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Definition
There do NOT exist nontrivial sets A and B such that
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. IU; Y
r (X, Y) = sup %
A(U;X)>0, ( ’ )
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tVenkat Anantharam, Amin Aminzadeh Gohari, Sudeep Kamath, and Chandra Nair. “On
Maximal Correlation, Hypercontractivity, and the Data Processing Inequality studied by Erkip
and Cover”. In: CoRR (2013)
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...and r,

Theorem (Nair '14)

NOXGY) = sup Dri(vy [l py)
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