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1 Introduction m s
In order to create a robot with a variety of appealing features, L ‘ & ETURTUR
faCtors related to Shape and behaVIOr are Important Thls can -CatVide;) 2D K;ypoi;ﬂs 3D Ke‘ypo‘in(s Motion language Pre-training and Fine-turning
be seen in the development process of LOVOT, a home robot, > -
where the robot's behavior is designed to match its shape[1]. (Rotot moion Motion language inference I
With the increase in the number of robots operating in the Converted o robot body metien
home, there is a need to create robots with a variety of Fine-turning ALBERT _
appealing features that will attract human attention. PR Rl g
In the robot geometry element, Yamauchi et al. proposed a
design method for robots that prioritizes the appearance of the W o
robot shape [2]. This method enables the automatic design of N\ teaming win i learnin /

robots in engineering.

Robot behavior elements require behavior that is easy for
humans to understand. To achieve this, studies have been
reported using a method called the animation principle [3]. In
addition, there are studies that have applied the expression
method of ballet to the behavior of robots using mathematical
methods [4]. From these studies, knowledge already exists on
how to represent robot behavior to humans in a way that is
easy to understand. However, these robot behaviors have
limited patterns of expressible behavior.

Therefore, the creation of robots with diverse appeal
requires a system that automatically and continuously
generates diverse and continuous actions that attract human
attention and interest. The purpose of this paper is to analyze
whether the data generated by the proposed system is a variety
of actions.

2 Related Work

A related study of continuous motion is the reinforcement
learning method proposed by Peng et al [5]. In this method,
the behavior of a dog is reproduced in a simulation using
motion capture, and this reproduced dog behavior is imitated
with reinforcement learning to enable the robot to perform the
agile and continuous behavior of a dog. However, the behavior
is a continuation of a single dog behavior pattern. Therefore, a
variety of behaviors is not possible.

In this study, a variety of motions on the robot, which have
not been done in previous studies, realize by using our system.

3 MMSE Analysis for Generated Robot Motion Language
with ALBERT

3.1 Overview of the Proposed System

The automatic robot motion generation system using
ALBERT in this research is shown in Figure 1 [6]. The system
consists of two types of learning: learning in ALBERT and
learning on the robot. First, cat videos are collected from
YouTube. In this study, cats are used as samples of different
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Figure 1: Automatic generation system for robot motion

behaviors. 2D key points are extracted from the collected
videos. The 2D key point data is converted to 3D key points.
The 3D key point data is then converted into data consisting
of joints and their relative angles. This data is called motion
language in this paper. By converting the data into motion
language, ALBERT (A Lite BERT), a natural language
processing model, is used for pre-training and fine-tuning [7].
ALBERT is used for this purpose. In addition, the robot learns
the actions of the robot by using ALBERT which has been
trained and adapted to the joints of the robot.

3.2 Implementation

For 2D key point extraction, a method called AnimalPose
was used [8]. In this method, an object is detected by object
detection, followed by a key point extraction of the object. The
2D key points of 20 joints of the cat are extracted.

For the conversion to 3D key points, a method called
C3DPO was used [9]. This method uses two neural networks
to convert 2D key points into 3D key points. The method is
also suitable for cats, which are non-rigid models.

The motion language is defined by each joint and its relative
angle. Table 1 shows an overview of the motion language.
Figure 2 shows the position of each joint in the cat. The joints
are the head, neck, elbow, and knee. The relative angles are
calculated using inverse kinematics on the position of each
joint output by C3DPO. This angle is discretized into 10 equal
parts of 360° from O to 9.

For pre-training ALBERT, data generated by uniform
random numbers for each joint and relative angle were used.
This allows ALBERT to acquire the form of a motion
language.

For fine-tuning, data converted from the video is used. This
allows ALBERT to capture the cat's behavior and generate a
variety of motions. An example output is shown in Figure 3.
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Table 1 Overview of motion language

Alphabet (from a to t) Roll, pitch, and yaw of each joint

Figures (from 0 to 9) Position of joint angle

* Beginning of sequence
# End of sequence
AR

Figure 2 : Cat joint degrees of freedom (Number of
degrees of freedom: red point 3, blue point 2, green
point 1)

4 Motion Analysis with MMSE

The data generated by ALBERT are analyzed to determine
if they are diverse in behavior. As an analysis method,
Multivariate Multiscale Entropy (MMSE), an index that
measures the degree of randomness on multiple time scales, is
used to evaluate the data [10]. Using this method, we analyze
whether the data generated by ALBERT is a variety of motion
by considering a variety of motion as "motion complexity".

Three types of data are used for comparison in MMSE:
random data generated by uniform random numbers,
ALBERT-generated data, and cat transformation data from
video. The number of channels was set to 4 to match each joint
of the cat, and other parameters were implemented with
reference to the proposed paper on MMSE [10].

The results of the MMSE experiment are shown in Figure
4. Each scale factor is analyzed separately. For scale factors 1-
5, there is little difference between the three types of data. For
scale factors 6-20, the ALBERT-generated data has a small
difference from the data converted from the video, and a large
difference from the random data. For scale factors 21-50, the
ALBERT-generated data has a small difference from the
random data and a large difference from the data converted
from the video.

From the above, it can be seen that for scale factors 1-20,
the complexity of the ALBERT-generated data and the data
converted from the video are close, so a wide variety of
motions can be generated. However, for scale factors 21-50,
the complexity of the ALBERT-generated data is lower than
that of the data converted from the video, so there are
challenges in generating a variety of motions.

5 Conclusion and Future Work

In this study, we analyzed whether the output by ALBERT,
trained on data converted from cat videos to motion language,
was a variety of motion. As a validation method, the diverse
motions were considered as motion complexity and MMSE
was used. The results show that diverse motions can be
generated when the scale factor is between 1 and 20.

In the future, we will work to improve the generation of a
variety of mations on the long-term scale identified in this
study. One candidate cause is that ALBERT has an input
length of 512 for training, which may affect the motion
language generation. In order to clarify the cause of this
problem, we will visualize the motions generated with
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Figure 3:Example of ALBERT output (One line of the
motion language shows the joint positions of one frame
of video.)
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Figure 4 : MMSE results

ALBERT to analyze the patterns of motions on a long-term
scale and improve our system.
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