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Let’s talk about representation learning, where our goal is to learning effective, interpretable representations for downstream
tasks. We use mutual information as a measure for the non-linear dependency between the learned representations and the
data, and optimize the MI. We first state our general settings and give a detailed analysis of the basics of information theory,
then the estimation of the mutual information.
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In the above discussion, we show many basics and discussions about what is mutual information and what we are actually
optimizing over. We have also shown why it is hard to estimate. Now we show the recent estimators for MI.
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