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on an approach that avoids the need for a
programmer to work out the game-playing
program. It uses evolution in artificial neural
networks which, they argue, is an advance
both for artificial intelligence and the design
of such networks. The proposed artificial
evolution encourages the survival of those
systems in a batch that exhibit success in
beating artificial opponents. New batches
are derived from successful networks and the
process is repeated until some good playing
strategies have evolved. Such strategies have
been shown to beat human experts. The
game in Chellapilla and Fogel’s case is not
chess but checkers, or draughts as it is called
in Britain. The authors point forcefully to the
fact that the evolutionary process actually
creates its own intelligence rather than rely-
ing on that of a programmer. Referring to the
method that eventually defeated Kasparov,
they write: “Every ‘item’ of knowledge was
pre-programmed. In some cases the pro-
grams were even tuned to defeat particular
opponents ...”.

Although neural networks were first sug-
gested in the early 1940s, it is only in the past
15 years or so that they have been used with
some success as systems that can learn to rec-
ognize patterns in a variety of scientific and
industrial applications. Conventionally they
consist of layers of cells (artificial neurons)
where interconnections between neurons in
adjoining layers are made through ‘weights’,
while the body of the cell performs summa-
tions that cause it to ‘fire’ at an output (the
axon) when the incoming weighted activity
overcomes some mathematically specified
gradient function. The weights are thought
to resemble the action of synapses in real
neuronal cells found in biological brains,
where neurons connect and learning takes
place through the alteration of such weights. 

So an artificial network (which can have
one of many popular topologies) learns to
approximate an input–output function by
being given examples of the in- and out-val-
ues of such a function. It does this through
one of a variety of weight-adjustment pro-
cedures known as learning algorithms. The
learned tasks can be as esoteric as recogniz-
ing faces where it would be hard for a pro-
grammer to work out a priori a function that
would distinguish between such patterns.
However the techniques used by Chellapilla
and Fogel do not make use of learning algo-
rithms such as these, but arrive at suitable
synaptic-weight functions through an evo-
lutionary process.

They use a population of 15 neural net-
works with randomly selected weights and
the ‘offspring’ of such parent networks con-
taining a variation of the parents’ weights.
The task for the network is to evaluate board
images, while the playing proceeds along
Shannon’s minimax lines. All parents and
offspring play five games against opponents
randomly selected from their midst and are
awarded points based on their successes and
failures. The 15 most successful networks are
then chosen to be the new generation, off-
spring are produced and the process repeats.
One hundred generations take about two
days of computing on a 400 MHz Pentium
machine. After 250 generations the best
network is chosen to play human all-comers
on the Internet, who in turn are evaluated in
terms of the excellence of their playing on a
national categorization. The network was
able to achieve a top categorization (that is,
‘A’) on this scale, to defeat two ‘expert’ cate-
gory players and to draw with a ‘master’. 

Chellapilla and Fogel stress that evolu-
tionary methods can develop machine intel-
ligence without being programmed, and
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100 YEARS AGO
During two or three visits to Paris and Nice
some years ago, I discussed with many
French astronomers, whom I was privileged
to count among my personal friends, the
question of the large telescopes of the
future. Among the conclusions come to, the
first was that the glass industry was not in a
position to grapple with astronomical
requirements, and hence when reflectors of
8 or 10 feet diameter were talked of it was
understood that they must be made of
porcelain with a glass surface. … During the
last few years we have heard a great deal of
an enormous telescope to be constructed on
the occasion of the Paris Exhibition of 1900;
a reflector of 10 feet aperture, such as was
discussed in 1875, but it would seem that
now as then the glass industry is not able to
furnish a disc of this size, for after all it has
been determined to construct a refractor,
and mount it as I suggested nearly twenty
years ago in front of a siderostat. … It is the
intention of the Syndicate to erect in
connection with this telescope a Palais de
l’Optique near the Eiffel Tower, containing a
hall capable of holding some 4000 persons,
and in fine weather images of the various
celestial bodies are to be thrown on a screen
20 metres in the side by means of secondary
magnifiers. Thus an image of the moon 16
metres in diameter, and of Mars 3.70 metres
in diameter, are promised to the abonnés.
From Nature 21 December 1899.

50 YEARS AGO
Only two large mammals of South Africa
have become extinct in the historical period,
namely, the quagga and the blue buck. The
blue buck (Hippotragus leucophoeus) lived in
the south-west part of Cape Colony, and is
believed to have been exterminated about
1799. About half a dozen mounted
specimens have been preserved, mostly
rather bad, and perhaps about three more
pairs of horns exist the determination of
which is doubtful. No specimen of the skull
is known to exist, except, perhaps in some
of the mounted specimens. On recently
visiting the Hunterian Museum (Zoological
Section) at the University of Glasgow, I saw a
specimen that at once struck me as probably
the skull of the extinct blue buck. There is no
history attached to the specimen; but it is
believed to have belonged to the Hunterian
Collection. As William Hunter died in 1783,
the specimen could date back to about the
middle of the eighteenth century.
From Nature 24 December 1949.
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Figure 1 A checker-playing neural network from generation 230 of Chellapilla and Fogel’s
evolutionary series takes on a human player, and wins. a, A turning point in the game comes at move
number 11 when white (the human) walks into a trap set by red (the neural network). Red moves
11Õ16; white is then forced to move 20Õ11, whereupon red strikes: 8Õ15Õ22. White is one down
and never recovers. b, The endgame. It is move 32 and white is now down by a piece and a king (K).
Red has just moved 14Õ18, and white’s pieces on 21 and 31 are pinned down . With an endgame of
three kings (red) versus two kings (white) in sight, white resigns. (Redrawn from ref. 1.)
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