manipulation sequences from
GRAB are often long and complex, involving multiple pick-and-
place iterations, and hand-to-hand transfers. To comprehensively
evaluate performance, we employ several metrics:

Full-Sequence Success Rate: The percentage of test sequences
successfully completed from start to finish.

First-Interaction Success Rate: To isolate early interaction per-
formance from later complexities, this measures success from the
motion’s start until the second required contact with the object.

Mean Per Joint Position Error (MPJPE): The average Euclidean
distance between the simulated joint positions and the reference
motion’s joint positions, providing a measure of tracking fidelity.

Average Sequence Length: The average episode length until ter-
mination is encountered (or episode ends).

We define failure (leading to episode termination for success
rate calculation) if any humanoid joint deviates by more than 50cm
from its reference position, or if the manipulated object deviates by
more than 25cm from its reference position [Luo et al. 2024a].

6 Results
6.1 MimicManipulator

We evaluate ManipulationMimic’s performance through ablation
studies and quantitative comparisons, and provide qualitative ex-
amples of its capabilities.

Ablation study and quantitative analysis. Table 1 presents Mimic-
Manipulator’s performance on the GRAB dataset and the impact of
key design choices. We ablated: (1) tight early termination criteria,
(2) prioritized training on harder motions, and (3) the phased con-
tact guidance reward. The results demonstrate that each component
positively contributes to the overall tracking success, with the strict
early termination yielding the most significant improvement by
maintaining a tight feasibility envelope.

We also compare MimicManipulator with our implementation
of InterMimic [Xu et al. 2025]. For a fair comparison, we trained a
single InterMimic model on the entire GRAB training set, similar
to MimicManipulator, omitting InterMimic’s subject-specific policy
distillation stages. In addition, we did not include physical state
initialization as it introduced instabilities in dexterous manipula-
tion tasks. MimicManipulator outperforms this adapted InterMimic
baseline. We attribute InterMimic’s lower performance in this set-
ting to its potentially looser tracking requirements and a lack of
explicit object structure awareness (e.g., a BPS representation for



(a) Taking a picture (b) Drinking soup (d) Using a hammer  (e) Inspecting a cube  (f) Inspecting object

(1) Drinking wine

(h) Using a phone

(n) Using a hammer: MimicManipulator precisely handles a hammer, maintaining proper orientation while demonstrating how to hit a nail.

Figure 5: MimicManipulator — full-body tracking: MimicManipulator successfully interacts with a wide range of objects,
reconstructing various daily human behaviors. Textual descriptions are provided for the reader’s convenience. The model itself is
not conditioned on textual labels.

Table 1: MimicManipulator: We ablate various design decisions, stripping another component and measuring the cumulative
importance. E.g., the “Contact guidance” is without “Tight termination” and “Prioritized scenes”. We also compare with our
implementation of InterMimic [Xu et al. 2025] (see Section 6.1).

Train Test
Sequence First Sequence Tracking Sequence First Sequence Tracking
Success Success MEJPE [mm] Length [s] Success Success MEJPE [mm] Length [s]
MimicManipulator (ours) | 80.7% 93.5% 9.8 9.6 60.2% 83.7% 13.2 7.3
(-) Tight termination 74.6% 91.2% 15.3 9.3 51.8% 80.1% 22.8 7
(-) Prioritized scenes 71.2% 89.3% 15.5 9.2 56% 73.8% 18.4 7
(-) Contact guidance 69.4% 86.6% 16.4 9.2 47.5% 78% 25.5 6.5

InterMimic* [Xu et al. 2025] 11% 31.1% 42.2 6.2 8.5% 29.8% 50.5 4.9

of contact initiation or release. These may stem from the discrete
nature of the termination conditions related to contact, which can
sometimes force abrupt transitions rather than perfectly smooth

contact guidance) which is crucial for precise interactions with
diverse objects in GRAB.

Qualitative analysis. As illustrated in Figure 5 and the supplemen-
tary video, MimicManipulator successfully reconstructs a diverse
range of complex, full-body interactions while preserving natural,
human-like motion qualities. For instance, the policy can accurately
simulate grasping a teapot by its handle to pour liquid, or picking up
a hammer and striking a nail. These examples highlight its ability
to learn nuanced, tool-specific behaviors. While MimicManipulator
reliably reconstructs the majority of motions, occasional uncanny
behaviors can be observed, particularly during the precise moments

engagement or disengagement.

6.2 MaskedManipulator

We quantitatively evaluate MaskedManipulator (7yersatile)> assess-
ing its versatility, generalization, and long-horizon reasoning.

Quantitative analysis. Teleoperation-Style Pose Matching:
Table 2 compares the proposed MaskedManipulator architectures
(Deterministic, C-VAE, Diffusion) on a teleoperation-like task. Here,
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(a) Wrist control: Conditioned only on the wrist position and orienta- (b) Wrist control, hand-off: When only conditioned on the wrists, the
tion, the agent predicts when the motion is intended to interact with agent is required to ‘guess’ which hand is more likely to maintain
an object. contact.
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(c) Simulating teleoperation with object control: Conditioning on the head position provides additional information on the body position,
while conditioning on the object pose helps the policy infer how the hands should interact with the object.

Figure 6: MaskedManipulator — wrists, head, and/or object conditioning: MaskedManipulator is conditioned on when and
where to transport the object. The red spheres indicate target joint positions, whereas the purple where indicates the target

object position.

the policy is conditioned on near-future goals for head and wrist
poses, plus the object’s pose, aiming to accurately achieve these
combined configurations. While training performance was similar
for the stochastic C-VAE and Diffusion models, the Diffusion policy
generalized better, successfully completing 3.6% more unseen test
sequences than the other two. This highlights the advantage of its
capacity to model complex, multi-modal action distributions for ro-
bust generalization. In addition, we observe a dramatic performance
drop when training on offline data, highlighting the importance of
self-play for learning to recover from mistakes [Ross et al. 2011].

Long-Horizon Sparse Object Goal Chaining: We further test
the policies on a challenging long-horizon task (Table 3) where
MaskedManipulator receives a sparse object pose goal 2 seconds
into the future. Upon reaching the target time, a new 2-second
future object goal is set, repeating until the reference motion ends.
This evaluates the policy’s ability to reason about distant object
states while producing appropriate full-body motion and stable
grasps for diverse objects. Performance is measured by the success
rate in achieving the sequence of object goals. Consistent with the
teleoperation task and prior work [Tessler et al. 2024a], modeling
solution diversity proved crucial. While the C-VAE performed better
on the training set (indicating some overfitting), the Diffusion model
again exhibited superior generalization, successfully solving 9.3%
more unseen test sequences than the C-VAE.

Qualitative analysis. In Figures 6 to 8, we qualitatively demon-
strate MaskedManipulator’s versatility and the nuanced behaviors it
can produce. As shown in Figure 6, when given goals for wrist posi-
tion and rotation, MaskedManipulator achieves stable and accurate
pose tracking. Interestingly, even without explicit instructions, the

Table 2: ‘Teleoperation’: We compare the various architec-
tures on a teleoperation task. Here, MaskedManipulator is
conditioned on the positions and rotations of the head, wrists,
and object.

Train Test
Success MPJPE [mm] | Success MPJPE [mm]
Deterministic 73.8% 16.4 54.6% 24
C-VAE 78.5% 12.7 54.6% 244
Offline Diffusion | 50% 27.8 25.5% 38.5
Diffusion 78.6% 12.1 58.2% 19.7

Table 3: Object goals: The agent is provided a sparse objective
indicating where (and when) it should transport the object
to.

Train Test
Tracking Tracking
Success Length [s] | Success Length [s]
Deterministic 54.9% 7.8 46.1% 6.2
C-VAE 64.7% 8.3 50.3% 6.6
Offline Diffusion | 30.9% 6.8 32.6% 5.8
Diffusion 57.3% 7.9 59.6% 6.8

policy often infers when to make or break contact with objects to fa-
cilitate the desired poses, highlighting its learned understanding of
physical interaction. In Figure 7, we show that MaskedManipulator
can accomplish sparse object goals specified several seconds into
the future. For example, transferring an object to a target location by
generating the necessary full-body motion and even hand-to-hand
object transfer when needed. Finally, Figure 8 highlights purely



left-hand
grasp

L ) 4 ) /

position

(b) Solution adaptation: The agent picks up the object with its left hand. It then transfers the object to the right hand for a more natural

reaching pose.
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(c) Bi-manual: MaskedManipulator uses both hands when tasked with lifting a large object.

Figure 7: MaskedManipulator - full-body motion from sparse object goals: MaskedManipulator is conditioned on when and

where to transport the object.

generative behavior when the policy runs with minimal or no ex-
plicit goals. In such cases, MaskedManipulator reproduces natural
interaction patterns from the GRAB training distribution, such as
picking up a toy airplane and “flying” it through the air, showcasing
its ability to generate contextually relevant, human-like actions
without direct prompting.

These qualitative examples underscore MaskedManipulator’s
ability to not only follow specified goals but also to generate rich,
physically grounded, and contextually appropriate behaviors learned
from the human demonstration data.

7 Limitations

While our framework demonstrates significant progress in versatile
full-body-manipulation, we identify several limitations that offer
opportunities for future research:

Fidelity of the Unified Tracker (MimicManipulator): We observed
that training MimicManipulator to track the full diversity of the
GRARB dataset, while successful, sometimes results in slightly lower
reconstruction fidelity for individual complex sequences compared
to a tracker specialized (i.e., overfit) to only that single motion.
This suggests that the current policy representation or capacity
might be a bottleneck when learning a very broad repertoire of
intricate skills. Future work could explore more expressive policy
architectures or adaptive mechanisms within the tracker.

Reconstruction Coverage: Despite our efforts in data processing
and robust reward design, MimicManipulator does not reconstruct
all motions from the processed GRAB dataset. Certain interactions
remain challenging for the current system to reproduce faithfully
within the physics simulation, and the performance of MaskedMa-
nipulator on new and unseen tasks leaves room for improvement.

Granularity of Control in MaskedManipulator: Currently, Masked-
Manipulator infers a significant amount of the interaction behavior
(e.g., specific grasp points on an object, precise timing of contact
engagement) based on the sparse goals and its learned priors from
MimicManipulator. It does not allow for explicit user control over
how an interaction should be performed at a fine-grained level,
such as specifying exact contact locations on the object surface.

Addressing these limitations could lead to more capable, precise,
and controllable virtual humans, further bridging the gap between
high-level creative intent and realistic, interactive animation.

8 Conclusions

In this work, we presented a novel two-stage framework for ver-
satile, physics-based full-body-manipulation, enabling digital hu-
manoids to perform complex interactions with objects in response
to intuitive, high-level goals. Our approach bridges the gap between
the need for precise physical execution and the desire for flexible,
versatile control. The resulting MaskedManipulator successfully
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(a) Inspecting a large torus: The agent picks up the object with its left hand, holds it with both hands while inspecting, transfers to the right

hand, and puts it down.

(b) Flying an airplane: Observing only the object position and BPS [Prokudin et al. 2019], the agent “flys” the toy airplane through the air.

Figure 8: MaskedManipulator — generative interaction: When only conditioned on the pelvis position, MaskedManipulator

generates novel interactions.

synthesizes diverse and physically plausible full-body behaviors
from sparse, underspecified goals, effectively navigating the multi-
modal solution spaces inherent in versatile control.

Our experiments demonstrate that this framework can produce
sophisticated manipulation behaviors, such as precise object place-
ments, hand-to-hand transfers, and dynamic interaction with tools,
all driven by simple goal specifications. The ability to control both
the character and the object through a unified interface opens up
exciting possibilities for animators and creators of interactive vir-
tual experiences, simplifying the creation of nuanced and believable
character actions.
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Supplementary Material
A Humanoid model and control

Our humanoid character is based on the SMPL-X model structure
[Pavlakos et al. 2019], consistent with recent work [Luo et al. 2024a;
Xu et al. 2025]. It possesses N, = 153 actuated degrees of freedom
(DoFs), corresponding to 51 joints, each with 3 DoFs. The policy’s ac-
tions a; € RN« specify target positions for Proportional-Derivative
(PD) controllers at each actuated DoF.

The humanoid’s body links are represented using primitive ge-
ometries (capsules and boxes). This simplified geometric repre-
sentation, particularly for the hands, can generate fewer contact
points compared to real human hands with soft, deformable tissue.
This difference can make certain fine-grained manipulation tasks
harder to reconstruct. To better approximate the contact dynam-
ics of human soft tissue interacting with objects using rigid body
simulation, we use a global friction coefficient of 1.5. This helps
mitigate real-to-sim mismatch by enabling more stable grasps, such
as single-handed grasping of larger objects. Furthermore, to ensure
more natural and human-like finger movements, we constrain the
joint limits of the hand DoFs to be within biomechanically plausible
ranges, preventing uncanny configurations that can arise from the
full rotational capacity of the original SMPL-X model.

In addition, we model all objects with a fixed mass of 1[KG] and
set the restitution at 0.7.

B Retargeting

The goal in this paper is not to reconstruct the entire GRAB dataset,
but rather to learn full-body-manipulation skills. As such, we aim
to utilize as much data as possible, and focus on a single humanoid
morphology.

Transfering motion across morphologies isn’t a trivial problem.
Not only does the body-size ratio differ, but also the relative lengths
of various body parts with respect to the character’s height. The
simplest approach for transferring motion between characters with
similar (same structure) morphologies is by applying the DoF ro-
tations from the original skeleton onto the new target skeleton.
While simple, and this works nicely for learning locomotion, this
does not apply to the object.

Unlike the humanoid’s body parts, the object is not a fixed joint
within the kinematic tree. Changing the humanoid shape results in
a misalignment with the object. For example, a taller human lifting
an object might lift it higher.

To tackle this, we combine an explicit object retargeting strategy
with the robustness of reinforcement learning within our physics
simulation. The object retargeting step, illustrated in Figure 3, first
corrects for the large translational discrepancies caused by the
change in body shape, bringing the object approximately to the cor-
rect position relative to our character. From this more feasible start-
ing point, the RL-trained policy, by interacting within the physics
simulation, can then overcome smaller residual imperfections and
learn to successfully reconstruct the nuances of the original human-
object interaction.

When a reference motion (performed by a subject with a spe-
cific body shape, denoted “original”) is applied to the target hu-
manoid (which may have a different “target” shape), we adjust the

object’s trajectory to maintain interaction consistency. This simple
approach preserves the relative positioning between the contacting
hand(s) and the object. Leveraging the contact annotations, we de-
termine the object translation offset p by optimizing the following
objective to best preserve the original contact relationships:

p* = argmin,, Z

jeContactLinks
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where E;t? is the location joint j is in contact with the object mesh at
time t. This objective aims to find an object translation offset p that
maintains the same distance from bodies-in-contact to their corre-

sponding contact coordinate on the object mesh. The retargeted

object position is then ﬁ?bj’retargeted = ﬁ?bJ +p*.

Finally, as our goal is to learn manipulation behaviors and not
necessarily successfully reconstruct the entire dataset, we identify
and remove sequences exhibiting two primary issues: (1) Non-
hand interactions. Motions where crucial object interactions in-
volve body parts other than the hands (e.g., the person places sun-
glasses on its face), which are beyond the scope of our hand-centric
manipulation focus. (2) Retargeting instability. Instances where
the retargeting process might introduce discontinuities. We filter
out motions if the retargeted object’s center of mass “jumps” by
more than 10cm between any two consecutive frames, as this often
indicates an unstable or physically implausible retargeted interac-
tion.

After this data processing and filtering pipeline, our training set
comprises 1007 motion sequences, and our test set (derived from
subject 10 in GRAB) contains 141 sequences. By closely tracking
these detailed human demonstrations, 7, learns to overcome re-
maining imperfections in the reference data and to master intricate
and physically nuanced behaviors, such as coordinated bimanual
operations, precise tool usage, and maintaining stable object control
throughout extended manipulation sequences. We provide addi-
tional technical details in the supplementary material.

C Rewards

Our reward is defined as a multiplicative reward with the following
components:
Error on the human global translation: r* = ¢=100-1pe=pll,

Error on the human global rotation: /" = ¢=2'<01.0:>

< -,+ > is the quaternion difference.

where

Error on the human velocity: ¢ = ¢=0-2: 15 =]
Error on the human angular velocity: r¥ = ¢=0-02:[l&:—w: ||

Error on the human energy: rPo% = ¢~0-00002-|dof force, -v;|
Error on the finger contact forces:
rpenetration — e—0.0000l-Hjewmm bodiescontact force;

Contact rewards:
e Pre-contact:

— Translation error: We compute the combined error across
all future reference bodies in contact.



is marked as distance 0. IT;¢hould have comacte_z'd{ where d
is the distance to the closest point on the object surface.
e Post-contact:
— Translation error: We compute the combined error across
all previous reference bodies in contact.

5 _ ) 57 _ 20bj J _ ,0bj
I—Ijeincontactinthepaste_loo(pt_PtH+|H|p'_pl I1=lpe =p. 71D

This encourages the agent to smoothly release the object

and ensuring it remains in a similar position/rotation as
the reference.

Figure 9: Penetation issues when improper reward and
physics is used.

Error on the object global translation: r = e~ 100:[1pe=pell,
Error on the object global rotation: r" = ¢=1'<0n0:>
—100(3] —pl 1 1+111B1 - 1= 11p] -p 1) < - > is the quaternion difference.

We found that the reward and humanoid design were crucial to
preventing penetrations, especially with small objects. A full hand
grasp applies contact forces on all sides. These forces can be very
high when the humanoid approaches with full body dynamics. This
tends to result in penetration issues. These penetrations are not just

. visually unpleasing but also pose a problem in reconstructing the
ponent ITjcin contact in the future (1 — normal similarityy) /2 motions. For example, we observed issues such as a finger getting
which compares the surface normal of the closest point stuck inside an object. The object then follows the hand and the

for each joint in the reference with that in the simulation. agent is unable to let go of it.
e During contact we reward on the distance error for bodies Reducing finger forces and ensuring the approach is smooth
that should be in contact. This encourages them to minimize and contact forces remain within reasonable ranges — these design

the distance towards the object. A body part that is in contact choices help prevent penetrations such as shown in Figure 9.

where

I j€in contact in the future€

Which encourages future bodies in contact to not only
maintain similar position to the reference data, but also
with respect to the object. This helps prevent dynamic mo-
tion when close to contact, which may push the object far
away. In addition, we use a normal cosine similarity com-
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