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The Problem: local learning in the brain Setup: reservoir computing

How can a synapse know how to set its strength without knowing the others’?

solution: given the information locally available, estimate the strengths
of the others and use this to estimate your own

» every synapse has access to global supervisory error signal
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» synapse z ‘s model of other synapses:
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» this implies Gaussian likelihood:
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= Hypothesis: synapses optimally integrate
estimates of the others’ weights to infer their own
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