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PIMBS: Efficient Body Schema Learning for Musculoskeletal
Humanoids with Physics-Informed Neural Networks

Kento Kawaharazuka®, Takahiro Hattori!, Keita Yoneda!, and Kei Okada®

Abstract— Musculoskeletal humanoids are robots that closely
mimic the human musculoskeletal system, offering various
advantages such as variable stiffness control, redundancy, and
flexibility. However, their body structure is complex, and muscle
paths often significantly deviate from geometric models. To
address this, numerous studies have been conducted to learn
body schema, particularly the relationships among joint angles,
muscle tension, and muscle length. These studies typically
rely solely on data collected from the actual robot, but this
data collection process is labor-intensive, and learning becomes
difficult when the amount of data is limited. Therefore, in this
study, we propose a method that applies the concept of Physics-
Informed Neural Networks (PINNs) to the learning of body
schema in musculoskeletal humanoids, enabling high-accuracy
learning even with a small amount of data. By utilizing not only
data obtained from the actual robot but also the physical laws
governing the relationship between torque and muscle tension
under the assumption of correct joint structure, more efficient
learning becomes possible. We apply the proposed method to
both simulation and an actual musculoskeletal humanoid and
discuss its effectiveness and characteristics.

I. INTRODUCTION

Various musculoskeletal humanoids that closely mimic
human anatomy have been developed [1]-[4]. These robots
offer several advantages, such as enabling variable stiffness
control through nonlinear elastic elements [5], [6] and allow-
ing continued operation even when muscle rupture occurs
due to muscle redundancy [7]. Furthermore, due to their
human-like structure, they have been developed as systems
capable of directly implementing and verifying human reflex
control and learning mechanisms [8]-[10]. However, the
complexity of their body structure often results in signifi-
cant discrepancies between geometric models and the actual
robot. The reasons for these discrepancies include variations
in muscle paths and the inability of geometric models to
accurately represent the muscles wrapped around the joints.

To address this issue, various methods have been devel-
oped to learn the body schema of musculoskeletal structures,
which captures the relationship between joint angle, muscle
tension, and muscle length from actual data. In [11], a
method was proposed to construct a data table representing
the relationship between joint angle and muscle length,
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Fig. 1. The concept of this study: in musculoskeletal humanoids, efficient
body schema learning can be achieved by leveraging a small amount of
data obtained from the actual robot along with the physical knowledge and
constraints of the musculoskeletal system.

which is updated using actual robot data. In [12], polynomial
approximation was used instead of a data table, and by
differentiating it to obtain the muscle Jacobian, joint angle
estimation was performed. In [13], a neural network was used
as an alternative to data tables and polynomial approxima-
tion, and it was applied to joint angle estimation and control.
However, methods relying solely on joint angle and muscle
length cannot account for factors such as wire elongation
and nonlinear elastic elements. To address these limitations,
other methods have been developed to learn the relationship
between joint angle, muscle tension, and muscle length using
actual robot data [14], [15]. On the other hand, obtaining
a large amount of data from actual robots is challenging,
making it desirable to develop methods that can accurately
learn these relationships from a minimal amount of data.

In this study, we developed a method that enhances the
neural network for the learning of the relationship between
joint angle, muscle tension, and muscle length by incor-
porating constraints based on physical laws, enabling more
efficient learning of the body schema (Fig. 1). We incorporate
the concept of Physics-Informed Neural Networks (PINNs)
[16], which embeds the relationship between muscle tension
and joint torque — assuming that the joint geometric model
is correct — into the loss function. We refer to this approach
as the Physics-Informed Musculoskeletal Body Schema, or
PIMBS. By utilizing this method, not only the data points
themselves but also their differential information can be
obtained, allowing for more efficient body schema learning
from fewer data points. We conducted experiments using
both a musculoskeletal structure in simulation and an actual
musculoskeletal humanoid to evaluate the proposed method
and discuss its characteristics.
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Fig. 2. The basic structure of musculoskeletal humanoids: muscle motors,
equipped with incremental encoders, thermal sensors, and tension mea-
surement units, are attached to the skeleton. Muscle wires extend from
the muscle motors and are connected to the skeleton via nonlinear elastic
elements. The presence of joint encoders depends on the specific robot.

The contributions of this study are summarized as follows.

e Proposal of PIMBS, a method for efficiently learning
body schema from a small amount of data using phys-
ical laws

o Validation of the proposed method on a simulated
musculoskeletal structure

« Application of the proposed method to an actual muscu-
loskeletal humanoid and discussion of its characteristics

II. PIMBS: EFFICIENT BODY SCHEMA LEARNING FOR
MUSCULOSKELETAL HUMANOIDS

A. Basic Structure of Musculoskeletal Humanoids

The general musculoskeletal structure is explained below.
As shown in Fig. 2, the musculoskeletal structure typi-
cally consists of a skeleton, joints, and wires that simulate
muscles. The wires are wound around pulleys attached to
the motor, pass through the muscle tension measurement
unit, and are connected to the skeleton. Nonlinear elastic
elements are attached to the ends of the wires, enabling
variable stiffness control. Muscle length [ is obtained from
the encoder attached to the motor, and muscle tension f is
measured using a loadcell installed in the muscle tension
measurement unit. Joint angle § may or may not be directly
measured depending on the actual robot. However, even
when joint angle measurements are unavailable, they can
be estimated with reasonable accuracy by combining muscle
length variations with data from visual sensors [13].

When the wires do not stretch and nonlinear elasticity is
absent, the following relationship holds using the function
h:

1=h(6) (1)
The derivative of this function with respect to 6 is called the
muscle Jacobian and is denoted by G

Oh(0)

GO = = )

Next, consider the case where the wires can stretch and
nonlinear elastic elements are installed. Let the amount that
the wire is stretched, which varies with joint angle and
muscle tension, be denoted by An(6, f). The following
relationship holds:

j9eom — hgeom(o) (3)
L=h(6,f) = " (6) + An(6, f) 4)
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Fig. 3. The neural network structures for basic body schema learning: the
input consists of joint angles, and in some cases, muscle tension; the output
is the muscle length.

where 19°°™ represents the geometric wire length corre-
sponding to the joint angle, and the actual muscle length
l obtained from the motor is further adjusted by the amount
An. Note that the joint angle is included in An(0, f)
because, in general, the amount that the wire is stretched
depends on the total wire length 19°°™. The muscle Jacobian
is defined as the derivative of 19°°™ with respect to 6.
However, since the variation of An with respect to 6 is
generally much smaller than the variation of h9¢°™ (), the
following approximation is often used:

_ Ohm(0)  0h(0, f)
- o8 0

G(9) ®)

B. Basic Body Schema Learning for Musculoskeletal Hu-
manoids

The general method for learning the body schema of a
musculoskeletal humanoid is described below. Basically, the
body schema consists of a network that outputs muscle length
from joint angle or from joint angle and muscle tension, as
shown in Fig. 3. In other words, the network learns h in
Eq. (1) or Eq. (4) as a neural network.

The learning process is simple. The actual robot is moved,
and the data at each moment, D; = (@datej fdataj jdata) jq
collected. The robot can be moved either by applying random
muscle tension or by commanding muscle length based on a
simple geometric model and adding muscle tension control to
eliminate muscle slack and antagonistic effects. It is assumed
that there is no muscle slack. It should be noted that the
geometric model used here often differs significantly from
the actual robot. The collected data for learning is denoted
as D'"®" with the total number of data points represented
by Ntrein Using these data, learning is performed with the
mean squared error as the loss function, as shown below:

lpred — h(gdata) OR h(edata’ fdata) (6)
1 Te ata
Liasic = e Z(lp d _ pdatay2 )

By using the trained h, the robot can obtain the desired
muscle length I by inputting either 8 or (8, f). Furthermore,
muscle Jacobian G, derived by differentiating h, can be used
for state estimation and torque control. The muscle length 1
is expressed as a relative change, with its value at @ = O set
to 0.
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Fig. 4. The training scheme of Physics-Informed Musculoskeletal Body
Schema, PIMBS.

This general body schema learning is highly effective,
allowing for increasingly accurate learning as more data is
collected. However, in practice, it is often difficult to obtain
large amounts of data, making it desirable to learn with fewer
data points. To address this, we incorporate the concept of
Physics-Informed Neural Networks (PINNs), which leverage
differential equations expressed through network derivatives.
We refer to this network as the Physics-Informed Muscu-
loskeletal Body Schema (PIMBS).

C. Physics-Informed Body Schema Learning for Muscu-
loskeletal Humanoids

An overview of the training scheme of PIMBS is shown
in Fig. 4. In body schema learning, it is generally assumed
that the joint structure (i.e., the positional relationships
between joints and links, as well as link weights) is correct,
and only the relationship between joints and muscles is
learned. Assuming the joint structure is correct, the gravity
compensation torque 7 corresponding to the current joint
angle 0 can be calculated. In musculoskeletal structures, the
following relationship generally holds:

T=-G"(0)f (8)

In other words, by utilizing G, which is the derivative of the
function h represented by the neural network, it is possible to
introduce an additional loss function for learning. Therefore,
the following loss can be defined:

Gp'r‘ed _ ah(e) OR ah‘(07 f)
80 @=@Qdata 80 ezgdata’f:fdata
©)
1
Lpinn — N Z(Gpred,deata + Tdata)2 (10)
where 799 represents the gravity compensation torque for

the joint angle #9%*®, Additionally, constraint conditions can
also be described. When 8 = 0 and f = 0, [ should be 0,
allowing for the definition of the following loss:
1*red = b(0) OR h(0,0)
Lconst = (lpTEd - 0)2

(11)
(12)
By additionally utilizing these losses Lpinn, and Leopnst

alongside Lpgsic, the body schema can be learned more
efficiently. For the experiments, we compare the learning

Simulation

Actual Robot

Fig. 5. The musculoskeletal structures handled in our experiments: 2-DOF
4-muscle musculoskeletal simulation and 5-DOF 10-muscle left arm of the
musculoskeletal humanoid.

performance by varying the loss function L., among
Lbasic (Basic), Lbasic + Lconst (Basic+C0nst), Lbasic +
oLyinn, (Basic+PINN), and Lygsic + Leonst + @Lpinn
(Basic+Const+PINN). Here, « is the weight for the physical
laws. Among these loss functions, Basic is the conventional
approach that has been used in almost all previous studies.
Although there are other methods such as polynomial ap-
proximation and data table-based approaches, they are not
included as baselines in this study due to the difficulty of
making a fair comparison with neural networks. Note that
all displayed loss values are scaled by a factor of 1.0 x 10°
for clearer visualization.

III. EXPERIMENTS
A. Experimental Setup

The experimental setup of this study is described here. In
this study, we use a 2-DOF 4-muscle musculoskeletal simula-
tion, and the 5-DOF 10-muscle left arm of a musculoskeletal
humanoid, as shown in Fig. 5.

First, for the 2-DOF 4-muscle simulation, experiments are
conducted using two formulations defined by Eq. (1) and
Eq. (4). To simplify understanding, the formulation in Eq. (1)
is referred to as the AL-Map (angle-length map), and the
one in Eq. (4) is referred to as the ATL-Map (angle-tension-
length map). Initially, training data for (@, f,l, T) is gener-
ated in simulation. The joint angle is randomly varied within
the range of [—0.5,0.5] [rad]. Once O is determined, the
geometric muscle length 19°°™ and the gravity compensation
torque T are calculated geometrically. During this process,
the stretch An of each nonlinear elastic element is obtained
using the following relationship, and I is then calculated in
the same form as Eq. (4):

f=efA" 1 (13)

where K is a coefficient, set to 1000 in this study. The muscle
tension f is generated by solving the following quadratic
programming problem:

minifmize ffwf (14)
subject to r=-G'(0)f
f Z fmin



IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

where W represents the weighting matrix, which is set to the
identity matrix in this study. Additionally, f™™ represents
the minimum muscle tension. In experiments related to the
AL-Map, f™" is set to a fixed value of 0 [N]. This allows
7, f, and I to be uniquely determined from @, enabling
the construction of a body schema in the form of the AL-
Map. The formulation in Eq. (1) assumes inextensible wires,
but a similar formulation can be applied even when wires
are stretched, as long as I can be uniquely determined from
6. On the other hand, in experiments related to the ATL-
Map, variations in f are also accepted, allowing ™" to be
randomly varied within the range of [10, 300] N during the
calculation of f. In this way, experiments are conducted on
a more complex body schema that takes both @ and f as
inputs.

The following experiments were conducted using the left
arm of a musculoskeletal humanoid [4], which has 5 joints
and 10 muscles. The joint angle of the left arm was controlled
and held stationary repeatedly in a random manner based on
a geometric model. During stationary phases, muscle tension
control was applied to eliminate muscle slack, and data was
collected in this process. Since each muscle is equipped with
a nonlinear elastic element, the body schema was learned in
the form of the ATL-Map.

Details of the body schema learning are as follows. The
body schema is constructed using a neural network with
three fully connected layers. The input dimension is N or
N + M, the number of hidden units is 1000, and the output
dimension is M, where N represents the number of joints
and M represents the number of muscles. A hyperbolic
tangent function is applied after the first and second fully
connected layers. The batch size is set to match N*"%" the
number of epochs is 20000, and Adam [17] is used as the
update rule. The weight o for the physical laws is fixed at
1.0 x 1075 in simulation, while in the actual robot experi-
ments, it is varied among 1.0 x 10{=%=6:=7.-8} (details will
be discussed in Section III-D). Experiments were performed
by varying the number of training data N*"*" and the loss
function, between Basic, Basic+Const, Basic+PINN, and
Basic+Const+PINN. In simulations, a separate evaluation
dataset D" consisting of 1000 randomly generated points
was prepared. The evaluation value L., is defined as the
result of calculating Eq. (7) using D¢’®. In the actual robot
experiments, out of 496 data points obtained from the actual
robot, the data excluding N train points was used as Deval
and L.,, was calculated. The final model selected is the
one with the minimum Ly, ;. obtained from the training data
during all epochs, and the corresponding evaluation value is
denoted as Lb¢s%. In this study, the performance of different
learning methods is compared based on the change in Ly
during the learning process and the final value of Lgf}fltl

B. Body Schema Learning of AL-Map for 2-DOF 4-muscle
Musculoskeletal Simulation

First, we describe the results of learning the body schema
represented by the AL-Map in a 2-DOF 4-muscle muscu-
loskeletal simulation. Here, experiments are conducted by
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Fig. 6. The transitions of L,,; when training AL-Map with 3 data points
in the 2-DOF 4-muscle musculoskeletal simulation.
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Fig. 7. The transitions of L,,; when training AL-Map with 5 data points
in the 2-DOF 4-muscle musculoskeletal simulation.

varying N"%" = {3 5 10}. The results for Nrei" = 3,
Ntrain — 5 and N*%" = 10 are shown in Fig. 6, Fig. 7,
and Fig. 8, respectively. Each experiment was repeated five
times with different random seeds, and the average and
standard deviation of the transition of L.,,; are presented.
This applies to all subsequent graphs as well.

For Ntrein — 3 Basic and Basic+Const show similar per-
formance, while both Basic+PINN and Basic+Const+PINN
exhibit significant performance improvement. For N %" =
5, Basic+Const outperforms Basic, and both Basic+PINN
and Basic+Const+PINN further enhance performance. For
Ntrain — 10, these differences become negligible. As a
general trend, increasing N'"%i" improves overall perfor-
mance, but the performance gap between methods decreases.
Notably, for N train. — 5 hoth Const and PINN contribute
to performance improvement, with Basic+Const+PINN
achieving the highest performance.

Table 1 shows the average and standard deviation of
LYest for each learning method. For N'r®" = {3 5},
Basic+Const+PINN achieves the best performance, reducing
Lgf)ffl by approximately 60-70% compared to Basic. In
contrast, for Ntrein = 10, performance differences become
minimal. Additionally, it is evident that PINN has a greater
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Fig. 8. The transitions of L.,,; when training AL-Map with 10 data points
in the 2-DOF 4-muscle musculoskeletal simulation.

impact on performance than Const.

Fig. 9 shows the relationship between joint angle and
muscle length for Ntrain 5. The relationship in the
geometric model to be learned is labeled as Geometric, while
the relationship derived from the learned body schema is
labeled as Trained, for comparison. The left figure shows
the transition when the first joint is moved, and the right
figure shows the transition when the second joint is moved.
When Const is included in the loss function, the muscle
length is learned to become zero near the origin of the joint
angle, with the transitions of each muscle intersecting neatly
at the origin. On the other hand, more errors are observed
without Const compared to when it is included. When PINN
is included in the loss function, performance is improved,
particularly at the extremes of the joint angle range. Since
the joint angle range is randomly varied, data near the ex-
tremes are sparse, but utilizing gradient information enables
successful extrapolation in these regions.

TABLE I
COMPARISON OF LP¢5t AND ITS VARIANCE FOR FOUR TRAINING

eval
METHODS OF AL-MAP IN THE 2-DOF 4-MUSCLE MUSCULOSKELETAL

SIMULATION.
Method Nt'rain =3 ‘ Nt'ru.in =5 ‘ Ntra'in =10
Basic 17.75 £ 6.10 | 9.70 £ 3.60 0.44 £+ 0.21
Basic+Const 17.44 £ 6.36 | 598 £+ 1.37 0.42 + 0.19
Basic+PINN 12.96 + 5.04 | 5.72 4+ 341 0.29 £ 0.12
Basic+Const+PINN 6.99 + 1.86 | 2.73 + 0.38 0.47 £ 0.23

C. Body Schema Learning of ATL-Map for 2-DOF 4-muscle
Musculoskeletal Simulation

Next, the results of learning the body schema represented
by the ATL-Map in a 2-DOF 4-muscle musculoskeletal
simulation are presented. Here, experiments are conducted
by varying Nr%" = {5 10, 30}. Since the learning is more
challenging than that of AL-Map, the amount of data is set
to be greater than in the case of AL-Map. The results for
Ntrain — 5 Ntrain — 10 and N?%" = 30 are shown in
Fig. 10, Fig. 11, and Fig. 12, respectively.

For N'"@" = 5 the performance is ranked in descending
order as follows: Basic+Const+PINN, Basic+Const, Ba-

sic+PINN, and Basic. For Nt"%"™ —= 10, a similar trend
is observed. For N*@" — 30  Basic+Const+PINN, Ba-
sic+Const, and Basic+PINN show almost the same perfor-
mance, with only Basic showing a slight drop in perfor-
mance. Overall, both Const and PINN have a certain pos-
itive effect, and the combined method Basic+Const+PINN
achieves the highest performance.

Table II shows the mean and standard deviation of
L5t for each learning method. In all cases of N'ein =
{5, 10, 30}, Basic+Const+PINN achieves the highest perfor-
mance, with L% reduced by approximately 20-35% com-
pared to Basic. The performance gap decreases as N'"®"
increases. Unlike in the case of the AL-Map, it is also evident
that Const contributes more to performance improvement

than PINN.

TABLE II
COMPARISON OF L’;‘Zf'fl AND ITS VARIANCE FOR FOUR TRAINING
METHODS OF ATL-MAP IN THE 2-DOF 4-MUSCLE MUSCULOSKELETAL

SIMULATION.
Method ‘ Ntrain _ 5 ‘ Ntrain — 10 ‘ Ntrain — 30
Basic 783.45 £ 114.46 | 176.25 4+ 34.74 | 14.92 £ 3.85
Basic+Const 623.38 & 37.68 146.55 & 35.31 | 12.37 &£ 345
Basic+PINN 706.89 £ 197.87 | 152.92 4+ 32.71 | 12.49 £ 2.76
Basic+Const+PINN | 515.84 & 95.48 132.35 4 20.99 | 11.91 + 2.89

D. Body Schema Learning of ATL-Map for the Actual Mus-
culoskeletal Humanoid

Finally, we describe the results of learning the body
schema represented by the ATL-Map on the 5-DOF 10-
muscle left arm of a musculoskeletal humanoid [4]. Exper-
iments were conducted by varying N®"%" = {10,30}. In
addition to the results obtained with o = 1.0x10~° — as used
in simulation experiments — we also show results for Ba-
sic+Const+PINN with a = 1.0 x 108=6=7=8} For the case
of @ = 1.0 x 1075, the results for N*"*" = 10 and 30 are
shown in the upper parts of Fig. 13 and Fig. 14, respectively.
For Basic+Const+PINN with o = 1.0 x 10{=5—6,=7,-8}
the results for N?7%" = 10 and 30 are shown in the lower
parts of Fig. 13 and Fig. 14, respectively.

First, for @ = 1.0 x 1075, regardless of whether N"%" =
10 or 30, the performance is highest for Basic+Const,
followed by Basic, while adding PINN leads to a degradation
in performance over training epochs. In contrast, when using
smaller values of o = 10{=6:=7=8} this performance
degradation is gradually mitigated.

Table III shows the average and standard deviation of
LYst for each learning method. When N'rein = 10,
Basic+Const+PINN with @ = 10~7 achieves the best
performance. When N®"%" = 3(), Basic+Const+PINN with
a=10"8 performs best. Furthermore, a consistent trend is
observed in which the performance gap decreases as N"ain
increases.

IV. DISCUSSION

The experimental results obtained in this study are summa-
rized here. Regarding the simulation experiments, both Const
and PINN demonstrated a certain level of effectiveness, and
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simulation.

it was found that the combination of these two methods, Ba-
sic+Const+PINN, achieved the highest performance. Which
of PINN or Const has a greater effect depends on the
problem setting. This difference is more pronounced when
Ntrain is gmall, and as N'"*" increases, the performance
gap becomes smaller. In contrast, for the actual robot exper-
iments, applying the same weight a for the physical laws
as used in simulation led to a degradation in performance
when PINN was added. However, by reducing «, this perfor-
mance degradation was mitigated, and Basic+Const+PINN
once again achieved the highest performance, similar to the
simulation results. Notably, in simulation, changing the value

0.6

Joint Angle 2 [rad]

Muscle 4 (Geometric)
Muscle 4 (Trained)

— Muscle 3 (Geometric)
-=- Muscle 3 (Trained)

The relationship between joint angle and muscle length when training AL-Map with 5 data points in the 2-DOF 4-muscle musculoskeletal

of a did not result in significant differences in performance.

Several insights were gained from the experiments. By
introducing the concept of PINN and utilizing the gradient
information within the network, it was possible to ensure
a certain level of performance at the boundaries of joint
angle limits where the amount of data is scarce. When com-
bined with the constraint on returning to the origin imposed
by Const, both quantitative and qualitative performance
improvements were observed. Also, the extent to which
physical laws are considered has little effect in simulations,
where there is no discrepancy between the data and physical
laws. However, in the actual robot experiments, factors like
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points in the 2-DOF 4-muscle musculoskeletal simulation.

friction — difficult to model as static physical laws — introduce
inconsistencies between the collected data and physical laws.
Therefore, when physical laws are weighted as heavily as
in simulation, the model is overly influenced by incorrect
assumptions, leading to a significant drop in performance.
Reducing the weight for the physical laws helps suppress this
degradation while still benefiting somewhat from gradient-
based regularization. However, even with this adjustment,
performance in the actual robot experiments did not reach
the level observed in simulation.

The future outlook for this research is discussed below.
Although this study demonstrated a certain level of effec-
tiveness, when the influence of friction is significant, such

TABLE III
COMPARISON OF Lgffatl AND ITS VARIANCE FOR FOUR TRAINING

METHODS OF ATL-MAP IN THE LEFT ARM OF THE MUSCULOSKELETAL

HUMANOID.
Method | Nirain =10 | Ntrein =30
Basic 29942 £ 7053 | 1941 £ 484
Basic+Const 256.57 + 7248 | 18.99 + 4.38
Basic+PINN (a = 107°) 42332 + 165.67 | 43.16 + 15.87
Basic+Const+PINN (o = 1075) | 449.73 £ 217.19 | 44.27 + 11.03
Basic+Const+PINN (o = 1076) | 409.95 + 212.65 | 22.65 + 4.88
Basic+Const+PINN (o = 1077) | 276.16 + 119.48 | 18.17 + 4.79
Basic+Const+PINN (o = 1078) | 23531 £ 65.11 | 18.39 + 4.51
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Fig. 12. The transitions of L¢,,; When training ATL-Map with 30 data

points in the 2-DOF 4-muscle musculoskeletal simulation.

as in the actual robot, modeling that accounts for this effect
is crucial. In the current static modeling framework, it is
difficult to account for frictional effects that depend on the di-
rection of motion. Although we attempted a simplified model
that considers transmission efficiency, this did not lead to
substantial improvements in performance. Ideally, a dynamic
model that incorporates friction, its resulting dynamics, and
hysteresis effects should be constructed. However, this would
require a greater amount of data, necessitating careful con-
sideration of the balance between modeling complexity and
data availability. Furthermore, in this study, it was assumed
that the joint model was accurate, but in many cases, this
assumption may not hold. Therefore, future work will aim
to develop a formulation capable of handling errors in the
joint model as well.

V. CONCLUSION

In this study, we proposed a new learning method called
Physics-Informed Musculoskeletal Body Schema (PIMBS),
which incorporates the concept of Physics-Informed Neural
Networks (PINNs) for more efficient body schema learning
in musculoskeletal humanoids. This method leverages not
only joint angle, muscle tension, and muscle length data but
also the muscle Jacobian obtained through differentiation, as
well as the relationship between muscle tension and gravity
compensation torque, assuming that the joint structure is
correct. We demonstrate that this approach enables more
efficient body schema learning from a small amount of data
with higher performance than conventional methods in both
simulation and the actual musculoskeletal humanoid. The
performance improvement is more pronounced when the
amount of data is limited. On actual robots, friction can
reduce performance; however, we found that adjusting the
weight for the physical laws helped mitigate this issue to
some extent. In this study, we focused on learning the static
relationship between joint angle, muscle tension, and muscle
length. In the future, we aim to extend this to dynamic rela-
tionships, incorporating the effects of wire friction, viscosity,
and dynamics.
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