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latencies recorded on several recording electrodes (each electrode is given a different color) replicate  gynamic delays (blue) performed equally well to the network that did not use
aspects of the stimulation modulating signal. In this way, latencies can be thought of as a transform of  dynamic delays (green) on the prediction task. However, the dynamic delay
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suggesting that the biology could be exploiting an already present resource. We
doubt that the methods we have shown here are representative of exactly how

choses stimulation sequences carefully to prevent latencies from entering the intermittent regime, this biological systems use these dynamics, but they are a proof of concept that these
transform closely resembles a low-pass filter (above, right). dynamics could be a vital part of neural computation.
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