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Abstract: The rapid development of the concept of embodied intelligence has increased the requirements for the in-
teraction capabilities of agents with the physical world. During the interaction between intelligent carriers, such as
robots and the environment, tasks that rely primarily on force feedback signals to determine action outputs are known
as force interaction tasks, including component assembly, button operation, and door/window manipulation. To
address the challenges posed by the diversity of interaction objects and the varying force feedback characteristics dur-
ing such tasks, a training method for embodied intelligence was proposed. A training framework for learning ad-
vanced robotic force interaction skills was developed based on the sim-to-real concept, as well as reinforcement
learning, thereby enabling robots to safely, accurately, and adaptively perform force interaction tasks. Considering
the classic robotic force interaction scenario—button operation—as an example, numerous button models were con-
structed in a virtual environment using domain randomization, and the contact phases between the robot and the but-
ton were categorized based on contact stiffness. Thereafter, inspired by human perception of button operation, an
online stiffness estimation algorithm was incorporated, and the proximal policy optimization (PPO) algorithm was

employed to train the button operation skills of the robot in the virtual environment. Finally, the pretrained policy was
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directly deployed onto a real robot through the sim-to-real method, achieving favorable results in real-world experi-

ments. In generalization tests on buttons with different force feedback characteristics, the policy, which was trained

using the proposed method, demonstrated significantly superior generalization performance compared with the exist-

ing approaches.

Keywords: robot; skill learning; force interaction; button operation; reinforcement learning; sim-to-real
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Fig.1 Robot force interaction operation learning framework for button operation tasks
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Fig.2 Piecewise linear fitting of button force feedback data
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Fig.17 Results of generalization experiment for pushing
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