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Intelligent Machinery

A. M. Turing
[1912—1954]

Abstract

The possible ways in which machinery might be made to show intelligent
behaviour are discussed. The analogy with the human brain is used as a
guiding principle. It is pointed out that the potentialities of the human
intelligence can only be realized if suitable education is provided. The
investigation mainly centres round an analogous teaching process applied
to machines. The idea of an unorganized machine is defined, and it is suggested
that the infant human cortex is of this nature. Simple examples of such
machines are given, and their education by means of rewards and punish-
ments is discussed. In one case the education process is carried through until
the organization is similar to that of an ACE.
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L X 2&1)||15.Demo

« A Neural Network Playground

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT
Which dataset do Which properties do Test loss 0.543
you want to use? you want to feed in? ini
Ll = a = Training loss 0.511
7 neurons 2 neurons
"
X, b 4
X, 4
Ratio of training to
test data: 50%
B —— ) p
7
Noise: 0 The outputs are
[ ] 4 mixed with varying
weights, shown
- by the thickness of
Batch size: 10 P oS
_
REGENERATE
Colors s
data, ne
¢ weight v
#
This is the output D Sho
from one neuron
Hover to see it
larger
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« Backpropagation Demo
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