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Order of a schema H, o(H) ; the mumber of
fixed positions
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Defining length of a schema H, 6(H) : the
distance between the first and last specific
string position.
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3.2 Effect of reproduction, crossover,
multation on schemata
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Schema theorem :; Short, low order,
above-average schemata receive exponentially

increasing trials in subsequent generations.

3.3 The basic schema function and implicit
parallelism
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A&t A B A= 7] 418 building blocke] 2 g
of s HHHPHe] FEH7 oHE EAE
GA-deceptive problem o]#} &1, o]ei3t ¥4
o] thEAC o7} Zel¥ HA H(isolated optim-
a)g 7IXE B4, & FAFHe| /M U e
=7 M EAE & 4 3t} Bulding block
hyphothesis & Azlshd -2 2oH(Goldber-
g).

Building block hyphothesis :

A genetic algorithm seeks near optimal per-
formiance through the juxtaposition of short,
low-order, high-performance schemata, or buil-

ding blocks.
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