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Figure 1. H2R is a data augmentation technique designed to enhance robot pre-training by converting first-person human hand operation
videos into robot-centric visual data. By bridging the visual domain gap, H2R improves pre-trained visual encoders for downstream robot
policies (imitation/reinforcement learning), validated across simulation benchmarks and real-world robotic tasks.

Abstract

Large-scale pre-training using videos has proven effec-
tive for robot learning, as it enables the model to acquire
task knowledge from first-person human operation data that
reveals how humans perform tasks and interact with their
environment. However, the models pre-trained on such data
can be suboptimal for robot learning due to the signifi-
cant visual gap between human hands and those of differ-
ent robots. To remedy this, we propose H2R, a simple data
augmentation technique for robot pre-training from videos,
which extracts the human hands from first-person videos
and replaces them with those of different robots to generate
new video data for pre-training. Specifically, we start by
detecting the 3D position and key points of human hands,
which serves as the basis for generating robots in the sim-
ulation environment that exhibit similar motion postures.
Then, we calibrate the intrinsic parameters of the simula-
tor camera to match the camera in the original video and
render the images of generated robots. Finally, we over-
lay these images onto the original video to replace human
hands. Such a procedure bridges the visual gap between
the human hand and the robotic arm and produces an aug-

mented dataset for pre-training. We conduct extensive ex-
periments on a variety of robotic tasks, ranging from stan-
dard simulation benchmarks to robotic real-world tasks,
with varying pre-training strategies, video datasets, and
policy learning methods. The experimental results show
that H2R can improve the representation capability of vi-
sual encoders pre-trained by various methods. In imitation
learning, H2R consistently enhances the average success
rate across different pre-training methods, with improve-
ments ranging from 0.9% to 10.2%. The effect of this im-
provement is highly stable. In reinforcement learning, most
pre-training methods show improvements. Our real-world
evaluations across diverse manipulation tasks demonstrate
that H2R-enhanced visual representations consistently out-
perform baseline models, achieving success rate improve-
ments ranging from 6.7% to 15% across all model-task con-
figurations.

1. Introduction

Pre-training of generalizable robotic features for object ma-
nipulation and motion navigation constitutes a crucial ob-
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jective within the realm of robotics. Inspired by the remark-
able accomplishments of large scale pre-training in com-
puter vision [18, 28, 34, 46, 68] and natural language pro-
cessing [1, 12, 41, 47, 65], many efforts have been devoted
to harness large-scale data to construct generalizable rep-
resentations in the robotics field [2, 3, 8]. Nevertheless,
when it comes to robot manipulation, the process of col-
lecting demonstrations is not only labor-intensive but also
highly costly [3, 15, 16, 19, 29, 32, 33, 35, 37]; at the same
time, there exist many large-scale egocentric video datasets
showing how human perform manipulation and navigation,
which can serve as a can serve as a cheap alternative of
demonstrations for the pre-training of generalizable visual
features for robotics.

Recent works [46, 63, 69] analyze such egocentric hu-
man video datasets such as Ego4D [23], SSV2 [20], and
Epic Kitchens [9] with the aim of gleaning prior knowl-
edge about object manipulation and enabling the acquisi-
tion of general and robust feature representations. How-
ever, the gap in visual representations between the human
arm and the robotic arm remain largely unaddressed in prior
work and can hinder the transferability of models trained on
egocentric datasets to robotic systems. Specifically, when
utilizing the robot expert data to fine-tune the pre-trained
robotic representations for downstream robotic tasks, the
model has to learn to bridge the visual gap between the first
person human hand and the robots in addition to acquiring
nuanced task-specific skills demonstrated in the robot ex-
pert data. This would result in increased complexity during
the fine-tuning process and suboptimal performance.

To mitigate this issue, we propose H2R (as shown in
Figure 1), a simple data augmentation method that con-
verts videos of Human hand operations into that of Robotic
arm manipulation. H2R consists of two major procedures:
the first part is to generate the robotic arm’s movements to
imitate the human hand movements in a video, followed
by the second stage that overlays the robotic arm’s move-
ments onto the human hand’s movements in the video.
Specifically, in the first part, we employ state-of-the-art 3D
hand reconstruction model HaMeR [50] to accurately detect
the position and posture of the human hand in egocentric
videos. Then, we simulate the same robot state in simula-
tors to obtain the mask of robot hands. While in the second
stage, we use the Segment Anything Model [36] to auto-
matically separate human hand from background, and use
the inpainting model LaMa [58] to fill the removed hand
mask. After that, we align the camera intrinsic parameters
of the images detected in HaMeR with those in the sim-
ulator, and then achieve pixel-level matching between the
robotic arm images in the simulators and the human hand
images in the egocentric video. Finally, we overlay the
robotic arm images captured by the simulator’s camera onto
the areas where the human hands are removed. Through

such a process, H2R explicitly reduces the gap between hu-
man and robot hands by creating realistic robotic arm move-
ments that visually mimic human hand actions. It allows
the model to learn the task-specific actions demonstrated by
the human hand, but with robotic arm visual representations
that are more suitable for robotic systems.

For pre-training, we used the SSV2 dataset with 62,500
videos, from which 16 keyframes were randomly sampled
per video for MAE [28] and R3M [46]. Additionally, we ex-
tracted 117,624 action clips from 2,486 videos in the Ego4D
dataset for MPI [68]. Specific settings are detailed in the ex-
perimental section.

We demonstrate the effectiveness of H2R by integrating
it into a holistic policy learning framework. We trained stan-
dard MAE [28], R3M [46], and MPI [68] vision encoders on
egocentric videos obtained by the proposed H2R. We then
freeze the encoder model as a feature extractor and train
both an Reinforcement Learning (RL) policy by employ-
ing mainstream RL learning methods such as PPO [56] and
Imitation Learning (IL) policy with behavior clone and Dif-
fusion Policy [6]. Finally, for the RL policies, we evaluate
them on MVP [51], a closed-loop benchmark, and compare
with results where the encoders are trained on the original
egocentric video data. We observe a significant improve-
ment of the training stability, which brings more effective-
ness in the context of RL policy learning seeing the unstable
nature of the bare RL training. For the IL policies, the BC
policies are trained and tested on Robomimic [45], while the
Diffusion Policy models are trained and tested on their own
baseline. Both of the BC and Diffusion policies showed a
significant improvement on the success rate and stability on
the downstream tasks.

Through extensive real-world experiments, we validate
the effectiveness of H2R in real-world robotic manipulation
tasks. We employ Diffusion Policy [6] (DP) and Equivari-
ant Diffusion Policy [64] (eq-dp) as policy frameworks for
downstream training, integrating pre-trained visual repre-
sentation models MAE and R3M into the policy networks.
The results demonstrate that H2R significantly enhances the
performance of both MAE and R3M-based policies.

Our paper provides three contributions:

* We propose a data-centric pipeline, H2R, to mitigate the
gap between human and robot hands when utilizing large-
scale egocentric video datasets to pre-train generalizable
visual features for robots.

* We apply H2R to SSV2 and Ego4D datasets and train
a visual encoder that is more suitable for robotic tasks.
Built upon this, we yield a robust robotic manipulation
policy through RL and IL training on robot expert data.

* We demonstrate the effectiveness of H2R through exten-
sive experiments on closed-loop benchmarks.
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Figure 2. H2R Pipeline. H2R involves replacing human hands with robot arms by first using the HaMeR model to detect hand poses and
camera parameters. The human hand is then removed using the SAM, and the inpainting model LaMa fills in the gap. A robot hand is
constructed based on the detected pose and keypoints, with the camera perspective adjusted to match the original image. Finally, the robot
hand is overlaid onto the image, ensuring accurate alignment with the human hand.

2. Related Work

2.1. Robot Policy Learning

Training robot policies [6, 8, 40, 43, 63, 64] in a data-driven
manner have been adopted by the robotics community as
well as the machine learning community. This serves as
a paradigm to automatically yield models for performing
robotic tasks including grasping, manipulation, locomotion,
navigation, and other complex tasks. [39, 59]. Currently,
policy learning methods can be classified into two types:
imitation learning (IL)-based [6, 45, 67, 70] and reinforce-
ment learning (RL)-based [24, 56].

IL-based methods [6, 45, 67, 70] train robot policies
based on successful demonstration of task execution within
the dataset. Supervised by behavior cloning [17, 60] ob-
jective along with other auxiliary objectives, the policy pre-
dicts a sequence of future actions based on current and past
observations. To deal with the non-markovian transition of
robot configuration under scenario such as stationary pro-
cess, ACT [70] employes a temporal fusion of sequence pre-
dicted at multiple time steps and thus mitigates the related
confounder problem. To deal with the multi-modality na-
ture of robot motion, diffusion models are adopted [6, 67].
For IL-based methods, data diversity contributes largely to
the generalizability of model.

On the other hand, RL-based methods [66] resort for the
RL paradigm of learning an optimal policy by defining a
reward function. These methods formulate robotic manip-
ulation tasks as MDP processes and apply RL algorithms
such as PPO [56], SAC [24], and more. Typically, RL for
robotics tasks are realized by researchers via RL training in
simulator, sim2real transfer, and policy deploying on real
robots such as legged robots or aerial drones for locomo-

tion [30, 38, 71], robot arms and dexterous hands for ma-
nipulation [62, 66], mobile robots for navigation [7].

For both IL and RL-based methods, a strong feature
extractor backbone serves as a cornerstone for learning
a robust policy. Therefore, Well-conceived data-centric
pipeline is crucial and contributes to the backbone training.

2.2. Visual Encoder Pretraining for Robotics

Researchers investigated visual representation [48] under
various perspectives such as model architecture [13, 25],
training objective [26, 27], dataset [11, 42, 55, 57], and
more. PVR-Control [49] demonstrates the effectiveness of
visual representation which surpasses the state representa-
tion under the investigated scenarios. RPT [53] explores
tokenized representation of transformer and trains the cor-
responding encoder through masked token-prediction.

Unsupervised training methods such as Masked Auto-
Encoder (MAE) [27] and contrastive learning [4, 5] are
employed by researchsers [46, 51] for training video
encoder and enhancing generalizability.  Specifically,
MVP [51] introduced video representation for downstream
RL tasks while R3M [46] combines time-contrastive learn-
ing and video-language alignment. To effectively perform
language-guided robotic tasks, researchers of Voltron [34]
utilize MAE [27] and contrastive learning [4, 5] for low-
level control and high-level planning, respectively.

2.3. Data Quality to Learning Method

Yielding a universal visual representation through a data-
centric fashion is crucial for the visual encoder along with
the policy to generalize to in-domain and even out-of-
domain scenarios [66]. Data-centric analysis indicates the
importance of data regarding to the pretraining of visual
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Figure 3. Human-Robot retarget. We adopt the HaMeR model
to extract hand keypoints and obtain camera parameters, corre-
sponding coordinate systems are constructed, and this information
is used to adjust the robot hand’s pose and camera perspective, en-
abling precise hand pose retargeting.

representation such as data distribution and inclusion of out-
of-domain data [10], task and domain adaptation [44], etc.
Mirage [52] realizes domain transfer of policy between dif-
ferent robots through a pre-processing process within the
image space of training data. Our paradigm differs from
Mirage from the perspective that we further investigate a
more generalized form for robotic representation learning
in a data-centric way which results in a more robust policy
training.

3. H2R: Human-to-Robot Data Augmentation

In this section, we describe H2R, a data augmentation
pipeline for robot pre-training from videos, our key insight
is to remove the hands in every frame and replace them with
robotic arms. Figure 2 shows H2R pipeline.

Our proposal is to replace the human hands in every
frame with that of a robot, generating an augmented dataset
Dgug. This approach aims to mitigate the visual gap be-
tween human hands and robots, facilitating the transfer of
knowledge for easier adaptation of models trained on ego-
centric data to robotic tasks. In particular, we hope that
the vision encoder trained on the augmented dataset D4
would outperform that trained on the original dataset D in
downstream robotic tasks.

3.1. Pipeline of H2R

3D Hand Pose Estimation. In order to overlay the human
hands in the image with different robots, we firstly need
an efficient and accurate model to detect the hand informa-
tion. Recent HaMeR [50], a state-of-the-art 3D hand detec-
tion and reconstruction model. we detect the position of the
hand and its key points, and the internal and external pa-
rameters of the rendering camera of the RGB image. Such
position information of the identified hand is then used to
remove the hands from the image.

Human Arm and Hand Remove. We leverage the Seg-
ment Anything Model (SAM) [36] to automatically separate
the human hand from the background using hand pose infor-

mation detected by HaMeR. Even though there is only hand
information provided but no arm information Thus,SAM
could detect both hand and arm as a single object and sep-
arate it from background, showing good robustness under
the varying conditions of clothing and occlusion. Finally,
a state-of-the-art inpainting model LaMa [58] is used to fill
the removed hand mask. After this step, we obtain the RBG
images with the human hand removed for the later stage of
adding robot hands.
Robotic Arm and End Effector Construction. The final
step involves constructing the robot arm and end effector,
then overlaying it onto the generated images from the pre-
vious stage (as shown in Figure 3). For the robotic arm
reconstruction, Since HaMeR does not provide information
about the arm keypoints, we initially set the target robot to
a neutral pose and then adjust the missing joint point in-
formation. For the robotic end effector reconstruction For
the dexterous hand, the angles of each joint are determined
by the angles formed by the corresponding three keypoints,
while for the gripper, the degree of opening and closing is
determined by the distance between the corresponding fin-
gers.
Simulator Camera Position Alignment. The visual bias
introduced by the camera perspective is significantly larger
than the action retargeting itself; thus, we leverage the hand
keypoints and camera parameters from HaMeR to adjust the
camera pose in the simulator. Specifically, the two coordi-
nate systems C'y and C'g can be uniquely determined by the
human hand and the robot arm, and the camera’s position in
Cp can be used in C'g to ensure the same perspective of the
camera. We build the coordinate system "I based on the
hand keypoints:
g = {"ig e imy," in..} (N
Where Yig ;" ify," ig,. are unit vectors along the x-
axes, y-axes and z-axes of the human hand coorinate sys-
tem. With the keypoints get in HaMeR, we build the three
axis of coordinates with the following functions:

Yige =" 10,
Yipy =" 10,0 X" i0,13 2)
Yig,. =" ige XY g,y
Where"ip g, 10,13 are unit vectors along middle finger
and ring finger. Similarly, To construct the mapping from

hand pose to robot arms, we need to get another coordinate
system W1Ig in the simulator:

w . . .
Is = {"ig g, gy, is2} 3)

The method of determaining the axis of coordinates is the
same:
wiS,m =" i0,2
ws w s w s
isy ="1p2 x"io3 “)

ws _w s w s
s = 152 X 154
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Where ig 2, 10,3 are unit vectors along robot fingers that
correspond to human middle and ring fingers. We build the
following two coordinate transformation matrix to construct
the mapping:

w1 ke
WR = < H YO>

O 1
. 5)
WR _ Is ee_pos
o (0) 1

Where key, ee_pos are the positions of human wrist
and robot wrist. After obtaining the two coordinate sys-
tems, we need to determine the position of the camera in
the simulator (Y cam,;,,,) and the position of the camera in
the real world (¥ camp.;), thus we can ensure we get the
same pose of the human hand and robot arms

H Wp-1_W
CaMpeq = R7 X" campeq

S H
CalMg;m = CalMReql (6)

W camy;, :‘év R xg/ R xW campeq;

Robot Hand Rendering and Copy-paste. After setting the
action, the segmentation mask of the robot arm is obtained
by shooting with the camera. The result of the HaMeR
model contains the pixel coordinates of the key points of
the human hand. By calculating the pixel coordinates of the
corresponding links in the robot hand, the robot hand can be
copy-pasted to the original image based on the correspond-
ing relationship, ensuring that it is pixel-level aligned with
the original human hand in the image (see Figure 4).

Figure 4. Robot hand rendering and copy-paste.The HaMeR
model provides hand keypoints and camera parameters, which are
used to align the simulator’s camera pose with the original view.
The robot arm is then rendered in the simulator, and by matching
the pixel coordinates of the arm’s links, it is overlaid onto the orig-
inal image with pixel-level alignment to the human hand.

3.2. Model Training

Encoder Pre-training. We adopt the MAE [28, 63],
R3M [46], and MPI [68] frameworks for pre-training, each
employing a Vision Transformer (ViT) Base [14] model as
the visual encoder. The SSv2 dataset [21] is used for MAE
and R3M training, whereas the Ego4D dataset [22] is em-
ployed for MPI training. For the MAE and R3M pretrain-
ing methods, in addition to pre-training on the H2R data
and raw data, we also applied a simple CutMix baseline to
demonstrate the effectiveness of using the robotic arm to
cover the human hand, which overlays a fixed set of spe-
cific images of robotic arms with grippers onto the original
images, ensuring that the overlaid images cover the human
hands as much as possible, without exceeding the detected
bounding box. Our H2R is different from such baseline by
employing robot hand construction to better match the pose
of the hand and arm in the images. Based on the type of
robotic arm used in CutMix, we categorize the augmented
set into three types: CutMix1 represents the URS robotic
arm, CutMix2 refers to the Franka robotic arm, and Cut-
Mix3 combines both the URS5 and Franka robotic arms.

Policy Training. Finally, we employ several existing policy
training methods to fine-tune the pre-trained model for eval-
uations on downstream robotic tasks. We reuse their orig-
inal implementations to ensure that any performance im-
provements are solely attributable to our data augmentation
approach. For RL models, we evaluate downstream tasks
using the PixMC [63] benchmark and employ PPO [56] for
policy learning. Additionally, we utilize Robomimic [45]
and Diffusion Policy [6] for evaluating IL models. The
Robomimic baseline is primarily used for BC policies, and
we test three tasks with the Robomimic datasets. For the
Diffusion Policy, we specifically evaluate the push task to
assess the robustness of our method across different ap-
proaches.

Figure 5. RL-driven policy training pipeline. We propose a
training pipeline for RL-driven policy learning, designed to evalu-
ate performance across various simulation benchmarks.
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Figure 6. Simulation benchmark. We choose 4 tasks from the PixMC and 3 tasks from the Robomimic, covering a range of robotic
manipulation skills. We also include the PushT task, designed for the Diffusion Policy framework, as an additional benchmark to evaluate

performance in a different task setup.

4. Simulation Experiment

4.1. Experiment Setup

Simulation Benchmark. For evaluations in simulation, we
select a total of 8 simulation benchmarks across different
environments, which are PixMC [63], Robomimic [45], and
Diffusion Policy [6]. In particular, for PixMC, we select
FrankaReach, FrankaCabinet, FrankaPick, and Kuka-
Cabinet to assess the robot’s ability to interact with ob-
jects. For Robomimic, we include tasks such as Move-
Can, Square, and Lift, where the robot performs actions
like moving or lifting objects. We also use the PushT task,
designed for the Diffusion Policy framework, which evalu-
ates a robot’s ability to push an object to a target location.
These simulation tasks, visualized in Figure 6, span a range
of manipulation skills, providing a comprehensive evalua-
tion of robot performance. For each pre-training method
(MAE [28, 63], R3M [46], MPI [68]), we evaluate the per-
formance of pre-trained encoders with H2R in reinforce-
ment learning and imitation learning. For the PixMC, most
tasks involve motion control of robotic arms, we primar-
ily use reinforcement learning (RL) methods to validate the
effectiveness of H2R. However, for more complex simula-
tion tasks, such as Robomimic benchmark, experimental re-
sults tend to be more sensitive to the reward mechanisms in
reinforcement learning. Therefore, to avoid the impact of
reward on task success rates, we adopt imitation learning
methods (IL) combined with a pre-trained visual encoder
for testing. This approach will evaluate the effectiveness of
H2R in bridging the gap between human hand and robotic
arm visual perception.

Pre-training Dataset. @ We select SSV2 (Something-
Something V2) [21] and Ego4D [22] as the primary datasets
for our experiments. SSV2 contains 220,847 video clips
of human actions with everyday objects, designed to help
models understand fine-grained hand gestures. Ego4D is a
large-scale egocentric dataset with 3,670 hours of video col-
lected from 923 participants worldwide, aimed at advancing
first-person visual perception. We use the SSV2 dataset in
the MAE and R3M methods, and the Ego4D dataset in the
MPI method. For MAE and R3M, we select 62,500 videos
from the SSV2 dataset and randomly sample 16 keyframes
from each video. For MPI, we extract 117,624 action clips

from 2,486 videos in the Ego4D dataset, each clip consist-
ing of three frames (start, middle, and end).

Evaluation Metric. We repeat each experiment three times
with different seeds and report the averaged results. For
tasks in PixMC, we train the models using reinforcement
learning for 2,000 steps and report the final success rate.
For tasks in Robomimic, we train for 200 steps and report-
ing the mean success rate. For tasks in RLBench, rlbench
For the PushT task, we train the Diffusion Policy model for
200 epoches and report the success rate in the simulation en-
vironment. The training hyperparameters used in this work
are identical to those described in the original paper.

4.2. Results.

Reinforcement Learning. From Table 1, we observe that
the improvement brought by H2R in reinforcement learning
shows more variation depending on the task. Some tasks see
an improvement, while others experience a decline. How-
ever, on average, across all tasks, there is still an overall
improvement. Additionally, the performance with CutMix
data is particularly better with R3M, while the use of H2R
data yields excellent results with MAE. For example, when
using the MAE pretraining method, the use of our H2R
data results in a 29.7% improvement in the average suc-
cess rate of the tasks. On the other hand, encoders trained
with CutMix data show improvements ranging from 18.0%
to 21.4%. When using the R3M pretraining method, the im-
provement in average success rate with H2R data is smaller,
but the performance boost with CutMix data is more pro-
nounced. Finally, when using the MPI pretraining method,
the use of H2R data results in a modest reduction in the av-
erage success rate.

Imitation Learning. From Table 2, we observe that the en-
coder trained on H2R data shows consistent improvements
across various tasks compared to the encoder trained on the
original data, with the average success rate improvement on
all tasks ranging from 0.9% to 10.2%. Especially for the
more challenging MoveCan task, it can improve the suc-
cess rate by 25.5%. Additionally, while encoders trained
on the relatively simple CutMix data show improvement on
tasks in Robomimic, their performance in the PushT task
remains slightly worse than the encoders trained on original
data. These results demonstrate the effectiveness of using
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‘ FrankaReach  FrankaCabinet FrankaPick KukaCabinet Average
MAE 97.5 88 0 90 46.9
MAE+CutMix1 | 93.5 (-4.0%) 90.5 (+2.5%) 0.0 (0.0%) 80.5 (-9.5%)  66.1 (+19.2%)
MAE+CutMix2 | 96.5(-1.0%)  100.0 (+12.0%) 0.0 (0.0%) 63.0 (-27.0%) 64.9 (+18.0%)
MAE+CutMix3 | 98.5 (+1.0%) 90.5 (+2.5%) 0.0 (0.0%) 84.0 (-6.0%)  68.3 (+21.4%)
MAE+H2R 96.0 (-1.5%) 92.0 (+4.0%)  31.5(+31.5%) 87.0 (-3.0%)  76.6 (+29.7%)
R3M 63 0 0 0 15.8
R3M+CutMix1 | 95.5 (+32.5%) 99.5 (+99.5%) 0.0 (0.0%) 1.0 (+1.0%)  49.0 (+33.2%)
R3M+CutMix2 | 98.5 (+35.5%) 97.5 (+97.5%) 0.0 (0.0%) 0.0 (0.0%) 49.0 (+33.2%)
R3M+CutMix3 | 97.5 (+34.5%)  85.5 (+85.5%) 0.0 (0.0%) 0.0 (0.0%) 45.8 (+30.0%)
R3M+H2R 8.5 (-54.5%) 0.0 (0.0%) 0.0 (0.0%) 81.0 (+81.0%) 17.9 (+2.1%)
MPI 83.5 0 0 58 354
MPI+H2R 88.0 (+4.5%)  20.0 (+20.0%) 0.0 (0.0%) 0.0 (-58.0%) 27 (-8.4%)

Table 1. Reinforcement learning experiment result. We report the success rate (%) over RL-based tasks for MAE, R3M, and MPI.

‘ MoveCan Square Lift Average ‘ ‘ PushT
MAE 54 25.5 94.5 58 59.2
MAE+CutMix1 | 72.0 (+18.0%) 30.0 (+4.5%) 95.0 (+0.5%) 65.7 (+7.7%) || 37.5 (-21.7%)
MAE+CutMix2 | 58.0 (+4.0%) 36.0 (+10.5%) 90.0 (-4.5%) 61.3 (+3.3%) | 40.0 (-19.2%)
MAE+CutMix3 | 78.0 (+24.0%) 32.0 (+9.3%) 92.0 (-2.5%) 67.3 (+2.7%) | 42.0 (-17.2%)
MAE+H2R 79.5 (+25.5%)  29.5 (+4.0%) 95.5 (+1.0%) 68.2 (+10.2%) || 64.5 (+5.3%)
R3M 59.5 20.5 85 55 15
R3M+CutMix1 | 69.5 (+10.0%) 30.0 (+9.5%) 91.0 (+6.0%) 63.5 (+8.5%) 19.0 (+4.0%)
R3M+CutMix2 | 66.0 (+6.5%)  26.0 (+5.5%) 83.0(-2.0%)  58.3 (+3.3%) 17.0 (+2.0%)
R3M+CutMix3 | 68.0 (+8.5%)  26.0 (+5.5%) 84.0(-1.0%)  59.3 (+4.3%) 14.0 (-1.0%)
R3M+H2R 61.5(+2.0%) 37.5(+17.0%) 85.0(0.0%) 61.3(+6.3%) | 22.0 (+7.0%)
MPI 58 21 96 58.3 62.7
MPI+H2R 62.5 (+4.5%)  24.5(+3.5%) 94.5(-1.5%) 60.5 (+2.2%) | 63.8 (+0.9%)

Table 2. Imitation learning experiment result. We report the success rate (%) over IL-based tasks for MAE, R3M, and MPI.

the robotic arm to cover the human hand in video data, as
well as the effectiveness of H2R in imitation learning.

5. Real World Experiment
5.1. Experiment Setup

Real-world Tasks. To validate the effectiveness of H2R in
downstream manipulation tasks, we implement three real-
world manipulation tasks using a URS [61] robotic arm with
a Robotiq [54] Gripper integration. The single RealSense
L515 [31] camera is used to obtain visual observations in
the real world. Realsense L515 is set above and behind the
robotic arm, which provides a similar viewpoint to the hu-
man video data used in the pretrained visual model. Our
real-world setup are shown in Figure 7. We provide detailed
descriptions of the three implemented manipulation tasks as
follows.

1. Pick and Place: Grasp a cube and place it into a bowl.

2. Stack Cubes: Stack a blue cube atop a yellow cube.

3. Pick from Box: Retrieve a cube from a box, place it into
a bowl, and then close the box lid.

All the tasks are visualized in Appendix. Pick and Place
task is the simplest of three tasks but still requires precise
cube recognition, grasping, and placement within a desig-
nated bowl area. By contrast, Stack Cubes task demands
higher positional accuracy during placement,

requiring precise identification of the yellow cube’s loca-
tion for successful stacking. Pick from Box task combines
grasping with articulated object manipulation, necessitating
longer-horizon planning and higher precision. For instance,
the robot must avoid the lid while retrieving the cube and se-
lect optimal contact points to close the lid post-placement,
challenging its ability to learn from high-dimensional visual
nputs.
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Policy Model Tasks MAE MAE+H2R || R3M R3M+H2R

Pick and Place | 45 65(+20%) 40  50(+10%)

e . Stack Cubes 50 55(+5%) 55 70(+15%)

Diffusion Policy Pick from Box | 55  50(-5%) 45 65(+20%)
Average 50 56.7(+6.7%) | 46.7  61.7(+15%)

Pick and Place 55 70(+15%) 60 70(+10%)

L e ) Stack Cubes 50 50(0%) 65  75(+10%)

Equivariant Diffusion Policy | o\ o0 pox | 55 75425%) || 50 70(+20%)
Average 533  65(+11.7%) 58.3  75(+13.3%)

Table 3. Real-World success rate.We report the success rate (%) over real-world tasks for MAE, R3M. Percentage changes due to H2R
are shown in parentheses, with blue indicating improvement and red indicating degradation.

Figure 7. Real-world experiment scene.

Policy Training Process Details. For dataset collection, we
collect expert demonstrations through human teleoperation,
comprising 30 demonstrations per task. For downstream
policy training, we select the Diffusion Policy(DP) [6] and
Equivariant Diffusion Policy(eq-dp) [64] as policy frame-
works. We apply upstream pre-trained MAE and R3M
visual representation models to downstream policy learn-
ing, selecting four configurations for comparison: MAE,
MAE+H2R, R3M, and R3M+H2R. Pretrained models are
incorporated as frozen vision encoders in the policy network
to evaluate their effectiveness. We use a single RGB cam-
era image as the high-dimensional observation space and
the robot proprioception as the low-dimensional observa-
tion space. Both are combined as input observations to the
policy network. Policy is trained for 300 epochs using the
collected data for each task.

5.2. Experiment Results

We evaluate the success rates of each model-task combi-
nation in real-world deployments. The results, as shown
in Table 3, demonstrate that H2R significantly enhance
the performance of visual encoders across diverse robotic
tasks. H2R augmentation improves MAE-based policies
in 6 out of 7 task configurations, with the largest gains in
Pick from Box (+25% for Equivariant Diffusion) and Pick

and Place (+20% for Diffusion Policy). Across all tasks,
H2R augmentation consistently enhanced R3M-based poli-
cies, with the most notable improvements observed in ge-
ometrically complex scenarios such as Pick from Box,
where R3M+H2R paired with Equivariant Diffusion Pol-
icy achieved a 20% success rate increase. These results
highlight the potential of our approach to enhance visual
encoders for real-world robotic applications, even in com-
plex and dynamic environments.

6. Conclusion

We proposed H2R, a data augmentation technique that
bridges the visual gap between human hand demonstrations
and robotic arm manipulations by replacing human hands
in first-person videos with robotic arm movements. Using
3D hand reconstruction and image inpainting models, H2R
generates synthetic robotic arm manipilation sequences,
making them more suitable for robot pre-training. Exper-
iments across simulation benchmarks and real-world tasks
demonstrate consistent improvements in success rates for
encoders trained with various pre-training methods(MAE,
R3M, MPI), highlighting its effectiveness and generaliz-
ability. H2R enables efficient transfer of task knowledge
from human demonstrations to robotic systems, reducing
reliance on costly robot-specific data collection.
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Appendix

CLIP-based Evaluation of Augmentation Effectiveness.
To quantitatively assess the effectiveness of H2R in bridg-
ing the visual gap between human and robot hands, we em-
ploy CLIP to measure the similarity between images and
action descriptions before and after augmentation. Specifi-
cally, we generate two text prompts for an image:

¢ Human-centric prompt: “A human is [action].”

* Robot-centric prompt: “A robot is [action].”

where [action] describes the task being performed (e.g.,
“picking up a cube”) in the image. We compute CLIP
similarity scores between the image and their respective
prompts, where higher robot-prompt scores indicate better
visual alignment with robotic manipulation.

Imgl Img2 Img3 Imgd4d Img5S Img6
ori 314 237 312 320 275 29.7
aug 284 288 327 296 287 272

Table 4. CLIP similarity scores. Higher values indicate better
alignment between images and robot-centric descriptions.

Visual examples in Figure 11 demonstrate how our aug-

mentation successfully adapts human motions to robotic
kinematics. The CLIP similarity scores in Table 4 con-
firm that the augmented images maintain comparable align-
ment with robot-centric descriptions. CLIP scores occa-
sionally decrease for some tasks, likely due to minor ar-
tifacts in hand-object interaction synthesis. However, as
demonstrated in the following subsections, these discrep-
ancies do not impede downstream policy performance, sug-
gesting that H2R prioritizes functionally relevant visual fea-
tures over pixel-perfect realism.
Failure Cases Analysis of the Real-world Experiment In
addition to evaluating the success rate, we performed a de-
tailed analysis of all failure cases by decomposing each task
into distinct operational phases, as shown in Table 5. We
divided three real-world tasks into multiple stages based on
the complete motion sequence of a robotic arm. For each
task, we classified the failure cases according to the furthest
phase achieved, where later stages correspond to higher task
completion levels.

In our real-world evaluation, we show the frequency dis-
tribution of task-specific failure cases in Figure 8.we find
that regardless of the task or model used in the experiments,
Case 1 constitutes a significant proportion of the failure
cases. A major reason for this is the policy’s inability to
accurately locate the position to interact with the target ob-
ject. This misalignment can be attributed to various factors
such as camera noise, environmental lighting changes, ob-
ject occlusions, or the model’s limited adaptability to new
environments. To delve deeper into these issues, we present
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tasks  Pick and Place Stack Cubes Pick from Box
casel Picking failure  Picking failure  Picking failure
case2 Placing failure  Stacking failure  Placing failure
case3 Success Success Closing failure
cased / / Success
Table 5. Cases of each real-world task. We list 3 cases for Pick
and Place task, 3 cases for Stack Cubes task and 4 cases for Pick
from Box task.
Figure 8. Failure case analysis. We divided each task into 3-4
cases to enable a detailed analysis of execution failure causes and
finer-grained evaluation.
detailed examples of typical failure cases in Figure 9. These 1148
factors can prevent the end-effector from correctly identi- 1149
fying and approaching the target location, leading to task 1150
failure. We also observe that H2R-augmented visual repre- 1151
sentation models not only improve overall success rates in 1152
real-world tasks but also significantly reduce the occurrence 1153
of Case 1 failures across most of the tasks, which indicates 1154
that even in failed attempts, the robot demonstrates higher 1155
partial-task completion. 1156
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Figure 9. Failure case visualization. We provided first-person visualizations from the robot’s viewpoint for every failure scenario.

Figure 10. Real-world task. Illustration of three real-world manipulation tasks ranging from simple to complex.
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Figure 11. H2R samples. Visual comparison between original human data (top) and our augmented data (bottom).
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