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Abstract— Teleoperation is popular due to its several ad-
vantages, including the ability to control a robot from a
distance and the capacity for the operator to manage the
robot safely. However, teleoperation also presents challenges,
including operational complexity and the requirement for a
certain level of proficiency from the operator. For instance,
when attempting to grasp an object via teleoperation, issues
such as communication delays, inadequate feedback from the
robot to the operator, and the complexity of the grasping tra-
jectory can arise. To address this issue, we propose an intuitive
teleoperation method that facilitates data collection using VR
devices and a technique for generating object-grasping motions
through predictive learning with the collected data. First, we
collect the motion data while the robot is teleoperated using
a VR device. The collected motion data is used to create a
predictive model through predictive learning, which in turn
is used to generate object-grasping motions. This approach
allows us to collect motion data suitable for machine learning
while performing intuitive teleoperation. It also enables the
generation of object-grasping motions with simple operations,
making robot teleoperation experience similar to a VR game.
We evaluated our approach’s ability to generate object-grasping
motion with predictive model. The results show that our
approach can generate object-grasping motions with a certain
level of success. In light of our results, we discussed the factors
that pose challenges to predictive learning and explored the
future prospects of this approach.

I. INTRODUCTION

Recently, industrial robots and humanoid robots have
been increasingly utilized in various applications and en-
vironments. Real-time teleoperation is often employed to
control these robots [1] using a variety of methods, such
as VR devices, motion capture systems, joysticks, and
mice [2]. In particular, VR devices are considered ideal
for teleoperation due to their advantages over traditional
interfaces, as they offer higher fidelity and flexibility for
control and feedback [3]. Teleoperation offers several ad-
vantages as they are generally intuitive to learn and safe,
which is especially important when deploying the robot
at hazardous environments [4]. However, teleoperation also
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presents challenges, requiring a learning and familiarization
phase that is interface-dependent, and largely depends on
the operator’s proficiency to control the robot and fulfill the
task requirements [3]. For example, when attempting to grasp
an object via teleoperation, issues such as communication
delays, insufficient feedback from the robot to the operator,
and the complexity of the grasping trajectory may arise.
To address these challenges, gesture-based teleoperation [5]
and intuitive teleoperation for dual-armed robots using one-
handed gestures [6] have been explored. These studies
propose robot control methods that use gestures to switch
between human teleoperation and autonomous control, where
the robot automatically recognizes and grasps objects.

In recent years, VR games have become increasingly
popular, offering users the ability to interact with virtual
environments in an intuitive manner. For instance, players
can grasp virtual objects by moving their hand near the
object and pressing a button on the VR controller, which
prompts the object to automatically move toward the hand
and simulate a grasping action. This approach allows users
to effortlessly grasp even complex objects, enhancing the
interactivity and intuitiveness of VR games. By eliminating
the need to focus on precise grasping mechanics, this method
reduces both the cognitive and physical effort required,
contributing to a seamless and engaging user experience.

Inspired by this intuitive grasping mechanisms in VR
games, we propose a teleoperation method that leverages
predictive learning to replicate similar grasping experiences
for robots. The objective of this research is to develop a
teleoperation system utilizing a VR device, along with an
assistive teleoperation system which enables a robot to grasp
an object through a simple operation, bringing the robot’s
hand close to the target object and pressing a button on
VR device controller. To achieve this, we first designed a
teleoperation system capable of collecting motion data via a
VR device. This collected data is then utilized for predictive
learning, allowing the robot to grasp objects through a
straightforward button press.

Our evaluation centered on two primary objectives: (1)
collecting object-grasping motion data through teleoperation
using the proposed method, and (2) verifying the accuracy
of the predictive model trained with the collected motion
data. The results demonstrate that our approach effectively
collects robot motion data suitable for machine learning ap-
plications. Moreover, we achieved a certain level of success
in generating object-grasping motions like user experience
from VR games.

We discussed the results and highlighted potential use
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cases that could benefit from the generation of object-
grasping motions. Finally, we conclude our work and outline
future research directions.

This paper contributes by intuitive robot motion data
collection through teleoperation using a VR device and
simplification of grasping objects in teleoperation using
predictive learning.

II. RELATED WORKS

Our approach extends three strands of related research:
intuitive teleoperation, collection of robot motion data, and
generating humanoid robot motions based on a procedural
animation IK Rig method. We discuss each of these as
follows:

Teleoperation is widely regarded as an effective control
method for robots and has been the focus of extensive re-
search [7][8][9]. However, teleoperation—particularly with-
out force feedback—poses challenges for individuals who are
not familiar with robot control [10]. As a result, numerous
studies have explored more intuitive and user-friendly tele-
operation techniques to make control easier [11][12][13][14].

When controlling a robot, collecting its motion data is
crucial. In particular, the motion data collected from a
robot controlled through intuitive teleoperation is more pre-
cise and closely resembles human motion. These data can
be leveraged for motion analysis and applied to machine
learning, enabling improvements in robotic performance and
adaptability [11][15][16].

Stanton et al [11] used a full-body motion capture suit
to teleoperate a humanoid robot. They collected the motion
capture data and utilized it to train a neural network capable
of performing complex tasks. However, the study did not
involve grasping objects. Zhang et al [15] employed a VR
headset and hand-tracking hardware to teleoperate a dual-
armed robot, allowing it to perform complex tasks through
imitation learning, including object-grasping. However, since
the robot used was dual-armed rather than humanoid, its
applicability to Human-Robot Interaction (HRI) remains
uncertain.

Yang et al [17] proposed a method for generating natural
motions that can adapt to various situations for humanoid
robots, using an IK rig. This method is based on the IK
rig, a typical procedural animation technique commonly used
in the animation and game industries. From a 3D model
of the robot, two armatures were created: a humanoid rig
for procedural animation and a robot rig for controlling the
robot. The humanoid rig, which uses procedural animation,
was converted to IK rig animation and applied to the robot
rig to control the humanoid robot. However, this method [17]
is limited to pre-prepared animations and is challenging to
use for real-time robot teleoperation.

In our paper, we developed a real-time teleoperation
system that facilitates motion data collection using VR
devices, building upon the methods introduced in previous
research [17]. We then used the system to collect data on
the object-grasping behavior of humanoid robots, applicable

to HRI, and leveraged the data to enable generating object-
grasping motion through predictive learning. By combining
this motion generation with a teleoperation system, a VR
game-like teleoperation experience is realized, in which the
robot’s hand is brought close to an object, and the motion
of grabbing the object is generated by pressing a foot pedal.

III. PROPOSED METHOD

In this section, we detail our proposed method, which com-
prises three main components: (A) a teleoperation system
utilizing a VR device for intuitive control, (B) a method for
collecting object-grasping motion data, and (C) an object-
grasping motion generation process based on predictive
learning. Fig. 1 shows overview of our proposed method.

A. Teleoperation System Implementation

Fig. 2 shows an overview of the teleoperation system using
a VR device. We control the robot’s VRM [18] model, one
commonly used file format for humanoid 3D models, using
a VR device and the data is transmitted to Unity3D [19].
We used the VRM model due to its two key characteristics:
ease of control with VR devices and its compatibility with
existing methods [17] for controlling humanoid rigs. We then
convert the motion into an IK rig animation for a robot rig
and operate the robot in a similar manner to previous work
[17].

1) Software: Virtual Motion Capture [20] and SteamVR
[21] were software used to control VRM models with VR
devices. Specifically, VRM models in Virtual Motion Capture
were manipulated by VR devices through SteamVR. Easy
Virtual Motion Capture For Unity [22], a Unity3D asset,
was then used to transmit this information to Unity3D.

2) Hardware: We used Meta Quest 3 [23] to teleoperate
a robot and collect robot motion data. AHF-HATSUKI Mk.I
[24] was used as the teleoperated robot, and HatsuHand
Mk.I [25] was used as the teleoperated hands (Fig. 3).
Tundra Tracker [26] was utilized to collect data beyond robot
motion, such as the position of the object to be grasped.

B. Object-grasping motion data collection method

In our motion data collection method, we record the
movement of each joint in the VRM model within Unity3D,
capturing its transform data to serve as the target motion
for the robot. The collected data consists of time-series
information, with both position and rotation being recorded
per frames. In this study, the collected time-series data was
stored as 30 frames of data per second. Specifically, the
position data p is represented as a 3-dimensional vector in
Unity3D’s left-handed coordinate system, while the rotation
data q is stored as a Quaternion, allowing for efficient
representation and manipulation of orientation in 3D space.

We collected grasping a box object motions using this
method. Table. I presents the parameters in the motion data,
which consist of the position and rotation information for
20 joints, including the head, neck, shoulders, arms, elbows,
wrists, and five fingers—these being the moving parts of the
robot. Unity3D represents an object’s position and rotation in
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Fig. 1. Overview of our proposed method

Fig. 2. Overview of our proposed teleoperation system using a VR device

two ways: Global Position and Global Rotation, relative to
the scene’s origin, and Local Position and Local Rotation,
relative to the object’s parent. For the VRM model, we
mainly collected global position and rotation data, while for
the fingers, we specifically recorded local rotation data due to
the importance of the angles relative to the wrist. To simplify
the generation of object-grasping motions, we also included
relative position and rotation data between the left hand and
the box using Tundra Tracker. In total, the motion data is
147 dimensions. Additionally, we attached colliders to left

Fig. 3. AHF-HATSUKI Mk.I, Teleoperated robot and HatsuHand Mk.I,
teleoperated hands

hand and the box in Unity3D to define the initial position of
the grasp and the moment of collision, marking the start of
the grasping (Fig. 4, Fig. 5 and Fig. 6). The object-grasping
motion sequence begins with the collision between the left
hand and the box and ends after lifting the box and holding
it in the air for one second.

C. Predictive learning

Predictive learning is a method that enables the real-
time prediction of actions suitable for real-world scenarios
based on past learning experiences[27]. This approach al-
lows for the performance of flexible actions in untrained
environments or on untrained targets, facilitating efficient
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TABLE I
COLLECTED DATA

Data Description Dimension

VRM Data
except Fingers

Global Position and
Rotation of Head, Neck,
Shoulder, Arm, Elbow
and Wrist on each side

70

VRM Fingers
Data

Global Position and Local
Rotation of Five fingers

on each side
70

Tracker Data

Relative Position and
Rotation between Left
Hand’s Tracker Data

and Box’s Tracker Data

7

Fig. 4. The used Box with Tundra Tracker along side its virtual counterpart
in Unity3D. The small red spheres in Unity3D are used to detect collisions
with left hand during movement. Their placements represent the upper left,
middle, and upper right of the used Box.

learning and generation of actions with minimal teaching
costs. For example, tasks that require flexibility to adapt
to the environment, such as the Put-In-Box task[28], the
door-opening task[29], and the repeatable folding task[30],
have been successfully achieved through predictive learning.
Based on this foundation, we adopted this method to generate
object-grasping motions in this research.

To facilitate learning, we standardized the data collected
through teleoperation with the VR device by calculating the
mean and standard deviation for each item separately. For
items with standard deviations close to zero, the value was
replaced with the overall standard deviation to avoid division
by zero. When creating the dataset, we adjusted the number
of frames in all data to match the longest motion by repeating
the last frame of each motion. This ensured consistency in
the number of frames across all motions.

The model developed through predictive learning is used
to generate object-grasping motions by inferring from the
input of the robot’s posture data and the object’s position
data. Fig. 7 shows the flow of motion prediction using the
generated model. Specifically, the input data is a tensor with
a batch size of 10, 346 frames, and a data size of 147(Table.
I), while the output data is a tensor with a batch size of 10,
200 frames, and a data size of 147(Table. I). The number
of frames in the output data was set to 200 because the
object-grasping motion took approximately 7 seconds during
data collection. Since the data used for predictive learning
is time-series data, we employed the LSTM layer, which is
one of the layers suitable for time-series data analysis [31], in

Fig. 5. Left Hand with Tracker in Unity3D. Green frame detects collisions
with box.

Fig. 6. Real and virtual robot snapshot of the hand while collecting object-
grasping motion data in reality and Unity3D. We defined the start of motion
data collection as the moment when the red ball collided with the left hand
collider in Unity3D, as depicted in the figure on the right.

the predictive learning model. We used PyTorch 1.13.1 for
predictive learning and fixed the seed for random number
generation in PyTorch and Python to 23456. Table. II shows
the parameters used for predictive learning.

The loss function was the average of the mean squared
error (MSE) and the mean absolute error (MAE). Adam
was used as the optimization algorithm. During predictive
learning, since some motions involve initial alignment, which
may result in a lack of information for generating object-
grasping motions, we considered the first 20 steps as a run-up
phase, and the backpropagation of errors in the motion data
is not performed during this period. To enhance the model’s
generalizability, noise was added to the input data with a
certain probability. In each batch, noise was assigned with
a 0.5 probability, and a uniform random value in the range
[-0.5, 0.5] was added with a 0.2 probability to all items.

When generating motions in practice, inference is per-
formed within Unity3D. This inference is triggered by simple
actions, such as pressing a button on the keyboard or VR
controller, based on the settings within Unity3D.
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Fig. 7. The flow of motion prediction using the generated model. By
initially inputting the Observed data, the Context is updated to output the
Predicted data for the next time step. This Predicted data is then used as
input to generate the data for the subsequent time step, and this process is
repeated iteratively.

TABLE II
PARAMETER FOR PREDICTIVE LEARNING

Symbol Description Value
α Learning Rate 0.001

Number of epoch 30000
Execution probability of Dropout layer 0.2

Input data size of LSTM layer 147
The number of hidden layers 2

Dropout ratio 0.2
Input data size of output layer 512

Output data size of output layer 147
β1 β1 of Adam 0.9
β2 β2 of Adam 0.999

IV. EXPERIMENT AND RESULT

A. Experiment setup

In this section, we explains the details of experimental
environment and setup for predictive learning. Experimental
environment includes the following: positioning of the box
and robot, type and number of collected object-grasping
motion data. Setup for predictive learning includes its epochs
and loss curves.

1) Experimental environment: Fig. 8 shows the experi-
mental environment. In this experiment, we collected data on
robot motions for grasping a box-shaped object with its left
hand. Specifically, we gathered 5 data samples for grasping
the box at 5 different positions from 3 directions, resulting
in a total of 75 object-grasping motion data points. The
box positions used for data collection and model accuracy
validation are the 9 positions shown in Fig. 9. These positions
are within the robot’s workspace, allowing it to grasp the
box with its left hand comfortably. For data collection,
we selected positions 1, 3, 5, 7, and 9. We believed that
collecting object-grasping data at the maximum, minimum,
and intermediate positions in the front/rear and left/right
directions would facilitate the generation of object-grasping
motions for untrained positions. In positions on the left side
of the robot — positions 3, 6, and 9 - part of the box was
not touching the desk. We anticipated that predictive learning
would enable the generation of more varied types of object-
grasping motions with data in these positions.

The 3 directions from which the object-grasping motion
is initiated are above, above right, and above left (Fig. 4).

Fig. 8. The experimental environment consists of the teleoperated robot,
hands and the object to be grasped.

By collecting object-grasping motion data from multiple
directions, we aim to generate more natural object-grasping
motions.

2) Predictive learning: We divided 75 data to 53 learning
data and 22 test data. Predictive learning was run for 60,000
epochs. We used the model trained for 30,000 epochs to
validate its performance because training for more than
37,000 epochs resulted in loss explosion.

B. Results

The main objectives of our evaluation are: 1) to collect
object-grasping motion data through teleoperation using the
proposed method, and 2) to verify the accuracy of the model
by applying predictive learning to the collected motion data.
We collected data on grasping a box-shaped object from
three different directions. Subsequently, we generated object-
grasping motions using a model trained through predictive
learning with LSTM, and measured the success rate of these
generated motions. We were able to collect object-grasping
motion data with our propose method. Fig. 10 shows the
movement of the left arm in one of the data. We evaluated the
success rate of the generated object-grasping motions after
the hand was brought close to the box using the predictive
model. A motion was considered successful if the robot
could hold the box in the air for one second. In cases
where the motion generation terminated during the grasping
and lifting process, we considered the motion successful
if the robot could hold the box in the air for one second
after continuing the grasping motion and lifting the robot’s
left arm. The delay between starting the motion generation
and the actual execution of the motion was less than 1/60
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Fig. 9. This picture shows the robot, the box to be manipulated as well as the nine box positions (black labeled on the card board box). We used positions
1, 3, 5, 7, and 9 for data collection. We present images with the box placed positions 1 and 9 as examples. Part of the box in positions 3,6 and 9 was not
touching the desk.

second. We evaluated the success rate across 9 positions (Fig.
9). Positions 2, 4, 6, and 8 were untrained positions. We
generated motions two times from three directions: above,
above right, and above left of the box. In total, we generated
6 motions for each position. Table. III shows the number of
successes and the success rate for generating object-grasping
motions with the predictive model at each position.

Fig. 10. The movement of the left arm joint in the VRM model, included
in an object-grasping motion data

Table. IV shows the distance from the robot and the
success rate of object-grasping motion generation at each

TABLE III
EVALUATION OF OBJECT-GRASPING MOTION GENERATION

Position Number of successes/fails Success rate
1 5/1 83.3%
2 3/3 50%
3 2/4 33.3%
4 5/1 83.3%
5 4/2 66.7%
6 0/6 Failed
7 6/0 100%
8 0/6 Failed
9 0/6 Failed

Total 25/29 46.3%
Trained 17/13 56.7%

Untrained 8/16 33.3%

position. The distance from the robot refers to the distance
between the Spine joint of the VRM model and the box
object in Unity3D.

Fig. 11 shows plots of Table. IV. The correlation coeffi-
cient for this graph was -0.84.

Although the results were less favorable in some positions,
object grasps were still achieved in untrained positions,
indicating potential for generalization.

V. DISCUSSION

First, we demonstrate that our proposed method is capable
of collecting robot motion data suitable for machine learning
applications. Next, we discuss the performance of the models
generated through predictive learning. According to Table.
III, the success rate is lower for positions on the left side of
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TABLE IV
DISTANCE FROM ROBOT AND SUCCESS RATE OF OBJECT-GRASPING

MOTION GENERATION IN EACH POSITION

Position Distance from robot [cm] Success rate
1 22.79485 83.3%
2 26.81186 50%
3 31.58762 33.3%
4 25.21516 83.3%
5 28.30249 66.7%
6 32.95531 Failed
7 27.45277 100%
8 30.54475 Failed
9 35.17581 Failed

Fig. 11. Distance from robot and success rate of object-grasping motion
generation

the robot, specifically positions 3, 6, and 9. We hypothesize
that the issue may arise because a portion of the box does not
make contact with the desk, thereby complicating predictive
learning. As shown in Fig. 11, the further a position is
from the robot, the more difficult it becomes to generate
object-grasping motions. In fact, the success rate of object-
grasping motion generation decreases sequentially across
position columns 1, 4, 7; columns 2, 5, 8; and columns
3, 6, 9. Specifically, the success rate for generating object-
grasping motions at positions 6 and 9, where the box is
farther from the robot and a portion is not in contact with the
desk, failed. In contrast, the success rate at learned positions,
excluding positions 3, 6, and 9, was 83.3%, whereas at
unlearned positions, it was 44.4%. While the success rate
was not particularly high in certain positions, the results
highlight valuable insights. For instance, the system achieved
a success rate of 33.3% in untrained positions, suggesting a
degree of generalization beyond trained data. Additionally,
the 56.7% success rate in trained positions indicates that
the proposed data collection method effectively supports
the framework’s objectives. These findings suggest steady
progress toward enabling predictive learning and generating
grasping-motions.

The primary reasons for the failure of generating object-
grasping motions are as follows: the left hand was positioned
behind the box, the box fell off the desk during the grasp

attempt, and the hand mistakenly attempted to grasp the
portion tracker attached, resulting in improper lifting. In this
experiment, only the relative position data between the left
hand and the box was collected to simplify the learning
process. Consequently, it is believed that the box was unable
to accurately predict how far to reach and how to move the
hand when it was positioned far away. HatsuHand Mk.I, the
hand used in this study, has one degree of freedom (DOF)
for each finger, totaling 5 DOFs. However, it was sometimes
challenging to grasp objects during teleoperation with this
hand. We hypothesized that adding a DOF to the thumb base
would make the grasping motion easier. In addition, we used
LSTM as the predictive learning model due to its suitability
for time-series data analysis in this study. However, it would
also be worthwhile to explore training with other models.

In this experiment, the extent to which object grasping via
teleoperation was made easier by the proposed method was
not evaluated. As part of a user study, it would be possible
to assess this aspect by comparing the time taken to lift an
object using the proposed grasping motion generation with
and without the use of the method, among users who are not
familiar with robot teleoperation through a VR device.

Use cases for generating object-grasping motions include
applications such as robots performing handshakes or selling
products. In these scenarios, the robot must be capable of rec-
ognizing objects and autonomously grasping them at the ap-
propriate moment. For instance, in a handshake scenario, the
robot would need to recognize the other person’s hand and
perform the handshake with natural movements. Similarly,
in a product-selling scenario, the robot would autonomously
grasp an item and hand it over to the customer. In such tasks,
accurate and swift object grasping can significantly enhance
the robot’s usability and efficiency.

VI. CONCLUSION AND FUTURE WORK

In this study, we propose a method for robot teleoperation
that utilizes a VR device to collect motion data and generates
object-grasping motions through predictive learning using the
collected data. First, motion data is collected while the robot
is teleoperated using a VR device. The main advantages of
this approach are that the VR device facilitates more intuitive
robot teleoperation and enables the collection of natural
motion data suitable for machine learning. The collected
motion data is used to create a predictive model through
predictive learning, which in turn is used to generate object-
grasping motions. The primary benefit of this method is its
applicability to robot teleoperation with a user experience
similar to VR games, allowing objects to be grasped with
simple movements. The success rate of the grasping motion
generation was evaluated, demonstrating that the proposed
method can produce a certain degree of effective object-
grasping motion.

Our future work is focused on two main directions.
First, as an extension of this research, the method can be
applied to various types of objects. In addition to grasping
objects, it could potentially be used to grasp tools and
operate them with simple actions, similar to interactions
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in VR games. Furthermore, introducing alternative meth-
ods for recognizing the object’s position, such as camera-
based recognition instead of using trackers, could improve
adaptability for generating object-grasping motions for new
objects. Secondly, this research can also be applied to HRI
(human-robot interaction) scenarios such as handshakes and
product sales, which were mentioned as use cases earlier.
By utilizing object-grasping motion generation, robots can
perform these tasks and provide customers with a new and
innovative experience.
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