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Dynamics of Homeostasis and Informational Closure in Cells, Brains and Swarms
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) In this study, we primarily employed information-theoretic methods to study
the homeostasis of neural networks and flocks. In the study on neural networks, we explored the

relationship between stimulus avoidance and informational closure, suggesting a correspondence
between the methods that realize stimulus avoidance and informational closure. In the research on
flocks, we calculated inter-scale information flow between micro and macro. As a result, we found
that information flow from micro to macro scales was high on the surface of the flock, while the
reverse information flow was high within the flock. This suggests that structures self-organize on
the surface of the flock and contributing to its stability. With regard to cells, we discussed
learning and self-maintenance via chemical reactions and made progress in model design by extending
the membrane model of autopoiesis and implementing reaction-diffusion systems.
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