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Recurrent Neural Network Dynamics in Information Processing:
Partial Input/Output and Computational Capability

Toshio Aoyagi', Shotaro Takasu'

I Graduate School of Informatics,
Kyoto University Yoshida-Honmachi, Sakyo-ku, Kyoto 606-8501, Japan

Abstract The performance of information processing using recurrent neural networks (RNNs), espe-
cially in Reservoir Computing (RC), strongly depends on their internal dynamics. This study focuses
on two key issues: (1) the control of chaotic dynamics when inputs are restricted to a subset of neurons
(partial input), and (2) how computational capabilities (memory capacity and nonlinear capability)
scale with the number of readout neurons. For (1), we analytically derived the conditional maximum
Lyapunov exponent (MCLE) and demonstrated the existence of a critical input neuron proportion p,. for
chaos suppression. We proved that p,. is intrinsically determined solely by the strength of spontaneous
chaos, 1¢. For (2), we found that as the number of readout neurons L increases, memory capacity (MC)
exhibits sublinear scaling due to the influence of neuronal correlations. Conversely, we discovered that
nonlinear computational capabilities IPCp, D > 2) emerge sequentially and supralinearly with increas-
ing L. These findings provide a theoretical foundation for designing efficient RNNs for information
processing.
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