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MX HandMimicX: Learning Human-Like Dexterous Manipulation via
an Object-Centric Policy from Egocentric Videos
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Fig. 1: HandMimicX: We present an object-centric framework for learning dexterous manipulation skills from a single
egocentric demonstration, leveraging simulation-based reinforcement learning and sim-to-real policy transfer. The framework
consists of three stages. First, we reconstruct the demonstrated hand—object interaction from the input video, recovering the
hand—object motion trajectory, object geometry, and task-relevant interaction priors. Second, using the reconstructed object
mesh and interaction priors, we train an object-centric tracking policy to manipulate the object to spatially randomized target
object poses, denoted as RT,,. By optimizing the policy across diverse target poses, the robot acquires spatial generalization
beyond the original human demonstration. Finally, the learned policy is transferred to the real robot and executed using
observations from an RGB-D camera, enabling dexterous manipulation in the real-world environment.

Abstract— Learning dexterous manipulation from human
videos remains an open challenge, particularly in the context of
transferring a single demonstration into a spatially generaliz-
able robotic skill and maintaining physically plausible human-
like interactions. Unlike prior works that emphasize hand-
motion imitation, we introduce an object-centric framework
for acquiring dexterous skills from egocentric human RGB-D
videos. Within our framework, we formulate the reinforcement
learning (RL) objective in terms of object motion to decouple
the underlying skill from the specific hand trajectory and
impose constraints on hand-object interaction states to pro-
mote more anatomically natural hand configurations. Extensive
experiments in simulation and on real robots demonstrate that
our method enables efficient learning from human videos and
generalizable skill transfer across novel spatial configurations.
Project page: https://anonymous.4open.science/w/
handmimicx/index.html)
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I. INTRODUCTION

Recent advances in embodied intelligence have demon-
strated the potential of learning robot manipulation policies
from human videos [1], [2], [3], [4]. However, directly
transferring human demonstrations to robots remains chal-
lenging due to the gap between human motion and robot
embodiments, as well as the discrepancy between visual
observations and physical execution [5], [6], [7].

Reinforcement learning (RL) provides a powerful mech-
anism to bridge this gap by optimizing interaction behav-
iors under physical constraints in simulation. Under this
paradigm, human demonstrations can be transformed into
physically feasible robot manipulation policies. However,
acquiring a robust and generalizable skill from a single
human demonstration remains challenging. Existing RL
approaches largely rely on hand motion as the primary
supervision signal, learning residual actions to refine the
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reference motion [5], [8], [9], [10]. While this paradigm
enables precise motion imitation, it relies heavily on accu-
rately reconstructed hand—object trajectories, making perfor-
mance sensitive to even minor misalignments and favoring
kinematic reproduction over the acquisition of transferable
skills. By contrast, object-centric policies [11], [12] prioritize
desired object states, shifting the learning objective from
replicating a demonstration to capturing what the task is
meant to accomplish. Nevertheless, their disproportionate
emphasis on object-level task success often leads to unrealis-
tic hand—object interactions, including physically implausible
contacts and unnatural finger configurations.

In light of these challenges, we propose HandMimicX, a
novel object-centric reinforcement learning framework for
acquiring an underlying manipulation skill from a single
egocentric human video. The “X” indicates moving beyond
trajectory mimicry toward generalizable skill acquisition. To
bridge egocentric human videos and dexterous control, we
jointly reconstruct hand-object interactions (HOIs). However,
camera motion degrades reconstruction accuracy, particularly
in terms of hand—-object alignment. We therefore refine the
reconstructed hand translation using depth to improve spatial
consistency. To transcend the trajectory constraints inherited
from the human demonstration video, we condense the full-
sequence reconstructions into object geometry and interac-
tion priors to retain the most critical task-relevant elements.
Using the reconstructed geometry, we train an RL policy to
manipulate the object to arbitrary 6-DoF target poses, while
the interaction prior regularizes the resulting hand—object
interactions toward physically plausible configurations. For
real-world deployment, we use DAgger [13] to distill the
policy and reduce its reliance on privileged information. Ulti-
mately, our framework transforms a single human demonstra-
tion video into a transferable dexterous skill that generalizes
beyond the demonstrated spatial configuration. In summary,
our contributions are as follows:

o We propose HandMimicX, a novel object-centric RL
framework that learns a generalizable dexterous manip-
ulation skill from a single human video.

o We build a joint 4D HOI reconstruction pipeline that
recovers spatially consistent hand—object motion from
dynamic egocentric views.

« We enhance object-centric RL with an extracted interac-
tion prior, regularizing policy learning toward physically
plausible and anthropomorphic dexterous manipulation.

II. RELATED WORK
A. Human—Object Interaction Reconstruction

Recovering human—object interactions (HOIs) from visual
observations provides the geometric interface between hu-
man videos and downstream robot learning [14]. HOLD [15]
leverages a compositional articulated implicit model to
jointly reconstruct articulated hands and objects using com-
positional SDF and contact constraints. HO-NeRF [16] sep-
arately learns shape and appearance prior knowledge of
hands and objects with a neural representation and proposes

a pose estimation system for hand-object interaction from
sparse views. These methods, however, rely on either scene-
specific optimization or pre-built hand models, limiting their
scalability to in-the-wild videos. Another line of work,
exemplified by HaMeR [17], scales up a ViT-based backbone
for 3D hand reconstruction, yielding accurate and robust
hand mesh recovery, while HaWoR [18] and Dyn-HaMR [19]
couple camera tracking with hand-motion estimation for
global 4D hand recovery from unconstrained videos. Recent
studies [14], [20], [21] have developed more generalizable
integrated frameworks for reconstructing overall hand—object
motion. Nevertheless, these approaches remain susceptible
to cumulative errors, particularly in hand—object alignment,
compromising downstream manipulation.

B. Learning Robot Manipulation from Human Videos

Exploiting human videos to train robotic models has
been actively studied in recent years. Recently, [1], [2],
[22], [23] have utilized human video for pretraining robotic
manipulation models; for instance, EgoScale [1] uncovers
a clear log-linear relationship between data scale and hand-
action prediction loss and demonstrates that this loss strongly
correlates with real-robot dexterous manipulation perfor-
mance. By leveraging large-scale human video corpora [24],
[25], [26], [27], [28], these works envision a future in
which robots acquire diverse skills from abundant human
demonstrations. In parallel, advances in simulation [29],
[30] have established real-to-sim-to-real as an alternative
paradigm for robot learning from videos [3], [4], [31], [32],
in which policies are optimized via RL to reproduce motions
demonstrated in human videos. Our proposed HandMimicX,
instead, emphasizes learning a transferable skill via RL from
a single human demonstration video, moving beyond mere
imitation of the demonstrated trajectories.

C. Object-Centric Reinforcement Learning

Unlike residual RL [8], [32], [33], which remains an-
chored to a reference trajectory, object-centric RL [34],
[35] directly optimizes task-relevant object-state transitions.
Dex4D [11] learns a generalizable task-agnostic grasping
policy, while X-Sim [36] trains a reinforcement learning
(RL) policy in photorealistic simulations reconstructed from
RGB-D human videos. To simplify RL for robotic hand
control, Human2Sim2Robot [37] combines geometric fabric
control with a PCA-based action space, but this formulation
can lead to degenerate hand configurations. These prior
methods either target grippers or neglect the naturalness and
anthropomorphism of hand configurations during grasping.
By contrast, we transfer physically grounded hand—object
interaction patterns from human videos to promote feasible
dexterous manipulation.

III. METHOD

A. Overview

An overview of our framework is shown in Fig. [2] Given
a single egocentric RGB-D video, we reconstruct a depth-
refined HOI trajectory to extract the metric-scale object mesh
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Fig. 2: Overview of HandMimicX. (al) Given an RGB-D egocentric video, we reconstruct the manipulated object and hand
motion, and then align both reconstructions with the depth observations. (a2) We extract the hand-object interaction state
at the first contact frame as the interaction prior g 4 for policy learning. (bl1) We train an object-centric teacher policy
7" using PPO with SAPG. A correspondence-aware encoder maps the current and goal object point clouds to a geometric
latent representation, which is concatenated with op °P a,_; and d™° to form the observation o;r and then fed into the
actor and critic MLPs. (b2) During training, the teacher w7 learns to manipulate the object and track arbitrary goal poses.
(b3) We use DAgger to distill the teacher 7™ into a student 7> under partial observations of. Finally, (c) we deploy the

distilled student policy on the real robot to execute diverse trajectories, extending beyond the original video demonstration.

and the interaction prior. Next, we train an object-centric
policy under the constraints of the prior in simulation. For
deployment, we use DAgger [13] to distill the privileged
policy trained in simulation into a student policy conditioned
on partial observations available in the real world.

B. Egocentric HOI Reconstruction

1) Problem Setup: Given a dynamic egocentric video
sequence Itthl, we formulate the training objective based on
the following physical state representations: the geometry of
the manipulated object and interaction priors capturing hand
configuration, hand—object relative pose, and contact.

2) Joint HOI Reconstruction with Depth Refinement: We
aim to recover spatially and temporally consistent hand—
object interactions from dynamic egocentric observations.
Specifically, we use SAM3D [38] to recover the metric-
scale object mesh, HaWoR [18] to estimate hand poses in
the world coordinate frame, and HACO [39] to detect hand—
object contact and identify the corresponding contact regions,
as shown in Fig. 3] The interaction prior is then defined
by the hand pose, relative hand—object position, and region-
level contact at contact onset. We additionally reconstruct
the demonstrated object trajectory with FoundationPose [40]
throughout the video. Although this trajectory is not directly

used for policy training, it provides a reference for real-world
execution and serves as a basis for generating additional
object motion trajectories.

However, a key challenge is that independently recon-
structing the hand and object under continuous ego-camera
motion can introduce scale drift and spatial misalignment,
leading to inconsistent interaction trajectories. To mitigate
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Fig. 3: Visualization of contact and hand pose retargeting.
We use HACO to estimate contact regions on the MANO
hand mesh and transfer them to the robotic hand for contact

retargeting. Hand pose retargeting is performed using [41].
the inconsistency between reconstructed hand and object

trajectories, we further refine the global hand translation
using metric depth observations. For each interaction frame ¢,
we back-project valid depth pixels within the hand mask into
a world-space point cloud and randomly sample 10 points to
form a sparse set of depth anchors P;. We then identify the
MANO mesh vertices visible to the camera and obtain their



world-space coordinates, denoted by V;. The global hand
translation is refined by aligning the visible hand surface
with the depth observations:

At = i i At—p|Z). «
: argrgltnv; p(;frélﬁi v+ P|2) )
t

We adopt the Huber loss p(-) to reduce sensitivity to depth
outliers. The refined hand translation is t; = t? + At}. By
anchoring the hand reconstruction to metric depth observa-
tions, this refinement alleviates scale drift and hand—object
misalignment caused by ego-camera motion, substantially
reducing interpenetration and improving the spatial and tem-
poral consistency of the recovered interaction.

C. Object-Centric Policy for Learning from Videos

1) Object-Centric Policy Design: Our policy 7 employs
an actor—critic architecture to jointly control the 6-DoF URS
arm and the 20-DoF Wuji hand. At each time step ¢, the
actor receives an observation o, consisting of the current
and target object point clouds, robot joint positions and
velocities o} ", the previous action a;_1, and distances d"°
from the fingertips to their nearest object points. We em-
ploy a correspondence-aware encoder to capture geometric
relationships between the current and target object point
clouds while preserving pointwise correspondences, yielding
a compact and expressive latent representation of their rela-
tive pose. The remaining observations are concatenated and
passed through an MLP encoder to obtain a proprioceptive
embedding. All embeddings are jointly fed into the actor
to produce a 26-dimensional action vector. The predicted
action is executed in the simulation environment to interact
with the object and receive the corresponding reward. Our
critic estimates the expected cumulative future return from
the current state under the actor policy, providing a value
signal to guide policy optimization. Throughout the process,
the interaction prior shapes the reward by measuring the
deviation from the reference hand pose, encouraging the
policy to maintain physically plausible hand configurations.
Additional privileged information, including contact and
collision signals, is used to assess policy performance.

a) Point Correspondence Learning: Motivated by [42],
we use point correspondences to capture the geometric
relationship between the current and goal object states. Let
X = {%;}}¥, denote a set of N = 128 points sampled
from the object mesh. A shared PointNet [43] encoder ¢g
extracts pointwise embeddings from the current and goal
point clouds: H} = ¢y(X$), where s € {c, g}, with ¢
and g denoting the current and goal object point clouds,
respectively. To capture the correspondence between the
current and goal object states, we apply bidirectional cross-
attention: _

H{ = go(H, HY) + Hy,

19 9 EyC g )
Hi = go(H{, Hf) + Hj.

Here, Hf and H{ denote the pointwise features of the current
and goal object point clouds, respectively, and gy denotes
the transformer-based cross-attention module. The resulting

features ﬁ§ and ﬁ;’ mutually encode the two geometries,
capturing their correspondence and producing interaction-
aware representations for fusion.

b) Reward Functions: The total reward is designed to
encourage the robotic hand to manipulate the object toward
the target poses while promoting plausible interactions:

Tt = WappTapp T WeonTcon
3)
+ WgesTges + WrelTrel + WrackMtrack-
The approach reward r,,, encourages the robotic hand to
approach the object by reducing the finger—object distance
d™®. The contact reward 7copn encourages the target regions
of the robotic hand to make contact with the object.

To identify the target contact regions, we first use HACO
to estimate contacts on the human hand and then retarget
them to the robotic hand, as illustrated in Fig.[3] Specifically,
HACO predicts a binary contact label h,(v) € {0,1} for
each MANO vertex v. We aggregate these vertex-level pre-
dictions into region-level contact estimates using a predefined
anatomical segmentation. These contact estimates are then
transferred to the corresponding semantic regions on the Wuji
hand, each associated with a set of candidate robot links. The
resulting set of target contact regions, denoted by C, is used
to define the contact reward:

reon = DI (d <€), )

ieC

where d?’o denotes the distance between the i-th robotic hand
region and the object, € is the contact threshold, and I(-) is
the indicator function. The relative-pose reward 7. preserves
the demonstrated hand—object configuration by penalizing
deviations in both relative translation P.  — lsﬁel and rotation
R!, OR!,, where P! and R!,, denote the relative position
and orientation, respectively; hats indicate demonstration
references, and & denotes the rotation difference expressed
as an axis—angle vector.

The gesture reward 745 promotes alignment of the robot’s
finger configuration with the demonstrated gesture. We retar-
get the demonstrated hand pose to the Wuji hand using [41],
as shown in Fig. [3] and then represent the gesture as a set
of key vectors extending from the palm center to the finger
joints. For finger f and joint j, the vector is defined as

vii=®RYT (ph; - pl), (5)

where (pZ,R!?) denotes the current palm pose. Given
the corresponding reference vector v} ;, we formulate the
gesture reward as

ries =exp (=B _[IViy Vil ) ©
I

where [ controls the sensitivity to gesture deviation. This
reward assigns higher values to hand configurations that more
closely match the reference interaction gesture. Finally, r¢;ack
encourages tracking of target positions by awarding a bonus
upon reaching each target.
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Fig. 4: Visualization of sampled objects for policy pre-
training. The collection spans diverse categories, including
everyday objects and tools, with varied geometries.

c) Training Strategy: The high-dimensional action
space of the robotic hand makes direct policy optimization
challenging. We therefore adopt a two-stage training scheme
consisting of pretraining and finetuning. The pretraining
stage equips the policy with general manipulation capabil-
ities and provides a favorable initialization for downstream
learning by training on over 3200 objects [25], [44], as
shown in Fig. @ Each object is associated with hundreds of
reference hand poses. We then finetune the policy on each
task to acquire the desired skills, guided by the object and
hand—object interaction priors extracted from the correspond-
ing HOI video. Notably, pretraining and finetuning share
the same policy architecture and reward formulation. We
pretrain the policy for 30K iterations and finetune for 10K
per task across 4,096 parallel environments. SAPG [45] is
used to optimize both stages, with its four blocks employing
distinct exploration distributions to collect diverse rollouts
and broaden coverage of the action space.

2) DAgger Distillation Training: Given the optimized
teacher policies after finetuning, we distill them into deploy-
able student policies via DAgger [13], enabling real-world
execution under partial observations. The student policy
adopts the same actor architecture as the teacher. It excludes
finger—object distances and contact information and is trained
to match the teacher’s actions by minimizing the objective:

_ S partial T ( priv
Laistin = HW (Ot ) - (ot )

where oP™ and oP*"""*! denote the privileged and real-world-

accessible observations, respectively.
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IV. EXPERIMENTS
A. Experimental Setup

We benchmark our method against two object-centric
approaches, SimToolReal and Dex4D, across eight manipu-
lation tasks. For each baseline, we follow its original training
protocol and introduce an additional finetuning stage for
task-specific adaptation. The tasks span diverse hand—object
interactions, including tool use, object transport, placement,
and stacking. We briefly describe each task below.

o Nail Hammering: Grasp a hammer to strike a nail.

o Umbrella Hanging: Hang an umbrella on a target hook.
o Debris Sweeping: Sweep debris into a dustpan.

o Pepper Lifting: Stably lift a pepper from the tabletop.

« Eggplant Placement: Place an eggplant in a basket.
« Bowl Stacking: Stack one bowl on top of another.
o Cup Relocation: Place a cup on the wooden rack.
Upright Sprayer: Reorient a spray bottle upright.

SimToolReal

Dex4D i @
-
HandMimicX & N

Fig. 5: Visualization of hand—object interaction poses from
SimToolReal, Dex4D, and HandMimicX. Our HandMimicX
produces the most anatomically natural hand poses.
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B. Experiments in Simulation

We compare our method with the baselines in simula-
tion by evaluating their ability to move objects through
a sequence of randomly sampled waypoints, following the
evaluation protocol of Dex4D and SimToolReal. The target
advances to the next waypoint once the current waypoint
is reached, and a trial is considered successful if all 5
waypoints are reached. Success rates are computed across
4,096 environments. As reported in Tab. |I|, our method
achieves substantially higher success rates than the baselines,
with an average success rate of 85.4%.

a) Visualization of Hand-Object Interaction Poses: In
addition to improving object manipulation success rates, our
interaction formulation plays a more fundamental role in
maintaining natural, human-like hand—object configurations.
As illustrated in Fig. [5] our method suppresses implausible
hand postures, yielding more realistic finger articulation and
appropriate contact with the object.

b) Ablations: We conduct comprehensive ablation stud-
ies to systematically assess the contributions of point
correspondence and the interaction prior. Specifically, we
separately remove the feature fusion module from the
correspondence-aware encoder and the interaction prior reg-
ularization to form two ablated variants, while keeping all
other training settings unchanged. These ablations isolate
the role of point correspondence in encoding the relative
geometry between the current and target object configu-
rations, as well as the effect of the interaction prior on
maintaining plausible and desired hand poses. Tab. [lI| shows
that both components improve performance individually and
yield further gains when combined. To further assess the
contribution of pretraining, we conduct an additional ablation
study comparing policies trained with and without pretrain-
ing. The results show that pretraining increases the average
success rate by 12.1%, suggesting that it provides a more
effective initialization for subsequent policy optimization.



TABLE I: Success rates (%) across eight manipulation tasks in simulation, with averages in the final column.

Poli Nail Umbrella Debris Upright Cup Bowl Eggplant  Pepper A
ouey Hammering Hanging Sweeping Sprayer Relocation Stacking Placement Lifting Ve
SimToolReal 39.2 48.2 423 64.6 64.4 69.0 717.1 536 573
Dex4D 57.8 42.7 75.3 78.4 69.9 58.0 89.6 62.5  66.8
HandMimicX 90.5 83.9 85.7 81.9 84.9 75.2 92.9 87.8 854

TABLE II: Ablation study evaluating the contributions of the interaction-pose prior, point-correspondence module, and policy
pretraining to the overall manipulation performance of our framework. Results are reported as task success rates (%) across

different ablation settings, with averages in the final column.

Nail Umbrella Debris

Upright

Cup Bowl Eggplant  Pepper

Policy Hammering Hanging Sweeping Sprayer Relocation Stacking Placement Lifting Avg.
w/o Pose Prior 78.3 64.1 79.4 64.5 69.7 76.6 92.5 759 751
w/o Correspondence 85.8 81.7 82.3 72.1 78.5 64.4 874 742 783
w/o Pretraining 79.7 71.6 62.2 71.3 75.0 61.8 90.6 741 733
HandMimicX 90.5 83.9 85.7 81.9 84.9 75.2 92.9 878 854
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Fig. 6: Visualization of real-world execution with HandMimicX. Object trajectories extracted from human demonstration
videos serve as targets for robot execution (please refer to the accompanying video for further visualizations).

TABLE III: Skill transfer evaluation across eight real-world
manipulation tasks. Each cell reports successful trials / total
trials. The final column shows the average success rate.

Nail Umbrella Debris Upright Cup Bowl Eggplant  Pepper
Hammering Hanging Sweeping Sprayer Relocation —Stacking Placement Lifting

8/10 7/10 7/10  6/10 7/10 6/10 8/10 810 713

Avg. (%)

C. Real-World Deployment

As shown in Fig. [7} our system comprises a 6-DoF UR5
robotic arm equipped with a 20-DoF Wuji hand. A single
side-mounted Intel RealSense D435 camera provides visual
observations for object tracking. We calibrate the camera

extrinsics with respect to the robot base frame. During
inference, FoundationPose estimates the object’s 6-DoF pose.
Points sampled from the object mesh are transformed into
the robot base frame using calibrated camera extrinsics to
obtain the current object point clouds, synchronized with
robot proprioception. The goal point cloud is predefined
according to the manipulation objective. The student policy
is conditioned on these inputs to predict the next action.
Our real-world evaluation examines whether the proposed
object-centric policy captures the manipulation skills un-
derlying human video demonstrations and generalizes their
execution across spatially varying trajectories. For each dex-
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Fig. 7: Real-world hardware setup and objects used in our
experiments. The system comprises a 6-DoF URS robotic
arm equipped with a 20-DoF Wuji hand and a single side-
mounted Intel RealSense D435 stereo camera.

terous manipulation task, we conduct 10 trials, each of which
requires the policy to execute a distinct object trajectory
derived from the demonstrated motion. Specifically, we apply
affine transformations to the demonstrated trajectory to vary
its intermediate waypoints and target object pose. Fig. [f]
shows real-world executions of the object trajectories demon-
strated in the videos for all eight tasks, while Fig. [§]illustrates
spatial generalization through the execution of diverse tra-
jectories. The quantitative results in Tab. [IT]] substantiate the

Fig. 8: Skill transfer from a single object trajectory extracted
from egocentric video. Panels (a) and (b) show executions
from different initial object positions and orientations. Panel
(c) visualizes the 128 canonical surface keypoints used to
represent the object state for the actor.

effective transfer of the learned generalizable manipulation
skills to the physical system.

V. CONCLUSION

We presented HandMimicX, an object-centric reinforce-
ment learning framework for acquiring a dexterous manipula-
tion skill from a single egocentric human demonstration. Our
framework integrates depth-refined hand—object reconstruc-
tion, correspondence-aware object representations, and inter-
action priors that regularize contact formation and finger con-

figurations. By coupling object-level goals with demonstrated
interaction structure, HandMimicX enables the robot to adapt
its manipulation behavior to spatial configurations beyond
the original demonstration. Experiments across eight tasks
show improved success rates over object-centric baselines,
while ablations support the contributions of interaction pri-
ors, geometric correspondence, and pretraining. Real-world
deployment also demonstrates the feasibility of transferring
these learned behaviors to physical manipulation.

VI. LIMITATIONS

Despite its strong performance, our framework has several
limitations. It relies on reconstructed object geometry, esti-
mated hand poses, and contact predictions, whose errors can
propagate into policy learning. Moreover, our contact rep-
resentation is limited to discrete region-level states, without
modeling finer-grained physical contact forces. Our evalua-
tion of the framework across different embodiments and on
bimanual manipulation tasks also remains limited in scope.
Future work will investigate more robust human—object inter-
action perception pipelines, incorporate force-aware contact
representations, and extend the framework to more embodi-
ments and manipulation tasks.
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