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Learning through imitation based on the importance of the features of actions
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Learning is essential for an autonomous agent to adapt to an environment. One method that can be used is
learning through trial and error. However, it is impractical because of the long learning time required. Therefore,
some guidelines are necessary to expedite the learning process. Imitation can be used as the guideline. We propose
a computational model of imitation and autonomous behavior, and expect that an agent can reduce its learning
time through imitation. The actions are represented by a set of features, and the similarity between actions is
indicative of the importance of each feature. The proposed model is evaluated using a simulator. The experimental
results indicate that the model can adapt to the environment faster than a baseline model that learns only through
trial and error, and that the model can shorten the learning time further if the importance of each feature can be

adjusted by learning.
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1: Configuration of the proposed model. The small circle
represents the action selection module.
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3: Discrete locations in the environment.
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4: Cumulative reward in Experiment 1.
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5: Cumulative reward in Experiment 2.
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9: Change in feature weights in Experiment 4.
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