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ABSTRACT

A ‘memristor’ is a passive two-terminal circuit element the electric resistance of which depends on the history of the charge that has passed through it. Given this fundamental property, memristors can store and process information at the same time. Recently, a polymer-based material
has been developed which is able to accomplish basic memristor’s functions and can also build self-assembled random memristor networks.Here, we implemented a platform to simulate and evaluate adaptive properties of stochastic memristor networks. In this platform, network dy-
namics can be parametrically simulated with the control at different granularity levels, going from a single memristor to large-scale configurations. Using this simulation platform we have shown that memristor networks stimulated with random noise follow a stable (or semistable) behav-

lor that diverges from its initial state depending on the stimulation history. Interestingly, by changing the connectivity patterns (from random to distance-dependent), we observed differences in the dynamics of the network that depend on the type of input used. The results have demon-

strated the possibility of adaptations and learning in complex statistical memristor networks.
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i The plot shows the resistance change of each connection of a given network. Con-
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of the panel) almost didn’t change and few of them became conductive (bottom part).
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