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INTELLIGENCE

By A.M.TuriNg

1. The Imitation Game.

I PrOPOSE to consider the question, ‘Can machines think ?’
This should begin with definitions of the meaning of the terms
‘machine ’ and ‘ think ’. The definitions might be framed so as to
reflect so far as possible the normal use of the words, but this
attitude is dangerous. If the meaning of the words ¢ machine ’
and ‘ think * are to be found by examining how they are commonly
used it is difficult to escape the conclusion that the meaning
and the answer to the question, ‘ Can machines think ? * is to be
sought in a statistical survey such as a Gallup poll. But this is
absurd. Instead of attempting such a definition I shall replace the i e o e
question by another, which is closely related to it and is expressed . it wrote a book:of synopsis "W'ﬁ‘ AR 1012 623195467
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Learning representations
by back-propagating errors 19864

David E. Rumelhart*, Geoffrey E. Hintont
& Ronald J. Williams*

* Institute for Cognitive Science, C-015, University of California,
San Diego, La Jolla, California 92093, USA

+ Department of Computer Science, Carnegie-Mellon University,
Pittsburgh, Philadelphia 15213, USA

We describe a new learning procedure, back-propagation, for
networks of neurone-like units. The procedure repeatedly adjusts
the weights of the connections in the network so as to minimize a
measure of the difference between the actual output vector of the
net and the desired output vector. As a result of the weight
adjustments, internal ‘hidden’ units which are not part of the input
or output come to represent important features of the task domain,
and the regularities in the task are captured by the interactions
of these units. The ability to create useful new features distin-
guishes back-propagation from earlier, simpler methods such as
the perceptron-convergence procedure’.
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G. E. Hinton™ and R. R. Salakhutdinow

_ Reducing the Dimensionality of

Data with Neural Networks

Sciencs

High-dimensional data can be converted to low-dimensional codes by training a multilayer neural
network with a small central layer to reconstruct high-dimensional input vectors. Gradient descent
can be used for fine-tuning the weights in such “autoencoder” networks, but this works well only i
the initial weights are close to a good solution. We describe an effective way of initializing the
weights that allows deep autoencoder networks to learn low-dimensional codes that work much
better than principal components analysis as a tool to reduce the dimensionality of data.

imensionality reduction facilitates the
Duluﬁsillualitm. visualization, communi-
cation, and storage of high-dimensional
data. A simple and widely used method is
principal components anmalysis (PCA), which

finds the directions of greatest variance in the
data set and represents eachoglals "

describe
uses : Deep Learning
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