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* Assumption of log-normal data distributions.  
* Errors for Fenton-Wilkinson approximation.
* Implication for modern deep learning. (neighboring layers, pruning)
* Retrieval dynamics.

Studying information encoded in the brain has a long history, with most, if not all, re-
search focusing on neural �ring activity[1,2,3].
An alternative view is that information is stored in synaptic connections, and spiking activ-
ity only re�ects changes in these connections[4].  It has been much less explored.

1. Our analysis aligns with the distributed coding paradigm in neural 
networks.
2. We �nd that the storage capacity of the Hop�eld network scales as 
P ~ d1.2, consistent with classical results.
3. Synergistic coding is observed among synaptic connections.
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1. An analytical solution for the information stored in synaptic connections.
2. Neuroscienti�c insights through this dual perspective of connections.
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Proposition. The mutual information between the joint activity of n synaptic connections    

           and a data pattern          is:l
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Idea: Exploring insights into neuroscience by studying how MI changes 

with parameter tuning.  Two approaches are taken:

Input data are modeled as N data patterns, each repre-
sented as a d-dimensional random variable:

Each pattern is hypothesized to follow a multivariate 

log-normal distribution

A continuous Hop�eld network[5] is used to model the 
brain, characterized by the connectivity: 

An ensemble of n synaptic connections is denoted as: 

The goal is to derive the information stored in an en-

semble about a pattern:

To get MI(w; xl), we need to derive p(w) and p(w|xl):

For p(w), we proved that it can be approximated by a n-dimensional log-normal distri-
bution:

The mean parameters μ
w

 and diagonal values for Σ
w

 are:

The o�-diagonal elements for Σ
w

 are:

For p(w|xl), we proved that it is isomorphic to p(w
/l
), in the sense one is a translated 

version of the other. The distribution p(w
/l
) follows:

As a result, we have an analytical expression for the MI(w; xl):
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1. Systematically varying. 2. Randomly sample parameters. 


