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Learning by Stimulation Avoidance on Embodied Cultured Neural Networks
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Previous study has shown that cultured neural networks can be learned some simple task by repeating following
rules. (1) Sending stimulation to neurons with fixed frequency. (2) Stop stimulation and resting a few minutes
when the task is achieved. In a sense, embodied cultured neural networks can autonomously change their activity
to avoid an external stimuli. We call this some kind of homeostatic learning principle as a learning by stimulation
avoidance (LSA). In this study, we conducted learning experiment about LSA with very smaller number of cultured
neurons than previous study. As the results, it found that even if there are only 100 neurons, embodied cultured

neural networks can learn simple task by LSA.
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