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Logistic Regression
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HAVII\IG told you about the giant
digital computer known as

nd how it has been taught to play
704 hind how it has b ght to play

a fairly creditable game of chess, we’d
like to tell you about an even more

Peyeholorica g‘%?a n-n.mrkahlc' machine, the perceptron,
which, as its name implies, is capable

THE PERCEPTRON: A PROBABILISTIC MODEL FOR of what amounts to original thought.
INFORMATION STORAGE AND ORGANIZATION The first perceptron has yet to be I‘Jllllt,

IN THE BRAIN!

F. ROSENBLATT
Cornell Aeronautical Laboratory

The New Yorker, December 6, 1958 P. 44
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