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‘We reconstructed Stacked Denoising Autoencoder, a novel Deep Learning model that achieved good performance
on many tasks, with the methodology of multi-agent system. We focused on distributed and collabrative aspects
of agents, and redesigned behavior of each neurons as autonomous agent. Each agent represents one feature. They
have locally limited views of other agent’s information. The layers are removed because they group several neurons
and make them share some informations, resulting in less autonomous agents. Computations are done without
explicit global manipulations. Agents automatically form feature network through the process of selections based
on rewards as some neuroscientist claimed. Our contribution is to propose this new basal model that is more similar
to human brain, can connect knowledge of Deep Learning and multi-agent system, and will be useful to make more

flexible and multi-modal systems.
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