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Abstract— Most existing 6-DoF robot grasping solutions de-
pend on strong supervision on grasp pose to ensure satisfactory
performance, which could be laborious and impractical when
the robot works in some restricted area. To this end, we
propose a self-supervised 6-DoF grasp pose detection frame-
work via an Augmented Reality (AR) teleoperation system
that can efficiently learn human demonstrations and provide
6-DoF grasp poses without grasp pose annotations. Specifically,
the system collects the human demonstration from the AR
environment and contrastively learns the grasping strategy from
the demonstration. For the real-world experiment, the proposed
system leads to satisfactory grasping abilities and learning to
grasp unknown objects within three demonstrations.

I. INTRODUCTION

Unknown object grasp pose detection aims to generate
6-DoF grasp poses for unknown objects. It is a significant
task in real-world applications because robots may need to
grasp unknown objects under extreme environments, such as
nuclear plants [1], underwater environments [2], and outer
space [3].

However, detecting grasp pose for unknown objects is
challenging because 6-DoF grasp pose needs to be learned
from accurate grasp pose annotations. Although the problem
can be solved by manually providing accurate grasp poses,
physically annotating the robot grasp pose in an extreme
environment is impractical. Moreover, limited grasp pose
annotations may impact the performance of the grasp pose
detection method [4], [5]. Therefore, a solution that can
efficiently learn to grasp unknown objects in remote envi-
ronments is required.

In this paper, we propose a self-supervised 6-DoF robot
grasp pose detection framework via an Augmented Reality
(AR) teleoperation system that can efficiently learn to grasp
unknown objects through human demonstrations in the AR
environment. Specifically, the framework first generates the
initial grasp pose to detect the location of the object based on
the image segmentation method. Although the initial grasp
pose cannot perfectly grasp the object, it still can roughly
illustrate the location of the detected object for further
adjustment. Then, the AR teleoperation system collects a few
human demonstrations through AR software, which enables
humans to provide accurate demonstrations remotely. Human
demonstration contains waypoints from the start pose to the
grasp pose, and the RGB-D image at the start pose. After
that, the framework utilizes a point clouds-based contrastive
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learning method to learn the hidden morphology represen-
tation and evaluate the similarity between the detection
object and the object demonstrated by humans. Finally, the
framework generates 6-DoF adjustment to improve the initial
grasp pose to the 6-DoF grasp pose for unknown objects.

As shown in Fig 1 section c, the framework first detects
the initial grasp pose for four objects, which cannot grasp
the unknown objects, e.g., plates, small screws, bowls, and
small screwdrivers. In Fig 1 section b, The AR interface is
used to provide waypoints remotely. After learning several
demonstrations, the framework can generate an adjusted 6-
DoF grasp pose for unknown objects (Fig 1 section c).
Compared with the existing supervised robot grasping works
[6], [4], our system can generate the 6-DoF grasp pose and
grasp the object without grasp pose supervision because the
contrastive learning model learns the hidden morphological
representation and can be transferred to adjust the 6-DoF
grasp pose based on demonstration. Different from robot
imitation work [7], [8], our framework can efficiently use
human demonstrations as prompts to generate the 6-DoF
grasp pose and learn the waypoints from demonstrations.
Additionally, the system is designed as a distributed system
to allow remote control by the user and analyze the RGB-
D information in different platforms. Our contributions are
summarized as follows:

e We propose a novel self-supervised demonstration
learning framework to contrastively learn the grasp pose
from human demonstration and generate 6-DoF grasp
poses.

o We propose a 6-DoF grasp pose detection method that
efficiently learns the 6-DoF adjustment solution within
several demonstrations (3 times in our experiment).

II. RELATED WORK

a) Vision Based Robot Grasping: The grasp pose de-
tection problem can be formulated as detecting the grasp
pose and moving the end effector to the detected grasp pose.
Earlier methods consider learning the correlations between
multiple representations from detection and the final grasp
pose [9]. The input representations include point cloud
representations [10], [11], rectangle representations[12], and
grasp quality maps representations[13], [14], [15]. However,
these methods may ignore the key poses on the target object
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Fig. 1.

(c) Grasp results before (top row) and after demonstration (bottom row)

6-DoF grasp pose for unknown objects. Red gripper shows the grasp pose. The first row illustrates the generated grasp poses without human

demonstration. The second row shows the final grasp pose after learning demonstrations.

and fail, e.g., flat plates. Some approaches consider RGB-
D inputs[16], [10] to regress the 6-DoF grasp pose, and
other works [17], [4] propose to use the cloud points to
generate redundant grasp poses for the objects. Specifically,
Fang et al. [17], [6] Generate abundant grasp poses based
on the large-scale dataset with analytic labels on grasp pose,
and Wang et al.[4] eliminate the unfeasible grasp poses by
proposing graspness score to evaluate the generated grasp
pose. Although the grasp pose generating module shows
high accuracy in grasping seen and similar objects based
on the large-scale dataset, the performance is limited when
only a few grasp pose annotations are given. In contrast, our
framework proposes to acquire the grasp strategy without
grasping annotations and use the morphology representations
to learn the human demonstrations selectively. This allows
our framework to enhance the grasping ability for unseen
objects after learning a few human demonstrations.

b) Human Demonstration Learning via Teleoperation
System: The robot teleoperation system aims to enable
human operators to manipulate the robot in different working
spaces [18], [19], [20], [21], which provides an efficient
solution to transfer human instructions to the robot system.
Compared with teleoperation solutions in recent works [22],
[23], [24], [25], [26], [27], [28], [29], AR-based teleoperation
system [30], [31], [32], [33], [34], [35], [36] is notably
beneficial because it provides fully immersive or context-
rich interactions with the remote environments and enables
easy and accurate human demonstrations collecting feature.
Specifically, Pan et al. [30] proposes to use the RGB-D image
and pose teaching device to enhance the interaction between
human and robot interaction. Li et al. [37] collect human
demonstrations and learn robot manipulation. Although these
frameworks have better interaction experience, the robot

system can barely learn useful grasp strategies through lim-
ited human demonstration. Some imitation learning methods
[7], [38] propose to learn the human demonstration through
reinforcement learning. These methods need to learn the
reward policy of grasping when demonstrations are given.
In our works, we propose to learn the point clouds of the
objects in a contrastive way. Demonstrations are used as
prompts to enable the 6-DoF grasp pose adjustment. This
allows the system to efficiently generate 6-DoF grasp poses
by comparing the morphology representations.

III. SYSTEM OVERVIEW

The proposed AR teleoperating system contains an immer-
sive AR environment for users to provide demonstrations
[39], a grasp pose control module, and a demonstration
learning module. It is designed as a distributed system that
includes a user demonstration client and a remote robot
control server. Fig 2 illustrates the proposed system and
the key components in the system. We realize the following
features based on the proposed system.

o Initial grasp pose control The AR teleoperating system
can find the target objects and generate a 4-DoF initial
grasp pose based on the segmentation masks and the
depth map from the RGB-D camera.

o Collecting user demonstration in augmented reality
Users can provide grasping instructions by demonstrat-
ing the grasping procedure in the AR environment.

e Demonstration learning The system records user
demonstrations and the corresponding RGB-D camera
input as prompts to generate 6-DoF grasp pose and
waypoints based on user demonstrations.
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Fig. 2. System Overview. Section A illustrates the system design. The user camera is used to render the remote environment in the AR
display. Users may use the AR software to control the remote robot. The robot camera can collect RGB-D images for robot grasping.
Section B shows the architecture of the remote robot server, including Robot Control, grasp pose control, and demonstration learning.

A. System Design

In the AR teleoperation system, the remote robot server
directly links with two cameras and a robotic arm. The
user client connects the VR headset and controllers. As
shown in Fig 2, the robot server is designed for collecting
visual data, finding the grasp pose, and providing waypoints
for grasping. Both cameras are RGB-D cameras, and the
robot camera is located on the end-effector of the robotic
arm. The visual data from the user camera can be rendered
in the AR environment, while visual data from the robot
camera are used for generating grasp pose. Users can use
the AR software to control the virtual robot to visualize the
demonstration and manipulate the real robot to grasp objects.
The user demonstration contains object point clouds and the
waypoints that move the end effector from the start pose
to the grasp pose. If the computing resources of the robot
computer are limited and cannot process the complicated
segmentation and 6-DoF grasp pose adjustment workload,
the grasp pose control module and demonstration learning
module can be executed in another powerful remote server.
Overall, users can directly use the controller to provide
demonstrations in the user client and control the remote robot
server.

IV. USER DEMONSTRATION CLIENT

To visualize the user demonstration feature in the im-
mersive AR environment [40], we implement demonstration
software based on Unity 3D. Inspired by [41], we integrate
the Oculus VR headset and controller in Unity to render the
visual data from the user camera and control components
in the AR environment. The user camera is physically
connected to the robot computer and transfers the visual data
to the user computer through the internet to realize remote
teleoperation tasks.

In the demonstration software, we import a virtual robot
with a virtual two-finger gripper. The virtual robot is cal-

ibrated with the real robot in the world coordinate. There
is another virtual gripper in the scene indicating the pose
of the end-effector recorded by the software. During the
demonstration process, the user needs to use the controller
to drag the virtual gripper. The virtual gripper can follow the
user controller and move in the AR environment. Here, we
provide two gripper following solutions. Users can click the
button on the controller to decide pure position following
or position and orientation following. Besides the user can
also control the gripper status by pressing the button on
the controller. There are several virtual buttons in the panel
of the AR environment that offer significant features for
controlling the virtual robot and the real robot. Specifically,
the real robot can be driven by initialize, search, and execute
buttons. The back button can cancel the recorded virtual
trajectory. Move and simulate all buttons only manipulate the
virtual robot based on the recorded trajectory. We connect the
software and the robot control system through the ROS-TCP
connector [42] library and enable the information transfer
feature.

V. REMOTE ROBOT SERVER

The remote robot server is proposed to generate grasp
poses and control the robot based on the RGB-D data
from the robot camera. It contains three modules (Fig 2
(B)): (1) Robot control module, which enables teleoperation
feature on the real robot and the visualization of the robot
movement in the AR environment. (2) Grasp pose control
module, which generates the grasp pose without training on
grasp pose annotation. (3) Demonstration learning module,
which learns the correlation between demonstrations and
generates the adjustment on trajectory and final grasp pose.
We integrate the robot control module with ROS and realize
camera control, record demonstrations, and trajectory simu-
lation features.
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Fig. 3. The contrastive point cloud learning model first augments
the input and extracts features through projector g(f(-)).

A. Grasp Pose Control Module

The grasp pose control module aims to generate the
initial grasp pose without human demonstrations or grasp
pose annotations. Given the RGB-D image from the robot
camera, the module first segment the RGB image and select
the key points from the detected masks. The module then
generates 4-DoF grasp poses in the world coordinate with
transformation and rotation on the yaw axis.

a) Object Segmentation: The object segmentation pro-
cess aims to segment objects from the RGB frame. In the
initial grasp pose generating module, we utilize the FastSAM
[43], a lightweight segmentation model that only needs an
RGB frame as input. The FastSAM model can generate
potential object masks and detection bounding boxes for
objects.

b) Key Points Selection: The key points selection aims
to select the most suitable grasp point based on the seg-
mentation masks and the bounding boxes from the RGB
frame. We select five key points for each object and use
the pixel position to calculate the confidence of the key
points. Five key points contain one point at the center of
mass of the segmentation mask, one point located on the
mask and has the closest distance from the bounding box
center, and the other three points are located on the outline
of the segmentation mask.

c) Initial Grasp Pose Generation: The initial grasp
pose output consists of translation at three axes and the yaw
rotation. To calculate the yaw rotation, we use the center of
mass point as the center point and calculate the bounding
rectangle. The shorter edge of the bounding rectangle is
selected to calculate the yaw rotation. After that, the pixel
positions of five key points are utilized to calculate the
camera position. The pixel position needs to be transformed
to the grasp position. We first align the RGB frame and
the depth map and get the camera intrinsic to transform
pixel position to camera position. Then, we calibrate the
camera and the robotic arm gripper and get the eye-in-hand
calibration matrix. Finally, we transform the pixel position
to the 4-DoF grasp pose.

B. Demonstration Learning Module

The purpose of the demonstration learning module is
to define which object should learn the demonstrations

from humans. Since human demonstrations are input in
the demonstration learning module as prompts, the system
needs to recognize objects that have similar morphology
representation with the demonstrated objects and learn the
corresponding human demonstration. According to the pre-
vious 6-DoF grasp pose generating works [44], [45], [15],
[46], [9], the 6-DoF grasp pose is mainly influenced by the
point clouds of target object. In the demonstration learning
module, we use a self-supervised method to contrastively
learn the hidden representation of the object point cloud. The
Demonstration learning module contains (1) a contrastive
point cloud learning model, and (2) a demonstration ana-
lyzing section. The output of the module is the 6-DoF grasp
pose adjustment.

a) Contrastive point cloud learning: The contrastive
point cloud learning model aims to separate the hidden point
cloud representation in a self-supervised manner. The output
of the model is the similarity index. Inspired by the SimCLR
[47] that separates the hidden representation of RGB image,
we propose to contrastively learn the hidden representation
of point cloud information by maximizing the agreement
between augmented point clouds in the latent space. Since
we do not have the grasp labels for the training point clouds,
each point cloud sample needs to be augmented into two
point clouds to enable comparison between the same objects
and different objects in the latent space.

Specifically in Fig 3, during the training process, the point
cloud sample z,, is defined as the original sample. Firstly, the
original sample augments into two samples through jittering,
resizing, or flipping, e.g., @, 10 Zy;, Ty;. Three augmented
methods are randomly selected to increase the robustness of
the model. Secondly, the augmented samples are extracted by
encoder f(-) to get the representation vectors h;, h,,; of the
augmented samples. In this paper, we adopt the ResNet [48]
as encoder and h is the output after the average pooling layer.
After that, the representation vector h,;, h,,; are projected by
MLP g(-) to map the representation to the latent space. The
projected representation z,; and z,; is a positive pair, and the
task of contrastive loss is to identify x,,; in a set of positive
pair{ ., }xi for 2,;. Assuming we have N original sample
in a batch, we get 2N augmented samples. Given a positive
pair in the batch, the other 2N — 1 samples are negative
samples. The contrastive NT-Xtent loss for x,;, z,; can be
formulated as follows.

exp (sim (2ui, 2uj) /T)
08 —5x _ :
Z]i=1 1[k;éz'] €xp (szm (Zuiv Zuk) /T)

where sim(zy;, zy;) is the cosine similarity and 7 is the
temperature parameter. 1(;; is an indicator function equal
to 1 only if k£ # 4. In this paper, we use the ShapeNet [49]
point cloud dataset to pretrain the model and update the non-
linear projector g(-).

b) Demonstration Analyzing Section: Before the
demonstration starts, the system will record the RGB frame
and the depth map of the experiment surroundings. For the
detected objects, the system first transforms the detected

ﬁi,j =1

(D
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masks into point clouds based on the camera coordinate
and normalizes the point clouds. Then, the system can
generate the initial grasp pose for detected objects. When
the demonstration starts, the AR software can record a set
of waypoints from the start pose to the grasp pose. To avoid
the display error in the AR software and get the accurate
demonstrated grasp pose, we fine-tune the position of the
grasp pose. Each demonstrated sample contains the point
clouds and waypoints.

During the experiment, some objects may be demonstrated
multiple times. If the demonstrated samples are recording
point clouds for the same object, they belong to the same
category. Assuming the software records waypoints from the
human demonstration (start pose to grasp pose), the system
needs to output the same number of key points from the
start pose to the grasp pose for target objects. There are
two scenarios. If the system can generate the initial grasp
pose for the demonstrated object, the system can adjust both
position and orientation based on the demonstration. If the
system cannot generate the initial grasp pose, we only learn
the orientation adjustment. To ensure the number of key
points in the initial grasp trajectory is equal to the number
of waypoints in the human demonstration, we separate the
initial trajectory evenly into M points. For each segmenta-
tion, the system can prepare point clouds for segmentation
masks. The prepared point clouds first compare all recorded
demonstration point clouds and get the similarity between all
demonstrated categories. If there are multiple demonstrated
samples for one category, we use the demonstration infor-
mation with maximum similarity as the similarity index ¢,
for the category. For each demonstration, we first analyze
the recorded waypoints. After finding the center point of the
point clouds, we generate four pseudo grasp poses around
the outline of the object based on the demonstrated grasp
pose. The pseudo grasp poses have the same distance from
the center point of the object. The distance from the center
point to the pseudo grasp pose can be resized based on
the scaling factor between the demonstrated object and the
detected object. There are two thresholds indicating learning
rotation t,. and learning translation ¢;. If ¢5 > ¢, the system
utilizes the generated pseudo grasp pose as the final grasp
pose. If 5 > t;, the system will use the demonstrated grasp
pose provided by human.

VI. SYSTEM EVALUATION
A. Experiment Details

We use an XArm 6 robotic arm with its two-finger gripper
to conduct the experiment. In the system, the robot is directly
linked with an RTX3060 6GB laptop, and we install a
Realsense d435i at the end effector of the robot arm as
the robot camera. The frequency of the robot camera is 7
Hz. The ZED 2 camera is connected to the robot computer
and sends the vision data back to the user computer with
a frequency of 30Hz. For the normal grasping experiment,
we only run the grasp pose control module on the robot
computer. For the demonstration learning experiment, we run
both grasps pose control and demonstration learning module

Ragdolls & Toys

Food & Snacks

Fig. 4. Example objects in hardware, household, food, and toys.

in the same computer with a maximum batch size equal
to 4. In the proposed demonstration learning module, the
temperature parameter is 0.1.

B. Evaluation Metric

Similar to previous literature [6], [50], we adopt two
success rates to evaluate the performance. The attempt-
centric success rate is defined as the fraction of the number
of successful grasp attempts over the number of total grasp
attempts. This metric measures the ability of the grasp
solution in a single attempt. The object-centric success rate
is the ratio of the number of successfully grasped objects
over the total number of objects and each object allows
two attempts. The attempt-centric rate is more strict than
the object-centric success rate.

C. Normal Grasping

In the normal grasping experiment, we set a workspace
limit on a plane for safety. The detection pose is set to 0.45
meters above the plane. During the experiment, we randomly
place the objects on the plane at a random orientation and
take one picture. After that, the initial grasp pose generating
module will generate initial grasp poses for all detected
objects in the scene. The segmentation model only uses the
RGB input to generate key points for objects, and the grasp
pose control module can select key points and predict the
grasp pose for the scene according to the segmentation results
and the depth map. The initial grasp pose has the vertical
direction and adjusted rotation on the yaw. The pre-grasp
pose is 0.15 meters backward in the approaching direction.
Additionally, we collect over 200 objects from 78 categories.
Similar to objects in any grasp [6] and YCB dataset [51].
The size of the objects ranges from 1.5 x 1.5 x 1.5¢m? to
19.5 x 14.5 x 25¢m3. Fig 4 shows part of unknown grasping
objects. These objects can be roughly divided into hardware,
fruit, food, toy, and household.

For each detection trial, the grasp pose control module
segments the objects and provides an initial grasp pose in the
scene within 80ms. After learning the human demonstration,
the mean inference speed for each trial is less than 1s.
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TABLE I
SUCCESS RATES OF DIFFERENT METHODS ON REAL NORMAL GRASP.

”DEX.” REPRESENTS DEXNET 4.0. ANY.” REPRESENTS ANY GRASP.

"DEMO.” MEANS THE RESULT AFTER LEARNING DEMONSTRATIONS.

TABLE 11
ATTEMPT-CENTRIC SUCCESSFUL RATE FOR 6-DOF GRASP AFTER
LEARNING DIFFERENT TIMES OF HUMAN DEMONSTRATION. "NO
DEMO” REPRESENTS NO HUMAN DEMONSTRATION.

Object Attempt-Centric Object-Centric Objects Attempt-Centric Success Rate(%)
Success Rate (%) Success Rate (%) No Demo |1 Demo |2 Demos | 3 Demos

Dex [Ours |Demo | Any |Dex |[Ours |Demo | Any Plates 0.0 70.0 90.0 90.0
Hardware 59.4178.0 [89.3 [81.2 [97.2 |97.7 [100.0 |100.0 Bowls 20.0 70.0 90.0 90.0
Ragdoll 87.6(100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0  Mustard source 50.0 40.0 50.0 60.0
Toy 72.8182.0 [84.3 1929 |93.7 |100.0|100.0 |100.0  Small screws 20.0 90.0 90.0 90.0
Food&Snack [ 52.0(85.8 [86.3 |98.3 [93.9 {954 954 |[100.0  Small screwdrivers 50.0 90.0 90.0 90.0
Household |63.5]59.5 [65.0 [84.5 [98.9 [95.0 |100.0 |100.0 Al 78.2 80.6 81.2 81.9
All 7221782 [81.9 [93.3 [97.4 |98.2 [98.7 [100.0

TABLE IIT

The average robot trajectory planning time is 2.9s. The
mean picks per hour (MPPH) mainly depends on the robot’s
moving speed and the gripper’s executing speed. In the
normal grasp experiment, the average pick speed is over 300
MPPH. The experiment results in Table I show the superior
grasping ability in some objects, especially for ragdolls
and foods. Specifically, we achieved 100% attempt-centric
success rate on ragdolls. The attempt-centric successful rates
on hardware (78%), toy (82%), and food (85.8%) objects
are also better than the supervised grasp solution Dexnet 4.0
[52]. The performance on the household is not superior to
the AnyGrasp [6] because the segmentation model does not
use the grasp pose dataset and the RGB-D images provided
in the Graspnet [17]. Before demonstration information is
applied, our self-supervised grasp pose-generating method
lacks key information in grasping unseen objects.

D. Grasping After Demonstration

In this section, we choose the objects with low attempt-
centric success rates in normal grasp experiments and
demonstrate the grasping procedure through the AR-
teleoperation system. To avoid the display error in the AR
teleoperation system, we fine-tune the position of the last
waypoints in the demonstration. The adjustment is based on
the center point of the object. The number of waypoints in
a single demonstration is less than 10 during the demon-
stration. The rotation threshold ¢, = 0.7 and the translation
threshold ¢; = 0.9. During the experiments, we first use the
RGB-D input from the robot camera to segment objects in the
scene and extract the point cloud feature. After that, the point
cloud features are compared with the demonstrated point
cloud features and generate the grasp pose. The contrastive
point cloud learning model is pre-trained in the Shapenet
[49] dataset. For each demonstrated object, we provide
three demonstrations. Table II illustrates the attempt-centric
successful rate for grasping results after learning the demon-
stration. The overall attempt-centric success rate increases
from 78.3% to 81.2% after learning three demonstrations. In
normal grasp experiment, it is difficult for the self-supervised
model to grasp flat objects like plates and some small objects
like screws and small screwdrivers. The framework learns the
6-DoF grasp pose from the demonstrated point clouds and
waypoints. From the results, we also find that the grasping

ABLATION STUDY ON CONTRASTIVE POINT CLOUD LEARNING MODEL

Method |RGB Point Clouds ?l‘ltcec‘;‘fst'g;‘gr(‘% )
No Demo 78.2
Casel v 81.9
Case2 v 79.6
Case3 N N 80.6

ability is enhanced when more demonstrations are provided.
The maximum robot planning time is 0.5 seconds. The
latency of teleoperation in robot manipulation is lower than
0.5 seconds.

E. Ablation Study

In this section, we report the ablation study about the
demonstration learning. Table III illustrates the performance
improvement after using point clouds contrastive learning
(Casel), RGB image contrastive learning (Case2), and the
RGB-D contrastive learning model (Case3). For comparison,
we report the grasp performance without learning demonstra-
tions. The RGB images come from the ImageNet [53] dataset
with the same category label. During training, we normal-
ize the point clouds and use the same data augmentation
methods. We find that solely point clouds learning model
(Casel) provides the most useful information and assists
the system in generating 6-DoF grasp pose. Although RGB
image contains morphological information, the point clouds
may easily adapt the information to the adjustment of 6-DoF
grasp pose.

VII. CONCLUSIONS

This paper proposes a self-supervised 6-DoF robot grasp-
ing framework that efficiently learns human demonstration
via an AR teleoperation system. In our framework, hidden
morphology representation captured from point clouds can be
efficiently learned by the contrastive learning model, which
allows the robot to learn from human demonstrations. We
apply the framework to the AR system to facilitate the
visualization of robot grasping, demonstration recording, and
demonstration learning in robot manipulation. In future work,
we are interested in extending the grasping ability of our
system in a more dynamic environment.
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