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“What are the chances 

that a Canfield solitaire 

laid out with 52 cards will 

come out successfully?”

Stanisław Ulam, 1946

Stanisław Ulam  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Monte Carlo methods

“Stan had an uncle who 

would borrow money from 

relatives because he ‘just 

had to go to Monte Carlo’.”

Nicholas Metropolis

Stanisław Ulam  

(1909–1984)
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