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Abstract
In this paper, we present a simple and fast supervised learning framework based on model predictive control so as to learn motion
controllers for a physic-based character to track given example motions. The proposed framework is composed of two components:
training data generation and offline learning. Given an example motion, the former component stochastically controls the character
motion with an optimal controller while repeatedly updating the controller for tracking the example motion through model predictive
control over a time window from the current state of the character to a near future state. The repeated update of the optimal controller
and the stochastic control make it possible to effectively explore various states that the character may have while mimicking the
example motion and collect useful training data for supervised learning. Once all the training data is generated, the latter component
normalizes the data to remove the disparity for magnitude and units inherent in the data and trains an artificial neural network with a
simple architecture for a controller. The experimental results for walking and running motions demonstrate how effectively and fast

the proposed framework produces physics-based motion controllers.
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Figure 1. System overview for training set generation.
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Figure 2. System overview for offline learning.
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Figure 5. Simulated motion produced by a learned
controller for walking.
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controller for running.
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