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@ Rényi divergence of order «, for a >0, a # 1
P a—1
()]

o If g, < exp(—nR) for some 0 < R < Dk (P|| Q), then the optimal

Da(P H Q) = IOgEP
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Rényi information measures

I(X: Y) (X Y)
Dki(Pxy || PxPy) Do(Pxy || PxPy)
min Dk (Pxy || PxQy) min Do (Pxy || Px Qy)

Qy Qy
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Qx, Qy

Sibson's mutual informationt

fRobin Sibson. “Information radius”. In: Zeitschrift fiir Wahrscheinlichkeitstheorie und
verwandte Gebiete 2 (1969)
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o If g, < exp(—nR) for some 0 < R < rgin Dk (Pxy || PxQy), then
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