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Realization of Multi Contact Behaviors Using Contact-State Transition Model and Reinforcement
Learning by Musculoskeletal Humanoid

gg ogoooo ol OO0 DLOOOOOO
U ggagoodgoo U gggoodgoo
g gooan g goobooboabood

obOooboooon

Manabu NISHIURA, The University of Tokyo, nishiura@jsk.imi.i.u-tokyo.ac.jp
Kento KAWAHARAZUKA, Yasunori TOSHIMITSU, Yuki ASANO, Kei OKADA, The University of Tokyo
Koji KAWASAKI, TOYOTA MOTOR CORPORATION, DENSO CORPORATION SOKEN,inc

Masayuki INABA, The University of Tokyo

A human-being often does contact-rich behaviors in daily lives. Contact-rich behaviors require
human or robots to handle friction force between environment and their body. We propose contact-
state transition model to achive contact-rich behaviors. The contact-state transition model represents
dynamics of a robot and an environment which contacts with the robot. First, we confirm the effectiveness
of contact-state transition model by conducting the hip shuffle experiment on the chair. Finally, we
conbine contact-state transition model and reinforcement learning, and realize sit back motion in the

musculoskeletal humanoid.

Key Words: Tactile Sensor, Reinforcement Learning, Musculoskeletal Model
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Fig.1 Overview of learning system of contact-rich behav-
iors using contact-state transition.
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3.1 Contact-State Transition Model
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Fig.2 Overview of contact-state transition model.
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Fig.3 MusashiOLegs collecting data to learn contact-

balance model.
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Fig.5 Sitting motion learned in simulation.
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Fig.6 Overview of hip-slide motion using contact-state
transition model.
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Fig.7 MusashiOLegs sits back using contact-state tran-
sition model.
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Fig.8 Task execution using contact-state transition
model and reinforcement learning.
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Fig.9 MusashiOLegs gets in the car.
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