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Monge =] & (1781)
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# /1 5 W& (Benamou, Brenier, 2000)
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Martin Bauer, Martins Bruveris, and Peter W Michor. Uniqueness of the
Fisher — Rao metric on the space of smooth densities. Bulletin of the London
Mathematical Society, 48(3):499 — 5006, 2016.
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» Fisher 47 & 46 % (Fisher information matrix)

\Y -V
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