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In the present study, we investigated reservoir computing with artificial neural networks whose
excitatory and inhibitory recurrent feedbacks are dynamically balanced in a similar manner to those of
animal brain circuits. This investigation was supported by JSPS KAKENHI Grant No. JP19K20359.
Using a statistical mechanical theory that we developed in the previous fiscal year, we probabilistically
described the readout from the dynamically balanced neural networks in learning. Based on this
theoretical result, we designed a learning algorithm that potentially resolves a few bottlenecks in
conventional reservoir computing. With large-scale numerical simulations of learning enabled by the
computing environment in TSUBAME, we confirmed that the algorithm improves learning
performance. The success in taking advantage of dynamical properties of recurrent neural networks in
machine learning might lead us to obtain a clue to a better design of artificial intelligence based on
recurrent neural networks.

Keywords: recurrent neural networks, GPU computing, machine learning, reservoir computing,
mean-field theory
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