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Multibody dynamics (MBD) is an effective method for analyzing the
inverse dynamics even for flexible body movements in sports. The abso-
lute nodal coordinate method (ANCF) is a candidate to be able to treat
elastic materials embedded in the multibody system, known as fMBD.
We believe that the core of these theoretical approaches provides an
invaluable comprehensive perspective beyond try-and-error data-driven
approaches. Our “flexibility biomechanics” represents system properties
involving tenacity, spring-back and viscosity in dynamics, which are
inspired from a brain-body coordination as the solution of required
tasks in a specific environment. We will introduce an example of assis-
tive devices that compensates for muscular strength deficiencies in the
human body and its fMBD analysis. We also hope to introduce an out-
line of how it can be implemented not only in MATLAB but also in
Python with the SymPy module.
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In recent years, research combining multibody dynamics (MBD)—which
consists of multiple rigid bodies and links—with machine learning meth-
ods that incorporate physical laws, such as Physics-Informed Neural
Networks (PINNs) and Neural Ordinary Differential Equations (Neural
ODEs), has been gaining attention. PINNs are a technique that trains
neural networks by embedding physical laws into the loss function,
thereby ensuring physical consistency during learning. Neural ODEs, on
the other hand, treat neural networks as components of differential
equations, enabling the modeling of dynamic systems in continuous
time. By integrating these methods with MBD analysis, it is expected
that improvements in simulation accuracy, faster computation, adapt-
ability to partially unknown systems, parameter estimation, and design
optimization can be achieved. This presentation will explain the basic
structure of PINNs and Neural ODEs, introduce the latest trends from
related MBD research groups, and present case studies using manipula-
tors as examples. Finally, it will discuss the future prospects of these
technologies for industrial applications.
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Transferring High-Fidelity MBD Models to Real-Time Engines for Autonomous Robotics

The industry surrounding autonomous unmanned systems, including humanoid robots and self-driving cars, is experiencing explosive
growth and interest. Alongside this trend, simulation technologies used for developing such systems—such as NVIDIA Omniverse,
Cosmos, and robot simulators like MuJoCo, Gazebo, and CoppeliaSim—are also rapidly advancing. While simulations have shown signifi-
cant achievements at the macroscopic level,such as path tracking for autonomous vehicles, there is still room for improvement at the
microscopic level, such as robotic gripper contact in industrial robots.

Multi-body dynamics (MBD) is a well-established field with strengths in solving these challenges. By integrating MBD into the simulation
of autonomous unmanned systems, a broader range of industries could benefit from high-fidelity simulation technologies. This presen-
tation introduces methods for transferring MBD models created in commercial MBD software (RecurDyn) into real-time 3D engines
such as Unity and Unreal, and discusses techniques for improving the accuracy of these models.

The motivation for porting MBD models to real-time 3D engines is to enable interaction with dynamic environments using sensors such
as cameras and LIDAR. This interaction is crucial for developing and validating its software. To ensure that software developed in simu-
lation works reliably in real-world applications, the simulation-to-reality (Sim-to-Real) gap must be minimized. Al techniques such as Phys-
ics-Informed Neural Networks (PINNs) and Sparse Identification of Nonlinear Dynamical systems (SINDy) have been explored for this
purpose.

In this presentation, we demonstrate how SINDy, a machine learning-based approach, can be used to model and improve friction behav-
ior in a manipulator MBD model, and how the resulting model can be applied in a real-time 3D environment.
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