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Abstract— Various robots have been developed so far; how-
ever, we face challenges in modeling the low-rigidity bodies of
some robots. In particular, the deflection of the body changes
during tool-use due to object grasping, resulting in significant
shifts in the tool-tip position and the body’s center of gravity.
Moreover, this deflection varies depending on the weight and
length of the tool, making these models exceptionally complex.
However, there is currently no control or learning method that
takes all of these effects into account. In this study, we propose
a method for constructing a neural network that describes the
mutual relationship among joint angle, visual information, and
tactile information from the feet. We aim to train this network
using the actual robot data and utilize it for tool-tip control.
Additionally, we employ Parametric Bias to capture changes in
this mutual relationship caused by variations in the weight and
length of tools, enabling us to understand the characteristics of
the grasped tool from the current sensor information. We apply
this approach to the whole-body tool-use on KXR, a low-rigidity
plastic-made humanoid robot, to validate its effectiveness.

I. INTRODUCTION

Various types of robots have been developed over the
years. While there are robots with high rigidity and strong
force capabilities, commonly found in industrial applications
[1], [2], there exist low-rigidity robots constructed with rub-
ber or plastic-made links and joints [3], [4]. The development
of these robots can be driven by different factors, such as the
pursuit of flexibility in soft robotics [5], cost considerations,
or the need for lightweight design. While high-rigidity robots
are easier to model and can execute precise movements,
low-rigidity robots pose challenges in modeling due to the
flexibility of their joints and links, which can deform in
response to posture and external forces. Particularly, although
it is possible to apply standard kinematics and dynamics
when only the joints have low rigidity, when both joints
and links exhibit low rigidity, modeling becomes exceed-
ingly difficult and the application of conventional methods
becomes problematic. Methods considering the flexibility of
these joints and links have been developed [6], [7], but
they still face numerous challenges including the necessity
for multiple assumptions and computational complexities
when dealing with multi-link systems. In tool-use on low-
rigidity robots, the deflection of the body changes due to
object grasping, leading to significant variations in the tool-
tip position and center of gravity. Furthermore, the amount
of the deflection can vary based on the weight and length of
tools, further complicating their modeling. In the context of

L The authors are with the Department of Mechano-Informatics, Graduate
School of Information Science and Technology, The University of Tokyo,
7-3-1 Hongo, Bunkyo-ku, Tokyo, 113-8656, Japan. [kawaharazuka, k-
okada, inaba] @jsk.t.u-tokyo.ac.jp

979-8-3503-8457-4/24/$31.00 ©2024 IEEE

583

LA (e

Tool-Tip Position x -
P {T:‘Tool-ﬁp Screen Coordinates ;0 ‘ i

|

|

|

|

! _
Xtool ] Stool

i —

|

Training

Mutual Xcog ]
~ Relationship

w/
Parametric
Bias

e 1

Low-rigicfity Plastic-made . T'L Oﬁline Updater -
Humanoid KXR

Fig. 1. The concept of this study: learning the mutual relationship among
joint angle, center of gravity, tool-tip position, and tool-tip screen coordi-
nates for adaptive whole-body tool-use of low-rigidity robots considering
the changes in tool weight and length.
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soft robotics, various methods have been developed to learn
kinematics and dynamics from flexible and diverse sensors
[8]-[10]. However, there is currently no method capable
of handling changes in the body due to variations in tool
grasping.

In this study, we develop a method for controlling tool-
tip position considering deflection, using a neural network
that describes the mutual relationship among joint angle,
visual information, and tactile information for tool-use on
low-rigidity robots (Fig. 1). Additionally, since this deflection
varies depending on the weight and length of the grasped
tool, we estimate this variation from current sensor infor-
mation using the mechanism of Parametric Bias (PB) [11]
to achieve more accurate control. PB is a mechanism that
can implicitly embed multiple attractor dynamics within a
neural network, and in this study, we utilize it to embed
changes in the mutual relationship among sensors. Previous
studies on learning-based tool-use have explored various
methods for tool selection [12], motion planning [13], and
tool understanding [14], but all of them have been conducted
with rigid-bodied robots, and few have considered the center
of gravity. In the context of imitation learning, methods
considering flexible joints exist [15], but flexible links have
not been taken into account. Furthermore, since imitation
learning requires human demonstrations, its purpose differs
from our study, which aims to enable robots to learn the mu-
tual relationship among sensors on their own body. Other ap-
proaches using reinforcement learning [16] or self-supervised
learning [17] exist, but none of them have considered the
flexibility of joints and links, as well as the resulting changes
in the body’s center of gravity. While gradual changes in tool
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and Tool-Tip Controller for Low-Rigidity Robots.

grasping states have been considered in some methods [18],
our study is novel in that it incorporates tactile information
and different visual information, considering the weight and
length of tools and the resulting body deflection.

The structure of this study is as follows. In Section II,
we discuss the proposed Whole-body Tool-use Network with
Parametric Bias (WTNPB) and the overall system, cover-
ing the network structure, network training, online update,
and control using this network. In Section III, we present
experimental results using both a simulation and the actual
robot, focusing on network training, state estimation based
on online update, and tool-tip position control. Additionally,
we perform an integrated tool-use experiment with the low-
rigidity humanoid KXR to open a window. In Section IV,
we reflect on the experimental results and outline future
prospects. In Section V, we provide our concluding remarks.

II. WHOLE-BODY ROBOTIC TOOL-USE LEARNING FOR
Low-RIGIDITY ROBOTS

The overall system, including the Whole-body Tool-use
Network with Parametric Bias (WTNPB) proposed in this
study, is illustrated in Fig. 2.

A. Network Structure

Consider a robot holding a tool in its hand. In this
scenario, the network structure of WTNPB can be expressed
as follows,

T

al = (0" zl, =l sha) O

z = hepe(x, m, p) 2)

x = hgec(z) 3)
h(z,m,p) = hiec(hene(z, m, p)) “4)

where 6 is the commanded joint angle of the robot, o4
is the center of gravity position of the robot, Xy, is the
tool-tip position in 3D space, Sy is the tool-tip screen
coordinates on the camera image, m is the mask variable
(will be explained later), p is Parametric Bias (PB) [11], and
z is the latent variable. Furthermore, h.,. is the encoder
network, hg.. is the decoder network, and h is the entire
network combining these encoder and decoder networks.
As detailed in Section III-A, we use a low-rigidity plastic-
made humanoid robot, KXR [4], for our experiments. We
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System overview of Whole-body Tool-use Network with Parametric Bias (WTNPB) including Data Collector, Network Trainer, Online Updater,

define 6 as (6, 05—y 0c_p 0O.p)", representing the
commanded joint angle, which include shoulder pitch and
yaw angles (s-p, s-y), elbow pitch angle (e-p), and ankle
pitch angle (a-p) of KXR. we limit the dimensionality of 0
to simplify data collection. The center of gravity position,
Tog (Zeog ycog)T, is calculated from I-axis tactile
sensors placed at the corners of each foot (assuming that
the feet remain aligned during tool-use, and disregarding
the z-direction). @, represents the 3D position of the tool
tip recognized using AR markers. sy, represents the 2D
position of the tool tip recognized using AR markers or color
extraction. The variable m is used to capture the relationship
among multiple modalities contained in . Since & contains
four modalities, m is a 4-dimensional vector, where a value
of 1 indicates the use of each modality, while O indicates
its non-use. For example, when mT (1 1 0 O),
the input «” consists of (OT :IJZ:,g o” OT), meaning
that all « are reconstructed from a subset of a through
z, forming a network structure. The choice of m is not
arbitrary, and it requires defining a feasible set M. In this
study, as @ serves as both sensor data and commanded
values, masks related to @ with a value of 1 in m are all
feasible. Additionally, we assume that @ can be inferred
from all other modalities. Therefore, we define M as
{(1000),(1100),(1010),(1001),(1110),(1101),
(1011),(0111)}. This enables the system to adapt to
the absence of certain modalities during online update and
control. Finally, p represents PB that captures changes in
the mutual relationship among sensors due to changes in
the length and weight of the tool. In this study, we consider
it as a 2D vector. Increasing the dimensionality of p makes
it challenging to structure the space of PB and prone to
overfitting, but it allows capturing various changes in the
mutual relationship.

In this study, the overall network structure consists of
7 layers. Regarding the number of units, the input is 17-
dimensional, composed of 11 dimensions from x, 4 dimen-
sions from m, and 2 dimensions from p. The intermediate
layers have the following sizes: {200, 50, 8, 50,200}, and the
output is 11-dimensional corresponding to x. The middle
layer with 8 units represents the dimension of the latent
variable z. We employ the hyperbolic tangent activation
function and the Adam optimizer [19] for update. During



training, the network input and output are normalized using
all collected data.

B. Training of WINPB

First, we collect data for various tool states (weight and
length), denoted as k£ (1 < k < K, where K is the total
number of tool states used for training), in different poses,
represented as Dy = {x1, - - ,xn,}, where Nj is the
number of data points for tool state k. Additionally, we
prepare Parametric Bias pj as a learnable input variable
for each tool state k£ (all p are initialized to 0). It is
important to note that there is no need to explicitly know
the specific weight or length of the tools, as the space of PB
self-organizes implicitly. We generate the dataset Dyyqin =
{(D1,p1), - ,(Dn,,Pn,)} and train h using this dataset.
During training, py, is common for data Dj, but varies across
different tool states. The training process involves updating
the network weight W and py (1 < k < K) simultaneously
using backpropagation. Furthermore, we randomly select
m from M as a network input. This mechanism allows
information about tool state k to be embedded in each py,
while the space of p self-organizes based on the tool state.

The training process consists of two stages. First, we vary
the tool state in a simulation to collect data and calculate
W and pg. In this stage, we generate data by randomly
moving 6 within a specified joint angle range. s;,,; and
Tcog are computed using camera models and kinematic
models. For low-rigidity robots, we make a simple model
for joint error based on joint torque to obtain data, which
assumes an angular deflection of 3.07 (7 is joint torque
[Nm]). Subsequently, we retain only the computed W from
the simulation and initialize p; to 0. Second, we collect
data using the actual robot and perform fine-tuning. To
facilitate data collection, AR markers are attached to the
tool tip, allowing us to collect all values of @, including
Tio0r ANd Syo0;. We employ two methods for data collection.
One involves direct human teaching of 6 via a GUI, with
data collected for each specified pose. The other method
randomly decides € in a simulation, while ensuring that the
center of gravity remains within the support area and the
tool-tip position is visible from the camera. By imposing
strong constraints on the center of gravity position, we can
collect data safely within the range of stability, even if
there are differences between a simulation and the actual
robot. Since the actual robot data is limited, fine-tuning is
performed using data from a simulation to adapt to real-world
conditions.

C. Online Update of Parametric Bias

When grasping a new tool, it is necessary to update
information about its length and weight. Therefore, data
is obtained by moving the robot body, and online update
of Parametric Bias p is performed. For any value x; in
x, if it can be obtained and is sufficiently different from
the previously collected value (||z; — xt""||y > Conline,
where x!"®" is the previously collected z; and C{™"¢ s

a threshold), all values of x that can be obtained at that
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moment are collected as data. The online update begins
when the obtained data count N°™"¢ exceeds a threshold
Ngrtine and continues with each subsequent data collection.
The weight W is kept fixed, and only p is updated with a
batch size of N7 and a number of epochs of NZniine.,
The update rule uses Momentum SGD with a learning rate of
0.01. Data is limited to a maximum of Ngnline (Ngnline <
Norbiney - and data exceeding this limit is removed in a
first-in-first-out manner (N°nine < Nonliney By keeping
the network weight W fixed and updating only the low-
dimensional PB, overfitting is prevented while updating only
the tool state. It should be noted that a mask m, which
indicates 1 for all the obtained data in 2, must be included in
the set of feasible masks M. Using this m, z is calculated,
and losses are computed only for the obtained data in the
output . The more data we obtain for x, the better the online
update should work. In this study, the tool-tip position &,.;
is obtained using AR markers only during the training data
collection. During online update, the AR marker obstructs
tool manipulation, so the tool tip is painted red for color
recognition and acquisition of St,o; , but x4y, cannot be
obtained. Therefore, p is updated from {0, Zcog, Stooi }-

In this study, we set Ceoprect = {10 [deg], 3 [mml],

20 [mm], 100 [px]}, Ngiine = 5 Ngrline — Nonline,
Ngnline — 5, and Ngiline = 100. Additionally, the data

collection is performed at 5 Hz.

D. Control using WINPB

The control of the tool-tip position is achieved through
optimization using backpropagation and gradient descent.
The optimization process is as follows,

_ pred ref d
L= lwiis = @ille + olloy — zigll: - ()
2Pt 2Pt 4 QL )0z P (6)
where 2]/ is the commanded tool-tip position, wlel s

the commanded center of gravity position (in this study,

T ) . .
xlel = (0 0)7), z°P' is the value of z being optimized,
1{7:;‘?1 cog) 18 the predicted @ (1001 coq) derived from 2Pt o

is the weight of the loss function, and ~ is the learning rate.
In essence, this control aims to bring the tool-tip position
closer to the commanded value while maintaining the center
of gravity position at the center of the foot. The initial value
of z°! is obtained using predictions from w?:fol,cog} and
the corresponding m through h.,.. We update z°P" from
the loss L and send @ computed from the final z°P! to the
robot. Regarding +, a set of IV, gg;jf,;“ol ~ values, exponentially
divided within the range [0, Ymaz], is prepared. For each
v, Eq. 6 is executed, followed by loss calculation using
Eq. 5. This process is repeated for N:I‘jgjgd iterations, and
z°P! with the smallest loss is selected. By experimenting
with various v values and selecting the best learning rate,
faster convergence can be achieved. Additionally, we can
incorporate a term like ||@77°? — 9<% ||, (where @{Predscur}
is the predicted or current value of @) into the cost function L
if we wish to minimize the movement of joint angle from the

current value, or ||s”7? — s7¢/ || (where s{P"¢4"/ g the

tool tool tool 1



Short Long

- Length (Grasp Point)| (176 mm) (236 mm)

Light (40 g)

e 501) O ——
SR ===
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Fig. 4. The change in tool-tip position and center of gravity when handling
tools with different weights.

predicted or commanded value of s;,.;) if the desired tool-tip
screen coordinates on the camera image are obtained.
In this study, we set a = 0.01, Ypae = 0.1, NEoPErol —

batch
30, and Neowirel = 30
’ epoch .

III. EXPERIMENTS
A. Experimental Setup

In this study, we utilized a low-rigidity humanoid robot,
KXR [4], made of plastic, as shown in Fig. 1. Three different
tool weights (Light: 40 g, Middle: 80 g, Heavy: 120 g)
were prepared, as depicted in Fig. 3. Additionally, based on
the grasped positions of these tools, we defined two lengths
(Short: 176 mm, Long: 236 mm), resulting in a total of six
tool states. In Fig. 4, we illustrate the variations in the tool-tip
position and center of gravity (COG) when holding tools of
different weights. Even when using tools of the same length,
due to the low rigidity of the hardware, there is a significant
difference in the tool-tip position (about 50 mm) and the
center of gravity position (about 15 mm) when holding a 40
g tool compared to a 120 g tool. Similarly, when the tool
length changes, both the tool-tip position x4,, and screen
coordinates S;,,;, as well as the center of gravity position
Tcog, change accordingly.

B. Simulation Experiment

The joint angle was randomly varied in a simulation,
resulting in 500 data points for each tool state and a total of
3000 data points. The results of applying Principal Compo-
nent Analysis (PCA) to PB obtained when training WTNPB
using this data are shown in Fig. 5. It can be observed that
each PB aligns neatly along the axes of tool weight and
length.
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Next, we demonstrate the accurate recognition of the
current tool state through online update of PB. The tool was
set to Long/Light or Short/Heavy states, and PB was updated
online while sending random joint angles to the robot. The
transitions of PB during this process are illustrated in Fig.
6 (long/light-traj and short/heavy-traj). It can be observed
that the current PB values gradually approach the trained
PB values for Long/Light or Short/Heavy. Additionally, we
consider how online update is affected by data from different
types of sensors obtained during operation. Regarding visual
information, when an AR marker is attached to the tool tip,
{® 1001, Stool} can be obtained, but without an AR marker,
only Sy, can be obtained based on color recognition.
Furthermore, if the tool tip is not within the visual field,
only the values {6,x.,,} can be obtained. Therefore, in
this study, we examine how PB values transition in three
scenarios of data availability, A: {0, Zcog, Ttools Stool}» B:
{0, xc0oq, Stoor}, and C: {0, x.o4}. Here, we start from the
trained PB for Short/Middle and investigate the case when
handling the Long/Middle tool. The results are presented
in Fig. 6. A (short2long-A) uses the same sensor types as
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the earlier long/light-traj and short/heavy-traj scenarios, so
the PB quickly transitions and the tool state is accurately
recognized. B (short2long-B) exhibits a slower transition
compared to A, requiring more time to accurately perceive
the tool state. C (short2long-C) shows that while the PB value
is progressing in the correct direction, it has not reached the
point of accurate recognition.

Finally, we conduct control experiments incorporating
online update of PB. We initiate the current PB as
Long/Light, and sequentially transition the actual tool states
to Long/Heavy and Short/Heavy. It should be noted that in
order to promptly adapt to tool changes, we set Nomine — 5,
Random :c:;fl values within the specified range are provided,
and tool-tip control using WTNPB is executed to track these
references. The transition of PB during this process is shown
in Fig. 6 (control-traj). It can be observed that PB transitions
from Long/Light to Long/Heavy and then to Short/Heavy as
intended. The control error | |m:§({l — 001 |2, center of gravity
(COG) error ||a:’c"§£ —&cog|2, and their moving averages over
five steps are shown in Fig. 7. Initially in the Long/Heavy
state, we can see a slight reduction in control error and a
significant decrease in COG error by the update of PB. In
the subsequent transition to the Short/Heavy state, significant
changes in control error are observed, while there is no
significant variation in COG error.

C. Actual Robot Experiment

In this study, approximately 480 data points were obtained
by collecting data with a GUI interface (60 data points) and
with randomly specified joint angles (20 data points) while
changing the tool states. The results of applying PCA to PB
obtained during fine-tuning using this data are shown in Fig.
8. It is evident that each PB is self-organized neatly along
the axes of tool weight and length.

Next, we demonstrate the ability to accurately recognize
the current tool state through online update of PB. PB was
updated online while setting the tool state to Long/Light or
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Short/Heavy, and sending random joint angles to the robot.
The transitions of PB during this process are also shown
in Fig. 8 (long/light-traj and short/heavy-traj). It can be
observed that the current PB gradually approaches the trained
PB of Long/Light or Short/Heavy.

Finally, an evaluation of control errors was conducted. We
compared control errors for the Long/Middle tool state when
solving whole-body inverse kinematics using a geometric
model, when using WTNPB trained with the simulation data
including joint deflection, and when using WTNPB fine-
tuned with the actual robot data. The results comparing the
average and variance of control errors for five w:;{l are
shown in Fig. 9. It should be noted that PB used with WT-
NPB is the value obtained during training for Long/Middle.
The geometric model exhibits the largest error, followed by
training from the simulation data with joint deflection, and
finally, the smallest control error is achieved after fine-tuning
in the actual robot.

D. Integrated Experiment

We conducted an integrated experiment that combined
online update and tool-tip position control on the actual
robot. The task involved using the tool to open a window
located at a high position. We initiated the PB in the
Short/Heavy state and the robot grasped the Long/Light tool.
While performing random movements, the current PB was
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updated online and then the robot positioned itself in front
of the window by walking sideways. The 3D position of the
window was recognized from an AR marker attached to it.
Subsequently, the robot extended the tool-tip position to the
left of the window by 60 mm and then moved it 80 mm to
the right to open the window. The entire sequence of actions
was successful, demonstrating the feasibility of a series of
tool manipulation tasks on a low-rigidity robot.

IV. DISCUSSION

We discuss the experimental results. First, both the sim-
ulation and actual robot experiments have revealed that the
space of PB self-organizes regularly. Our learning method
has demonstrated the implicit embedding of tool properties
such as length and weight into the network through PB.
It is also shown that the current tool state can be updated
and understood from current sensor information. Moreover,
the accuracy of online update depends significantly on the
quantity and quality of available sensors, emphasizing the
importance of collecting as many sensor data as possible
for higher precision and faster convergence. Second, control
experiments in a simulation demonstrated that online update
of the tool state leads to improved control precision of
the tool-tip position. Depending on the choice of the loss
function, not only the tool-tip position but also the control
of the center of gravity can be achieved, allowing for whole-
body tool manipulation while maintaining balance. Third,
actual robot experiments have highlighted the significance
of fine-tuning with the actual robot data. Control accuracy
improves sequentially with training from a geometric model
that does not consider deflection, incorporating deflection
into the geometric model with network training, and fine-
tuning with the actual robot data. By combining these
approaches, it has been demonstrated that even low-rigidity
robots can perform whole-body tool-use considering visual
and tactile sensor information.
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We discuss the future prospects of this study. Currently,
mask variables are arbitrarily determined by humans, but
they should be automatically acquired by extracting corre-
lations of sensors from experience. Furthermore, in robots
equipped with numerous sensors, higher versatility can be
achieved by automatically determining the input and output
variables to be used. Also, while this study focused on a
small humanoid robot, we anticipate that larger humanoid
robots may face a variety of challenges. In particular, there
is a need for deeper discussions on how to prevent falls and
how to safely move the body randomly. In the future, we aim
to eliminate human intervention and achieve robots with new
levels of autonomy.

V. CONCLUSION

In this study, we developed a method for a low-rigidity
plastic-made humanoid to learn the mutual relationship
among its joint angle, center of gravity, tool-tip position,
and tool-tip screen coordinates, and to consider changes in
the relationship due to variations in tool weight and length
for whole-body robotic tool-use. To facilitate the learning
of the mutual relationship, we introduced a mask variable
to effectively capture correlations between four different
modalities, enabling the robot to adapt to partial modality
data loss during online update and control. By utilizing
Parametric Bias as a learnable input variable, the internal
network representation of weight and length variations for
each tool is organized without explicit labeling, allowing
the robot to estimate the tool state from current sensor
information. We updated latent variables from loss functions
related to visual and tactile information, enabling precise
tool-tip position control while considering deflection and
center of gravity changes. Moving forward, we aim to ex-
plore automatic construction of mask variables and network
input-output variables, as well as conduct experiments with
life-sized humanoids.
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