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Abstract—Dexterous manipulation remains a challenging prob-
lem due to the high-dimensional action space of robot hands.
To solve this challenge, recent advances focus on transferring
human hand motions to dexterous robot motions. However,
the most straightforward method, retargeting, fails to ensure
successful task execution due to the ignorance of hand-object
interaction and environmental feedback, while other methods
combining retargeting with human feedback significantly increase
human labor and degrade motion quality. To address this
limitation, we propose a novel framework that enhances retargeted
motions with a residual policy based on reinforcement learning,
allowing robots to autonomously correct action errors without
human intervention. Specifically, our approach leverages human
demonstrations to provide natural and task-relevant finger motions
while incorporating object and environmental information to
improve manipulation performance. Extensive experiments in
multiple robot hand embodiments demonstrate that our method
outperforms baseline approaches by approximately 40% in task
success rates on both seen and unseen objects. Furthermore, our
approach eliminates the need for real-time human correction,
significantly reducing labor costs and facilitating scalable data
collection for dexterous manipulation.

Index Terms—Robotics, Dexterous manipulation, Retargeting,
Reinforcement learning, Learning from human demonstration

I. INTRODUCTION

UMANS manipulate a wide range of objects with their

hands in both industrial processes and daily life. This
extraordinary ability is also desirable for dexterous robot
hands to handle various objects in diverse manipulation tasks.
However, further development in this field is hindered by
the difficulty in the generation of successful trajectories for
dexterous manipulation given the high dimensional action
space of dexterous robot hands. To solve this challenge,
human motions serve as an easily accessible guidance of
dexterous manipulation controller in the wild. Therefore,
recent advancement has focused on transferring human hand
motions to dexterous robot hand motions [1f], [2[], which leads
to ample development in retargeting. As a promising way,
retargeting [3], [4] aims at maximizing the kinematics similarity
between human hand and robot hand, which is defined by
the relationship between their keypoints. However, retargeting
alone often fails to yield effective manipulation outcomes
in practice due to the ignorance of manipulation results like
object information or self-collision of dexterous robot hand.
For example, when grasping a mug, retargeting only maps the
keypoints from human hand to robot hand, but doesn’t consider
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Fig. 1: Unlike traditional methods with human feedback [7[]-[9]]
(Fig. a), DexH2R operates without real-time human intervention
((Fig. b)), significantly reducing human effort, ensuring smooth
operation and outperforming baselines by approximately 40%
on different robot hands (Fig. c)).

whether the mug is actually lifted and following the desired
trajectory at all.

One common approach to address such problem is combining
retargeting and human feedback together [5]]. By doing so,
human can iteratively correct the manipulation errors after per-
forming retargeting at each step based on the feedback from en-
vironments, which mitigates the negative impact of retargeting
errors in a close-loop manner [3]], [6]. However, incorporating
human feedback introduces two additional challenges: First, the
reliance on human feedback makes manipulation process highly
time-consuming and labor-intensive. Second, human tend to
make sudden corrective movements in response to system
errors, leading to unnatural and non-smooth robot motions.
These two disadvantages significantly reduce the transferring
efficiency and degrade the quality of robot motions compared
to actual human behaviors.
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To this end, we propose a novel method that automatically
compensates for action errors by leveraging reinforcement
learning, thus gets rid of the need for human feedback.
Specifically, we develop a residual module to correct the robot
hand motions generated by the retargeting module. Taking both
environment and object information as inputs, this task-oriented
residual model remains beneficial for the improvement of
concrete manipulation performance rather than simply mapping
the human hand motions. As illustrated in Figure|l] our method
bridges the gap between human hand and dexterous robot hand,
enables robots to successfully finish the trajectories without any
human correction, thus eliminating the high cost of human labor
and time consumption. Moreover, our method is compatible
with different embodiments and can be directly applied on
different robot hands, free from heavy hyper-parameter tuning
or human hand manipulation dataset adjustment. Such benefits
enable our method to obtain robot manipulation data with high
quality in different kinds of dexterous robot hands, which can
potentially serve as a scalable way to collect a large amount
of dexterous robot data. Overall, contributions of our work are
summarized as follows:

« We propose a novel human hand translator for dexterous
manipulation, which enables dexterous hands to imitate
human hand motions and finish the manipulation tasks
at the same time. This algorithm can be generic and
compatible with different robot hands.

« We develop a residual action policy based on reinforce-
ment learning to boost the primitive actions generated
through retargeting by leveraging both environment and
object information.

o We conduct extensive experiments to evaluate our method
on three different embodiments using both seen and unseen
objects. It notably outperforms baselines that purely
consider human hand motions by approximately 40% and
demonstrates feasibility in real-world experiments.

II. RELATED WORK

A. Human-robot Motion Alignment

Due to the structural similarity between human and dexterous
hands, human hand motions are considered as a good guidance
of dexterous robot hand motions. Many previous works aim to
obtain dexterous hand motions from human hand motions. The
most straightforward method is retargeting [[10]—[12], which
aligns keypoints positions [3] or vectors [3]], [4] between
human hands and robot hands to kinematically maximize their
similarity. To further improve the transferring performance,
human feedback is often introduced to provide on-time cor-
rection in a closed-loop manner based on the feedback from
environments. Specifically, visual-based teleoperation receives
visual feedback from third-view [7], [13]], in-hand [{8]], [[14], [[15]],
ego-centric camera [9]], [16], [17], VR [6], [18]-[21], human
eyes [22] and force-based teleoperation requires operators to
wear special equipment to receive real-time force feedback
from robot hands [23]]. With sufficient environmental feedback,
operators can adjust the hand gesture accordingly, thus ensuring
the success task completion. However, the performance and

TABLE I: Overview of differences between our method and
related work.

Doesn’t need
robot data

No human
correction

Imitate
human motions

Generalize in

Human hand
one policy

guidance

Retargeting [3], 4], |58 v v v X v
Dexcap |5 X v X v
Dexmv |1 v v X v v

GraspGF |45 v v X v X
PGDM [7] X X X v v
ViVidex |59 ' x X v v
Ours v v v v v

efficiency of methods with human feedback are both limited
due to the cost and intensity of human labor.

Compared to aforementioned approaches, our method takes
task completion into consideration and requires no human
correction when transferring human motions to robot motions,
thus improving both performance and efficiency.

B. Dexterous Hand Manipulation

Dexterous manipulation remains a big challenge due to its high-
dimensional action space [24] and complicated mechanical
structures among different types of dexterous hands [25]-
[28]] for diverse tasks such as pick-and-place, in-hand rota-
tion, and bi-manual manipulation [29]-[31], [31]-[34]. As
a result, directly applying a specially designed controller or
calculating dexterous actions optimization can be limited and
high-cost, thus leading to the exploration of learning methods
which obtains better potential in generalization. Reinforcement
Learning (RL) is widely introduced as a concise task-oriented
approach [29]], [35]-[40]. Focusing on grasping objects and
following targeted object trajectories [41]-[43]], PGDM [44]
trains individual policy for each trajectory and emphasizes
pre-grasp as a crucial feature in the object grasping phase.
By leveraging real robot data, GraspGF learns a score-based
grasping primitive action and trains a residual policy through
RL as a task-oriented finetune [45]. Besides RL, Imitation
Learning (IL) is also explored in dexterous hand [46[|-[50]. By
leveraging human videos [1f], [S1]-[53] or extracted human
hand trajectories [2], [S], [54], [55, IL shows relatively
convincing performances with less real robot data. Furthermore,
[56]] and [57] provide a reinforcement learning policy that
enables objects to follow targeted trajectories after retrieving
primitive actions through human demonstration.

Different from their methods, ours focuses on translating hu-
man motions to dexterous hand behaviors to realize successful
manipulation by leveraging robot-object interaction information
through simulation, thus replicating human hand motions as
closely as possible without any requirements on real robot
data. Table [[l demonstrates the differences between DexH2R
and other work.

III. METHOD

Ilustrated in Figure 2] our method that transfers human hand
actions to robot hand actions consists of two key stages:
acquiring primitive actions through retargeting and obtaining
residual actions via reinforcement learning. In the first stage,
we first enhance the diversity of human demonstrations via data
augmentation. Then, the primitive actions are derived through
retargeting optimization based on human hand motions, which
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Fig. 2: Overview of DexH2R framework. After extracting and augmenting human hand and object information from
demonstrations, we obtain a large amount of trajectories distributed over all workspace. We perform position kinematics
retargeting to acquire primitive actions al. Afterwards, taking in both human hand and object trajectories, we learn a residual
action ay to equip our method with task completion information. The primitive and residual actions are combined together as

the final actions.

provides a dexterous grasping solution at the kinematic level. In
the second stage, we employ reinforcement learning to develop
a residual policy to polish these primitive actions and produce
the final actions.

Overall, our two-stage method delivers a series of task-
accomplished actions transferred from human actions by taking
in human demonstration trajectories as well as the current
robot state and object state. Leveraging the residual policy to
compensate lack of environment and object information when
generating primitive actions through retargeting, our method
can effectively transfer human hand motions to dexterous hand
motions with successful task completion, narrowing the gap
between human and robot hands.

A. Preparing Human Data: Extraction and Augmentation

To perform hand poses extraction from grasping images, we
first identify the hand poses and keypoints using the MANO
model [60]], which derives hand keypoints from human hand
images. To improve the generalization ability of policy with a
limited set of human hand demonstrations, we perform data
augmentation on the poses of both hands and objects [2]. Specif-
ically, = = {(h1,01), (hs,02),...,(hN,0oN)} represents a
trajectory composed of human hand poses h; and object poses
o;. Here, human hand poses h; are represented as several
human hand keypoints positions extracted by MANO. Then,
the augmented trajectory 7' is derived as follows:

h, =T hi, 0, =T oy, (1)

r = {(hll,o;),...,(h;,o;),...,<h;V,OIN>}, 2)

where 7~ is the transformation matrix. It translates the
trajectories in 3D space and rotates them along the gravity

direction. The augmentation parameters are chosen based on
two criteria: (i) the object must lie within the robot’s workspace,
and (ii) the object should be distributed as broadly as possible
across that workspace. The procedure is as follows. 1) We first
sample object poses uniformly within the workspace and record
the transformation matrix 7~ from each sampled pose to the
original dataset pose. 2) We then apply T to the robot end-
effector pose in Cartesian space, which preserves the relative
pose between the robot and the object and thus maintains
physical feasibility. 3) If the transformed end-effector pose
admits a valid inverse-kinematics solution, we compute the
corresponding joint angles and check temporal smoothness
against recent history.

Such criteria ensures the consistent and physically plau-
sible hand-object relative motion, and further promotes a
more uniform distribution of the augmented dataset over
the workspace. In this case, we generate additional feasible
demonstration trajectories with diverse object poses and reduce
the requirement on the amount of human data, which is crucial
for robust policy training.

B. Primitive Actions: Kinematic Retargeting

To facilitate policy training and minimize redundant exploration,
we initialize the policy with retargeting solutions. The retarget-
ing process maps human hand motions to robot’s hand joints
based on human demonstrations. However, due to different
sizes and shapes of human and robot hands, direct keypoint
mapping [3]], [25] can result in infeasible robotic motions. To
address this, we exert a scaling factor o to human manipulation
trajectory to approximate the size of robot hand. This scaling
factor is computed based on the ratio between fingertip span of
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the robot and that of the human, ensuring approximate spatial
alignment between corresponding keypoints. Subsequently, we
formulate a non-linear optimization problem to minimize the
topological discrepancies between the keypoints of human and
robot hands as follows:

minzN: Ha (h,’tC - opyt) — (fr(q,) — Op’t)HQ 7 3)
k=0

st flgy —q, 4| < d. “

where g, represents the robot joint angles at time step ¢. 0y, ;
is the position of the object. hf,k = 1,2,..., N denotes
the position of the k-th human hand keypoint. The function
fx(q;) computes the position of the k-th robot hand keypoint
through forward kinematics. d is a threshold for joint angles
difference between adjacent frames. N and « are fixed per
embodiment. N denotes the number of hand keypoints used.
With two keypoints per finger, we have N = 2 X ngpgers;
for example, Allegro and Leaphand each have four fingers,
giving N = 8. a is the robot-human size scale, i.e., @ =
(robot hand length scale)/(human hand length scale). We fol-
low standard values in practice: o = 1.6 for Allegro/Leaphand
and o = 1.2 for Shadow. The spatial step d is determined
by the joint maximum velocity vy,ax and the retargeting loop
frequency f, as d = vmax/f.. In practice, we set d slightly
larger than v,/ f» to accommodate minor timing jitter and
avoid oscillations.

After solving the optimization, we define the primitive action
as a¥ = q, — q,_, to represent the delta values of joint angles,
which are used along with the residual actions.

C. Residual Actions: Goal-conditioned Reinforcement Learning

While the primitive action al provides a solution for ma-
nipulation, its performance can be highly unstable in real-
world deployment since retargeting focuses solely on mapping
human hand movements to the robot hand without considering
the specific task goals. This open-loop system lacks human
correction that exists in previous works [3]], [6]], [61], so
kinematic retargeting errors can accumulate along the trajectory.
We observe that the retargeting performance is significantly
affected by the gap between human and robot hand, keypoint
detection inaccuracies and control errors during deployment,
which often causes task failures.

To this end, we introduce a residual policy to refine the final
actions by evaluating whether the objects are following the
desired trajectories. By incorporating task-specific feedback,
the policy compensates for errors in both keypoint extraction
and retargeting, leading to improved stability and success
rates during manipulation. Specifically, the residual policy is
developed based on reinforcement learning whose state and
reward are explained as below.

State The state s; at each time step consists of the dynamic
state s¢ and goal state s7:

A (od
St = (St ) Stg)7 (5)
d A all
8¢ = (pobjao‘ti y gy, Py — Op,ta ct)7 (6)
9L (p ~all all
S = (ht:t+<p70t+1:t+¢ —o}), @)

Fig. 3: Illustration of keypoints {0}, ,}_, that are used to
define object poses.

The dynamic state s¢ represents the states decided only
by the environment (including object and robot states). g, is
current joint angles. o = {0}, ,}5_, stands for positions of six
keypoints decided by the object coordinate frame, representing
the objects poses. As shown in Figure [3| for each principal
axis of the object coordinate frame (z, y, and z), we select
two points that lies at a fixed distance [ from the object center
along both the positive and negative direction of that axis.
p, — o, emphasizes the relative positions between robot
joints and objects. We use a binary variable c¢; to represent
the contact state between each robot finger and object due
to the inaccuracy and significant sim-to-real gap of contact
forces measurement in simulation. p,; denotes the object
information including its scale and shape, enabling DexH2R
to be generalizable among different objects. The goal state
s{ reflects the desired future states of both the human hands
ﬁt;tﬂg and object 6?11:t+¢ between frame ¢ (or ¢t + 1) and
t + ¢ extracted from human demonstrations, which guides
current policy with future prospect to reduce ambiguity.

Reward. We propose a two-stage reward function to guide
the manipulation process with different goals in each stage: (1)
Following the human demonstration when the robot hand is
away from the object, and (2) Tracking the object trajectory
when the robot hand is close to the object. Concretely, the
reward function is written as:

hand  ;
Ty if t <ty
= : . 8
"t { i > ¢ ®)
When the robot hand is far from the object, 7™ encourages

the robot hand to move closer to the object. This reward is
designed to compensate for the inaccuracies of primitive actions
caused by inevitable errors in optimization computation and
robot control. Once the robot hand is close enough, r?bj makes
the object follow the targeted trajectory, which is the primary
objective of the manipulation task. We empirically set a pre-
defined switching time t( to transit between these two stages,
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which is 15 steps before the object is lifted in demonstrations.
The detailed reward function for each stage is shown as follow:

—~m
T?and = Dhand * €Xp <_'Yhand Zi@:o IRy — pzn||2) O
e = oh*e % exp (_73113(}86 Yo [1PF — Op’t||2)
+ ﬂ(f)‘t’)ﬁk’w * exp ("Y‘f)%;low 6} — O%H||2)

where m represents the index for each fingertip and /3,y are
hyperparameters. This staged reward function brings a smooth
and accurate manipulation process from approaching the object
to completing the task.

(10)

IV. EXPERIMENTS
A. Experiment Setup

Demonstration Dataset. For our human demonstration dataset,
we utilize DexYCB [62], which focuses on grasping tasks. It
contains 20 objects in total, with approximately 25 grasping
trajectories for each object using diverse grasp poses. In
our study, we leave out 4 objects for unseen test objects
while the remaining objects are adopted in training. Due
to the inherent differences between human hands and the
hardware of dexterous robot hands, we filter the dataset based
on two key criteria: 1) The trajectory must be achievable
using only rigid body contact, without relying on deformable
materials to provide additional friction or forces from multiple
directions (e.g. tasks like lifting an upside-down bowl). 2)
The object should be placed stably without the risk of falling
or rolling away during manipulation. We further expand the
dataset using the approach detailed in Section to generate
demonstrations that cover the entire workspace. Additionally,
we interpolate the robot joint trajectories to match its limited
velocity constraints for robots.

Baselines. We compare our method against three widely-
used retargeting techniques that aim to transfer human hand
motions to robot motions:

« Position Retargeting [3]: This method minimizes the
distances between the keypoints of the human hand and the
robot hand. It is exactly the same approach that generates
the primitive actions in our method (Sec. [[TI-B).

« Vector Retargeting [3]]: This technique aligns the vectors
from the wrist to the fingertips between human and robot
embodiments. It also calculates the robot arm joint angles
using IK based on the relative poses between the human
wrist and the robot’s initial frame.

« Dexpilot Retargeting [4]: Similar to vector retargeting, this
method aligns both the vectors from the wrist to the fingertips
and the vectors between fingertips for each embodiment. The
arm joint angles are also computed using IK.

o GeoRT [58]: GeoRT tackles retargeting by training a model
with a designed loss that maps human finger keypoints to
robot hand keypoints, achieving high speed and accuracy.

o ViVidex-SP [59]: ViViDex-SP denotes the state policy of
ViViDex. Like our method, it uses RL with trajectory-guided
rewards to learn state-based policies from human motions.
However, it (1) trains a separate policy per trajectory, while
our single model handles all trajectories; (2) does not take

human-hand motions as input, so it misses fine-grained hand
cues; and (3) relies on precomputed retargeting only up to
pre-grasp, whereas we condition directly on human-hand
keypoints and use retargeted motions merely as primitives.
Consequently, ViViDex-SP has to learn more from scratch
and cannot correct retargeting errors at run time.

Evaluation Metrics. We quantitatively evaluate the perfor-
mance of all methods with four key metrics: grasping success
rate SRgrasp, following success rate SRroii0w, position error £,
(m) and rotation error E,. (radian). SRg.sp reflects successful
grasping and lifting that occurs during the whole trajectory.
SRronow reflects successful trajectory following where objects
must be constantly lifted without falling from the robot hand
along the entire trajectory. Two success rates are counted among
the entire test set. I, and E, are the average translation and
rotation errors between current trajectories and targeted object
trajectories. Those two metrics are only counted in successful
trajectories after the objects are grasped. It is worth noticing
that In our setup, the episode length mainly follows the human
demonstration, so factors like initial human—object distance
differ across demos and do not reflect algorithmic speed. To
make evaluation fair, we use a fixed time window 7" a trajectory
is counted successful only if it finishes within 7" and without
re-grasps. Under this protocol, all methods have comparable
inference time 10s.

Implementation details We utilize Isaac Gym [63] for
simulation. The robot’s control frequency is set to 10 Hz with
a PD controller for low-level position control. PPO [64] is
employed to train the residual policy and only one 3090 GPU
is needed for policy training. Network structure of our residual
policy is shown in Figure [6] where all features after encoders
are concatenated and sent into actor-critic policy. For encoding
features, all inputs are encoded with MLP except for the object
shape, which is encoded with a pretrained PointNeXt [65]]
network to better process point cloud information. Unless
otherwise specified, we apply the Leap Hand [25] with a
FANUC robot arm in the experiments. Table[[T|and [T shows the
detailed setting of reward parameters and training parameters.

The two-stage reward hyperparameters are chosen as follows.
(1) In the first stage we jointly constrain fingertip and fingerdip
positions to preserve finger directions and improve grasping,
but only fingertip position is used for termination/reset since
fingerdip alignment is not a hard constraint. (2) In the second
stage, lifting and trajectory-following terms get the largest
weights because they are the final goals, and the lifting term
is linearized to better handle multi-finger coordination. 3) The
decay coefficient is set so the exponential term is between e 2
and e~ ! in the first episode before weighting. 4) The reset
threshold is set so about half of the environments terminate in
the first episode, which stabilizes training.

B. Results and Comparisons

We conduct extensive experiments to evaluate DexH2R in
both simulation and real-robot environments comprehensively.
Specifically, we unfold the results of the targeted experiments
to address the following key questions:

e Q1: Can DexH2R improve the retargeting performance?
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TABLE II: Reward parameter. Several things to notice: 1) Only
exponent designed reward has decay coefficient, while linear
reward are labeled as N/A in table. 2) N/A in threshold means
there is no threshold. 3) lift up reward has two thresholds.
Within this threshold, reward grows linearly based on the lift-
up distance.

Reward category | weight decay coefficient threshold
fingertips 1.0 -0.4 0.1
fingerdips 0.5 -0.4 N/A

velocity smoothness 0.2 -5 0.5
lift up 10.0 N/A [0.01,0.08]
hand reaching objects 1.0 -0.5 0.07
object following trajectory 10.0 -0.5 1.0
Seen Objects Unseen Objects
(i 5 — — —~
& -
Shadow lf ” , Y 4
Hand ‘
A | 4 A .
Allegro @‘
Hand
’ \.
Leap y
Hand ‘

Fig. 4: Simulation results showing that DexH2R can generalize
to both seen and unseen objects even for those with long-tailed
and rare shapes in three different embodiments.

e Q2: Is DexH2R generic among different embodiments?
e Q3: Can we deploy DexH2R to a real-world robot?

o Q4: Which components are critical to DexH2R?

e Q5: What is the current limitation of DexH2R?

Q1: Can DexH2R improve the retargeting performance?

In Table [IV] we report the quantitative results in the simulation
environment. It is obvious that the retargeting baselines
achieve poor performance when there is no real-time human
correction. Without the capacity to adapt to task dynamics or
environmental feedback, these baselines often fail to maintain
stable manipulation, especially during long-horizon execution.
Additionally, data-driven method also underperforms, which
further confirms that our strategy of leveraging retargeted
demonstrations as primitive actions, together with our reward
design, is effective. DexH2R significantly improves the success
rates of both grasping and trajectory following, showing
a clear advantage in terms of robustness and adaptability.
Especially, notable performance gains are witnessed in the
S Rionow metric, which reflects the great task completion
performance of DexH2R. Specifically, DexH2R can follow
desired trajectories throughout the entire manipulation process
without falling, which is crucial for practical applications with
high robustness requirements. These improvements suggest
that our method is capable of producing temporally consistent
and stable behaviors by remaining contact between robots and

augmentated dataset
« original dataset

Fig. 5: Data distribution of original and augmented dataset.
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Fig. 6: Network structure of DexH2R.

objects, which demonstrates that our method effectively bridges
the gap between human demonstrations and dexterous robot
execution, ensuring successful task completion across diverse
scenarios.

We also provide some visualizations in Figure [4] where
DexH2R can grasp both seen and unseen objects properly
including those with complex geometrical shapes. Such results
highlight the necessity of our proposed task-oriented residual
policy, which takes the task-specific goal and environment
information into consideration. This design enables the policy
to focus on critical aspects of the manipulation task, such as
contact stability and path precision, ultimately contributing to
its generalizability and robustness.

It is worth mentioning that some baselines are compa-
rable with DexH2R in tracking errors because they can
only follow some trivial trajectories, and only successful
trajectory-following cases are considered in the calculation of
tracking errors. Specifically, Position and orientation tracking
errors (E,, E,) are computed only on trajectories that finish
successfully (i.e., the object does not slip or fall during the
entire episode). Because our method achieves a much higher
finishing success rate SRpow, the set over which its errors
are averaged is larger and contains more challenging cases
(e.g., longer motions or larger pose changes), whereas several
baselines contribute fewer and typically easier successful
episodes. Nevertheless, improving tracking accuracy remains
an important goal, and we will continue to reduce errors while
maintaining high success.

Q2: Is DexH2R generic among different embodiments?

We claim DexH2R as a generic algorithm compatible with dif-
ferent embodiments with minimal hyperparameter adjustments
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TABLE III: Encoder design and training parameter. Encoder parameter variations is caused by different number of fingers

among embodiments.

Encoder Network Training setting
object object human hand history object object follow object-hand learning batch horizon
. .. . A contact .

shape scale trajectory joint poses distances distances rate size length

LeapHand [288,512,256] | [22, 128] [48, 128] [4, 128]
Allegro [1024,256,64] [1,64] T ’ [30, 128] [198, 128] ? ’ le-5 32768 32
Shadow [360,512,256] [30,128] [72, 128] [5, 128]
TABLE IV: Quantitative results for seen objects, unseen trajectories and unseen objects with our method.
| Leap Hand | Allegro Hand | Shadow Hand

Testset |  Method | SRGrasp T SRpoow T Ep 4 Er | | SRGrasp T  SRrollow T Epl Er| | SRGrasp T  SRollow T Ey | E; ]

Position 32.0% 13.7% 0.083 0.364 25.0% 12.3% 0.077 0.414 17.4% 5.9% 0.103 0.675

Vector 32.7% 9.1% 0.108 0.649 25.3% 6.0% 0.096 0.632 22.5% 5.3% 0.131 0.884

Seen Dexpilot 32.8% 10.7% 0.111 0.523 23.3% 6.2% 0.092 0.578 22.5% 5.3% 0.131 0.884

objects GeoRT 32.4% 12.3% 0.055 0.245 23.7% 7.3% 0.093 0.575 31.1% 8.1% 0.118 0.557

ViViDex-SP 44.6% 20.0% 0.038 0.278 28.9% 7.9% 0.084 0.501 30.6% 8.7% 0.110 0.508

Ours 69.8% 52.1% 0.048 0.452 69.8% 52.5% 0.054 0.483 65.4% 43.4% 0.084 0.616

Position 29.0% 14.3% 0.091 0.389 23.9% 13.0% 0.074 0.375 13.4% 7.6% 0.124 0.568

Vector 31.8% 10.2% 0.103 0.533 22.3% 8.7% 0.083 0.479 16.2% 5.9% 0.115 0.829

Unseen Dexpilot 32.2% 11.0% 0.105 0.545 22.5% 7.2% 0.083 0.539 15.9% 7.6% 0.117 0.692

objects GeoRT 29.9% 9.7% 0.063 0.221 19.9% 5.1% 0.095 0.449 24.6% 4.9% 0.105 0.488

ViViDex-SP 33.1% 14.4% 0.043 0.309 21.5% 5.3% 0.106 0.652 17.0% 4.4% 0.103 0.500

Ours 70.9% 52.7% 0.055 0.476 69.1% 53.5% 0.055 0.568 62.4% 46.9 % 0.103 0.808

during policy training. In this part, we implement our policy
in three distinct embodiments: the Leap Hand with a FANUC
robot arm, the Allegro Hand with a Kinova robot arm, and the
Shadow Hand with a UR10e robot arm. These embodiments
vary significantly in terms of joint configurations and physical
dynamics, making it a challenging testbed for generalization.

Despite these differences, quantitative results in Table [[V]
indicate that our policy performs greatly in all of them and
significantly outperforms baselines in both grasp success and
trajectory-following metrics. Such consistency across embodi-
ments suggests that DexH2R is robust to variations in kinematic
structures and control latency, which are common challenges
in real-world multi-robot deployment. This demonstrates the
adaptability of our policy across robot systems as a generic
solution that does not require architecture-specific re-design.
Furthermore, our policy enables direct successful policy training
in new hardware with only minimal hyperparameter adjustment,
reducing the tuning effort traditionally required when adapting
learned models to different robots. This highlights a significant
advantage: by leveraging DexH2R, a single dataset of human
demonstrations can be successfully transferred to various robot
embodiments for task execution without the need for hardware-
specific optimization, substantially enhancing the efficiency of
robot data collection.

Q3: Can we deploy DexH2R to a real-world robot?

We deploy our policy to a real robot system composed of a
FANUC LR Mate robot with a Leap Hand [25]. We evaluated
our policy on four different objects, including two seen and
two unseen from the YCB dataset [66]. Objects are scaled
up to match their sizes in human demonstrations. We conduct
10 experiments for each object through open-loop execution
and record the success rates of grasping SRgrp and trajectory
following SRpoj0w. The evaluation covers both seen and unseen
objects with diverse poses and orientations, providing insight
into the generalizability of DexH2R across different scenarios.

TABLE V: Performance of our method on different objects.

Objects SRGrasp T SRFotiow T Ep, | Er ]

master chef can 84.7% 63.3% 0.035 0.259

Seen bleach cleanser 87.5% 75.9% 0.031 0.301
objects scissors 31.2% 29.6% 0.066 0.598
power drill 65.8% 34.8% 0.05 0.408

Overall 69.8% 52.1% 0.048 0.452

Unseen potted meat can 71.9% 57.3% 0.045 0.496
objAects mug 62.0% 47.0% 0.062 0.489
Overall 70.9% 52.7% 0.055 0.476

As shown in Table our proposed method successfully
bridges the sim-to-real gap by achieving relatively high
performance in the success rates of both grasping and trajectory
following. In most cases, the hand pose remains fairly consistent
in the entire manipulation process, demonstrating its practical
feasibility. We also notice a drop in the success rate of trajectory
following for unseen objects due to the lack of closed-loop
feedback and object-wise physical properties especially if the
unseen objects have irregular shapes or the desired trajectories
contain complex rotations.

We visualize some qualitative results in Figure (8] which
shows that DexH2R can successfully grasp the objects and
follow the desired trajectories with diverse objects in the real
world. These visualizations further validate the adaptability
of our approach and its potential for practical deployment in
unstructured environments.

Q4: Which components are critical to DexH2R?

In this part, we investigate the role of each module in
DexH2R. Specifically, we dig into the necessity of each stage
in our pipeline in Table a). A significant performance
drop is witnessed if we do not apply data augmentation in
human data extraction since data augmentation can greatly
boost the diversity of demonstrations in human data. This is
because the augmented dataset covers a larger portion of the
workspace. Figure [5] compares the original and augmented pose
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TABLE VI: Ablation studies of two different stages. Experi-
ments are conducted on unseen objects to make the differences
more clear.

a) Ablation studies on staging pipeline.

Method SRGrasp T SRroliow T Ep | E ]

Ours 70.9% 52.7% 0.055 0.476

w/o data aug 54.7% 34.1% 0.079 0.557

w/o prim actions 66.3% 47.4% 0.055 0.553
b) Ablation studies on residual policy.

Method SRGrasp 0 SRollow T Ep + Er |

Ours 70.9% 52.7% 0.055 0.476

w/o contacts 67.6% 47.5% 0.056 0.511

w/o dense reward 17.4% 2.7% 0.094 0.487

TABLE VII: DexH2R with different switching steps.

Switching step | SRGrasp T SRFoliow T E, | E. |
5 64.9% 46.8% 0.041 0.431
10 68.8% 52.0% 0.040 0.430
15 69.8% 52.1% 0.048 0.452
20 65.7% 48.7% 0.048 0.420
25 64.3% 44.9% 0.049 0.446

distributions of object *master chef can’, increasing number of
data in workspace from 14 to 182. Besides, the elimination
of the primitive action slightly hurts the model performance.
Although reinforcement learning can derive a reasonable policy
even without primitive actions, it would take a long time to
converge (see Table [[X) and can hardly ensure the smoothness
of the trajectories. This underscores the benefit of primitive
actions in speeding up the learning process, as they provide a
good initialization for the policy.

In Table [VI b), we analyze the design of the residual in the
second stage. The binary contact information in the observation
can provide useful cues about the interaction between human
hands and objects, which helps to lift the performance. We also
emphasize the importance of the dense rewards. Without the
guidance provided by human hand rewards, the exploration of
the residual policy becomes almost unmanageable due to the
high-dimensional action space, which aligns with the challenges
described in [44]]. This highlights the necessity of our two-
stage reward to provide directional guidance during training,
especially when explicit supervision is limited.

We also conducted experiments to assess how object prop-
erties affect performance. As demonstrated in Table the
dexterous hand achieves higher success rates with objects
that have regular shapes and suitable sizes. These objects
present more feasible grasping solutions compared to objects
with irregular shapes or extreme sizes because the consistent
geometry and contact surface of these regular objects allow
for more stable and repeatable contact interactions during
manipulation. This finding highlights the importance of object
properties in determining the effectiveness of manipulation
tasks, suggesting a promising direction for future research.
Additionally, the pre-defined switching step is initially selected
based on prior experience and we also conducted an ablation
over different switching steps shown in Table [VII and Figure [7]

B SRGrasp M SRpoiiow

69.8

70

o
=]

IS
S

Success Rate (%)

5 10 15 20 25
Switching step

Fig. 7: DexH2R with different switching steps.

TABLE VIII: Success rates of real-world experiments on both
seen and unseen objects.

Objects SRarasp T SRrottow T
Seen sugar box 10/10 9/10
objects tomato soup can 9/10 7/10
Unseen mug 8/10 5/10
objects mustard bottle 8/10 4/10

The quantitative results indicate that, within a reasonable range,
the switching step has limited impact on final performance.

05: What is the current limitation of DexH2R?

Although DexH2R improves success rates over retargeting
baselines, we observe several method-specific failure modes
that manifest consistently across simulation and real hardware.

Long-horizon drift without closed-loop correction. Despite
error mitigation brought our residual design, small pose errors
and contact noise can still accumulate over extended trajectories,
leading to late-stage object drops or poses offsets during precise
rotations.

Physics- and shape-dependent fragility. Irregular geome-
tries, scales, and physical parameters of object increase sensitiv-
ity to small pose deviations. The effect is more pronounced on
unseen objects and in sequences requiring sustained rotational
alignment because of unseen shape and physical parameters.
This is also amplified in the real robot experiments, where
more out-of-distribution environment settings are involved such
as friction, mass and contact.

Perception mismatch Because DexH2R conditions on
human-hand keypoints and object encodings, their perception
inaccuracies can shift the intended contact region at approach,
elevating failure risk near first touch. Even though our reward
design can mitigate such bad effect by focusing on object
contact at second stage, these inaccuracies still reduce policy’s
sensitivity to this input channel, thereby degrading overall
accuracy.

Overall, despite strong performance, DexH2R can still
struggle on precise, long-horizon rotations without feedback,
during contact-rich transitions on irregular objects, and under
perception noise of human hand and object. These limitations
arise from open-loop execution, lack of training data, and sensi-
tivity to perception mismatch, suggesting promising directions
for future work.
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Fig. 8: Real-world experiments. DexH2R can generalize to various objects with each row as a manipulation action sequence.

TABLE IX: Training time and converge iterations for our
policies and policy without primitive actions.

a) Time performance of our method across different embodi-
ments.

Policy | Training Time Iterations for converge
LeapHand 16.53h 2593
Allegro 21.98h 3504
Shadow 21.98h 3504

b) Time performance comparison between our method with
and without primitive actions, where 'w prim’ means with
primitive actions and *w/o prim’ means without.

Policy Training Time Iterations for converge
W prim 16.53h 2593
w/o prim 21.98h 3504

V. CONCLUSIONS

In this work, we introduce DexH2R, a framework that transfers
human hand trajectories to dexterous robot motions while
achieving task completion without on-time human feedback.
By decoupling our policy execution from human intervention,
the system is more suitable for autonomous deployment when
ensuring the successful task completion. Also, DexH2R is
generic and compatible with different embodiments without
hardware-specific adjustment for human demonstrations. Those
two benefits enable DexH2R to possess large potential in
becoming a scalable data collection method, lowering the
demand on both hardware and human labor. With comprehen-
sive experiments on three different embodiments, our method
exhibits a notable performance gain compared with baselines on
grasping tasks in both simulation and real-world environments.

In the future, we plan to extend DexH2R to more com-
plex tasks, such as in-hand manipulation, to further test its

generality under richer contact interactions. Another direction
is integrating tactile sensing to provide fine-grained contact
information, enhancing the policy’s perception of subtle contact
dynamics and enabling more precise manipulation in contact-
rich scenarios. We also envision exploring improved training
protocols and evaluation suites that stress long-horizon stability
and robustness across diverse objects and embodiments.
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