Characterizing information stored in synaptic connections
rather than firing activities:
An analytical information-theoretic framework <
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1. An analytical solution for the information stored in synaptic connections.
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version of the other. The distribution p(w ) follows: N . o . o
1. Our analysis aligns with the distributed coding paradigm in neural
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As a result, we have an analytical expression for the Mi(w; x): Assumption of log-normal data distributions.
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. Implication for modern deep learning. (neighboring layers, pruning)
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