How Theta Oscillations Can Train Neural Networks and Punish Competitors
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The goals are synergistic: The ability to push away competitors should help the end of each trial. cause positive weight change from active senders ' e B |
networks store new information. \ y, Rizzuto, D.S., Madsen, J.R., Bromfield, E.B., Schulze-Bonhage, A., Seelig, D., Aschenbrenner-Scheibe, R.,and Kahana, M.J. (2003). Reset of human neocortical oscillations during a
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