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ABSTRACT

Videos of humans performing tasks are a promising data source for robotic manip-
ulation because they are easy to collect in a wide range of scenarios and thus have
the potential to significantly expand the generalization capabilities of vision-based
robotic manipulators. Prior approaches to learning from human video demonstra-
tions typically use third-person or egocentric data, but a central challenge that
must be overcome there is the domain shift caused by the difference in appear-
ance between human and robot morphologies. In this work, we largely reduce this
domain gap by collecting hand-centric human video data (i.e., videos captured
by a human demonstrator wearing a camera on their arm). To further close the
gap, we simply crop out a portion of every visual observation such that the hand
is no longer visible. We propose a framework for broadening the generalization
of deep robotic imitation learning policies by incorporating unlabeled data in this
format—without needing to employ any domain adaptation method, as the human
embodiment is not visible in the frame. On a suite of six real robot manipula-
tion tasks, our method substantially improves the generalization performance of
manipulation policies acting on hand-centric image observations. Moreover, our
method enables robots to generalize to both new environment configurations and
new tasks that are unseen in the expert robot imitation data.
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Figure 1: We incorporate diverse hand-centric human video demonstrations to train a behavioral cloning policy
that can generalize to new environments and new tasks outside the distribution of expert robot imitation data.
Images are cropped to close the domain gap between the human and robot observations. Action labels for
human video demonstrations are inferred by an inverse dynamics model that is trained only on robot play data.

1 INTRODUCTION

Videos of humans completing tasks can be a beneficial data source in the context of robotic manip-
ulation. First, they eliminate the need to relocate large robotic hardware to varied settings. Second,
they lessen the amount of inevitable wear-and-tear that robotic systems accumulate over time. Third,
they allow robot learning practitioners to avoid data collection methods such as kinesthetic teaching
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or robotic teleoperation, which can be physically demanding or involve special tools that require
skill and training to use, such as virtual reality headsets (Zhang et al., 2018) and joystick controllers
(Jonnavittula & Losey, 2022). The key consequence of these advantages is the relative ease of
amassing a broad set of diverse human video demonstrations that can be leveraged to improve the
generalization capabilities of vision-based robotic manipulation policies. This potential is particu-
larly enticing because vision-based policies are typically brittle against real-world variation, such as
changes in the background, lighting, and object appearances (Julian et al., 2020). However, a cen-
tral challenge in learning from human video demonstrations is the difference in appearance between
human and robot arms and bodies, which creates a distribution shift that must be accounted for.

Prior works in learning from human video demonstrations have aimed to mitigate this domain gap
by taking explicit domain adaptation approaches such as human-to-robot image translation (Liu
et al., 2018; Smith et al., 2019; Li et al., 2021; Xiong et al., 2021); learning domain-invariant visual
representations or reward functions (Yu et al., 2018; Yang et al., 2019; Schmeckpeper et al., 2020;
Zhou et al., 2021; Zakka et al., 2022); and leveraging keypoint representations of human and robot
states (Das et al., 2020; Xiong et al., 2021). While these works have made progress in training
robotic policies from human demonstrations, limitations and dif�culties arising from the human-
robot domain gap still remain. For example, certain explicit domain adaptation approaches suffer
conspicuous visual artifacts when translating human images to robot images (Smith et al., 2019).

One common thread in the aforementioned works is that they operate from a third-person camera
perspective, where stark differences in human and robot morphologies cause a prominent distribu-
tion shift. In this work, we signi�cantly reduce the domain gap between human and robot data by
leveraging hand-centric videos (i.e., clips captured by a wrist-mounted camera), taking the arm and
body out of the picture. In the human domain, this involves a demonstrator wearing a camera on
their forearm and completing a task with their hand—a process that is quicker and less taxing than
kinesthetic teaching and robotic teleoperation. To further close the gap, we crop out a �xed portion
of every image observation such that the hand or end-effector is no longer visible, leaving just the
environment and objects in view. As a result, we eliminate the need to employ any domain adap-
tation method and are able to perform end-to-end learning of vision-based manipulation policies
directly from human video data, where the actions are inferred by an inverse dynamics model.

The main contribution of this work is the study of a simple, novel method for incorporating di-
verse hand-centric human video demonstrations that allows a practitioner to improve upon policies
trained solely on narrow expert robot demonstrations, while bypassing explicit domain adaptation
approaches entirely. Across several real-world robotic manipulation tasks, such as reaching, grasp-
ing, pick-and-place, cube stacking, and plate clearing, we observe that our method leads to signi�-
cant improvements in generalization performance. Our policies generalize to both new environments
and new tasks that are outside the distribution of expert robot imitation data. We release the datasets
we collect to train the inverse models and imitation learning policies on our project website.

2 RELATED WORK

Imitation learning is a powerful paradigm for training an agent to complete a task by learning a
mapping between observations and actions. Traditional approaches to robotic imitation assume
access to expert demonstrations collected from the robot's observation and action spaces (Hayes
& Demiris, 1994; Atkeson & Schaal, 1997; Argall et al., 2009; Osa et al., 2018). Since collecting
expert trajectories with a real robot can be expensive, physically demanding, or require special
teleoperation equipment and training (Zhang et al., 2018; Mandlekar et al., 2020), we study the
setting of training robotic agents to complete tasks by watching videos of a human demonstrator.
One central challenge in this setting is the distribution shift caused by apparent visual differences
between human and robot arms and bodies.

Past works have addressed this distribution shift in various ways. Some have employed explicit
domain adaptation techniques such as human-to-robot context translation (Liu et al., 2018; Sharma
et al., 2019) and pixel-level image translation (Smith et al., 2019; Li et al., 2021; Xiong et al., 2021),
commonly using generative models like CycleGAN which can learn mappings between domains
given unpaired data (Zhu et al., 2017). Other works have explicitly speci�ed the correspondences
between human and robot embodiments and behaviors by, e.g., employing pose and object detection
techniques inspired by computer vision research (Yang et al., 2015; Nguyen et al., 2018; Ramirez-
Amaro et al., 2017; Kumar et al., 2022) and learning keypoint-based state representations of human
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and robot observations (Das et al., 2020; Xiong et al., 2021). Some have taken a more implicit
approach and sought to learn domain-invariant visual representations or reward functions that are
useful for learning to solve downstream tasks (Sermanet et al., 2016; 2018; Yu et al., 2018; Yang
et al., 2019; Mees et al., 2020; Schmeckpeper et al., 2020; Chen et al., 2021; Zhou et al., 2021;
Nair et al., 2022; Zakka et al., 2022). Yet another class of works used robotic end-effectors more
closely resembling the human hand (e.g., Allegro Hand) to train dexterous manipulation policies via
hand pose estimation and kinematic retargeting (Handa et al., 2020; Qin et al., 2021; Arunachalam
et al., 2022; Sivakumar et al., 2022; Qin et al., 2022). In contrast to most of these works, we avoid
the need to apply any explicit domain adaptation or human-robot correspondence tracking method
by utilizing hand-centric visual data in which the human or robot embodiment is not visible in the
demonstrations. We also train policies that can generalize to new settings and tasks without having
to learn intermediate representations or reward functions. Further, we use a parallel-jaw robotic
end-effector despite it being visually and kinematically dissimilar to the human hand.

One key advantage of our approach in using hand-centric human video demonstrations is the ease
of collecting data in a wide range of scenarios, making it easier and quicker to gather visually
and behaviorally diverse demonstrations. Related prior works that also pursued this objective are
Young et al. (2020) and Song et al. (2020), which amassed diverse data using “reacher-grabber”
tools. To minimize domain shift, these tools were attached to the ends of robot arms or engineered
to closely resemble real parallel-jaw end-effectors. In contrast, we collect demonstrations with the
human hand, which is faster and more �exible than a reacher-grabber tool, and test our policies di-
rectly on a robot with a structurally dissimilar gripper. Further, our lightweight hand-centric camera
con�guration for human demonstrations is simple to assemble and has nearly zero cost (aside from
purchasing the camera itself), while the reacher-grabber tool proposed by Song et al. (2020) requires
more sophisticated assembly and costs approximately $600 USD.

3 PRELIMINARIES

Observation and action spaces.The observation spaces of the robot and human,Or and Oh

respectively, consist of hand-centric RGB image observationsor 2 O r ; oh 2 O h . The robot's
action spaceA r has four dimensions, consisting of 3-DoF end-effector position control and 1-DoF
gripper control. We assume that the human's action spaceA h is the same as the robot's:A h = A r .

Problem de�nition. Our objective is to train an imitation learning policy using a dataset that com-
bines broad hand-centric human video data with narrow robot demonstrations. By incorporating
broad human video data, our goal is for the policy to generalize better than one that is trained solely
on the robot dataset. While broad data can improve generalization along a number of axes, we
speci�cally aim to improve performance in terms of environment generalization and task general-
ization. We de�neenvironment generalizationas the ability to execute a learned manipulation
task in a new environment outside the distribution of expert robot imitation data. We de�netask
generalization as the ability to execute a new, typically long-horizon task when the expert robot
demonstrations only perform an easier, shorter-horizon task.

To achieve each type of generalization, we train a policy on narrow expert robot demonstrations from
one environment and task and more diverse human demonstrations that cover a broader distribution
of environments or tasks. For instance, consider the task of grasping a cube in the environment
generalization setting. Here, the robot demonstrations might perform cube grasping in only one
environment, while the human demonstrations perform it in various environments. The goal would
be to have the robot generalize to the environments covered by the human demonstrations. Now
consider the task of cube pick-and-place in the task generalization setting. Here, the robot demon-
strations might perform cube grasping, while the human demonstrations perform pick-and-place,
which is a more dif�cult and longer-horizon task than grasping. The goal would be to have the robot
learn to successfully execute pick-and-place even though the task was never demonstrated in the
expert robot demonstrations.

4 LEARNING FROM HAND-CENTRIC HUMAN V IDEO DEMONSTRATIONS

We address the problem of improving the generalization of robotic manipulation policies by leverag-
ing unlabeled human video demonstrations captured from a hand-centric camera perspective. In this
section, we discuss each module of our overall framework (Figure 1). We �rst collect hand-centric
human demonstrations of a task with a simple low-cost setup (Section 4.1). We then label the hu-
man video demonstrations with actions using an inverse dynamics model trained on robot “play”
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data (Section 4.2). Afterwards, we utilize the human demonstrations to train generalizable imitation
learning policies (Section 4.3).

4.1 HAND-CENTRIC V IDEO DATA COLLECTION

Data collection setup.Prior approaches to visual imitation from human demonstrations typically
use videos collected from the third-person or egocentric camera perspective, which exhibit a sub-
stantial distribution shift caused by visual differences between human and robot morphologies. We
instead propose to use the hand-centric camera perspective to mitigate this domain gap. As shown in
Figure 2, we secure an RGB camera to a human demonstrator's forearm via two rubber bands, and
the demonstrator is immediately ready to collect demonstration videos for completing a task. While
more secure ways of fastening the camera exist, we �nd that this simple con�guration is suf�cient
for our purposes and only takes a few seconds to prepare. For the robot domain, the same camera is
mounted onto a Franka Emika Panda robot arm via an L-bracket assemblage (see Figure 2). We use
a virtual reality controller (Oculus Quest) to teleoperate the robot while collecting play data for the
inverse dynamics model (Section 4.2) and expert demonstrations for the imitation learning policy
(Section 4.3). Sample images captured by the hand-centric cameras are shown in Figure 3.

Figure 2: Human and robot hand-centric camera con�gura-
tions. Fastening a USB camera on a human arm only involves
two rubber bands. Mounting a camera on a Franka Emika
Panda robot arm involves L-brackets, washers, and screws.

Figure 3: Sample image observations
captured by the hand-centric human
and robot cameras. We crop the top
36%of every image1in both domains.

Cropping out the hand and end-effector. To further close the domain gap between the human
and robot domains, we propose masking a �xed region of all image observationsoh ; or captured
by the hand-centric human and robot cameras to hide the agent's embodiment. Speci�cally, we
capture images of size100� 100and zero out the top36 rows of pixels with a script, removing the
human hand and robotic end-effector from the images entirely; we denote the resulting human and
robot observations as�oh ; �or , respectively. This transformation is shown in the middle two columns
of Figure 3. We train the inverse dynamics models and imitation learning policies (discussed in
subsequent sections) solely on images that are cropped in this manner so that we can directly utilize
diverse human demonstration data, while avoiding the need to perform explicit domain adaptation.

At �rst glance, it may seem impossible to learn with�oh ; �or given that the hand or end-effector is
not visible. However, we observe that inverse models trained on data in this format can reasonably
infer environment dynamics nonetheless due to the presence of certain visual cues. For example, the
grasping and lifting of an object can be inferred even when the gripper is not visible due to visual
signals such as the object “locking” into place as it is secured in the hand, the object beginning
to levitate, shadows forming underneath the object, and neighboring objects shrinking in size in the
hand-centric camera's �eld of view. Similarly, imitation learning policies can also succeed at various
tasks without seeing the hand or end-effector in the frame after slightly modifying the policies'
inputs (see Section 4.3 for details). Nonetheless, cropping the image does place some limitations on
the tasks that can be performed, which we discuss further in Section 6.

4.2 ACTION LABELING OF HUMAN V IDEO DEMONSTRATIONS VIA INVERSEDYNAMICS

Suppose that we have collected a visually diverse set of hand-centric expert human video demon-
strations for completing a given manipulation task,Dh

exp = f �oh
t g1:::M , whereM is the total number

1Note that due to the image cropping, the human demonstrator is not required to shape their hand such that it
is visually similar to a parallel-jaw robotic gripper. For instance, their �ngers can be splayed out when reaching
and grasping objects, as shown in the upper-left image of Figure 3, as long as the human actions correspond to
actions that are physically possible on the robot.
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