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Abstract
In this paper, we introduce a method to obtain high-quality results at a low cost for simulating musculoskeletal characters based on
data from the reference motion through motion capture on two-legged walking through reinforcement learning. We reset the motion
data of the reference motion to allow the character model to perform, and then train the corresponding motion to be learned through
reinforcement learning. We combine motion imitation of the reference model with minimal metabolic energy for the muscles to learn
to allow the musculoskeletal model to perform two-legged walking in the desired direction. In this way, the musculoskeletal model
can learn at a lower cost than conventional manually designed controllers and perform high-quality bipedal walking.
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Figure 1: Median reward per episode. When learning for over 3000

episodes, reward gets about 35.
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Figure 2: Snapshots of walking motion. The results perform

human-like walking motion.
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Figure 3: The comparison of the median rewards per episode
between learning with metabolic energy and without metabolic

energy (pink: metabolic energy, yellow: no metabolic energy)
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Figure 4: Snapshots of walking motion without metabolic energy.
Model tries to walk, but its back can’t hold and model tries to fall,
Without the metabolic energy, the model cannot perform walking

for many reasons.
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