
Genetic and Evolutionary 
Algorithms Come of Age 

DAVID E. GOLDBERG 

AU - 

B efore there were computers, there was thinking about the mind as a computer-as a machine. 

And in this way, computer science and engineering trace their roots to using natural exam- 

ples. Within these fields of endeavor, AI drew its initial inspiration from nature, and work on 

computer-simulated brains received the lion’s share of the early attention. But even back then, 

nature’s other metaphor of adaptation planted a different seed that is now blossoming around 

the globe. Specifically, Darwinian evolution has spawned a family of computational methods 

called genetic algorithms (GAS) or evolutionary algorithms @As). 

These search procedures, based on 
the mechanics of natural selection and 
genetics, are finding increasing applica- 
tion to difficult search, optimization, 
and machine-learning problems across 
a wide spectrum of human endeavor. 
Although for some years these investi- 
gations have remained cloistered in 
universities and research institutes, a 
new class of red-world applications is 
graduating from college and is moving 
into the computer rooms of industry 
and government, with repercussions 
starting to be felt from the factory floor 
to the community at large. 

What Are Genetic Algorithms? 
GAS’ are search procedures based on 
natural selection and genetics. There 
are many variations on these algo- 

rithms. For concrete discussion, we 
limit ourselves to the simple GA pre- 
sented elsewhere [7], a GA that pro- 
cesses a finite population of fixed- 
length binary strings. In practice, bit 
codes, k-q codes, real (floating- 
point) codes, permutation (order) 
codes, Lisp codes, and others have all 
been used with success. Each of these 
has their place, but here we examine 
a simple GA to better understand 
basic mechanics and principles. 

A simple GA consists of three op- 
erators: selection, crossovx, and 
mutation. 

Selection is the survival of the fit- 
test within the GA. There are many 
ways to achieve effective selection, 
including ranking, tournament, and 
proportionate schemes, but the key 
notion is tog& preference to bettm id- 
viduals. For example, in two-party 
tournament selection, pairs of strings 
are drawn randomly from the paren- 
tal population, and the better individ- 
ual places an identical copy in the 
mating pool. If a whole population is 

selected in this manner, each individ- 
ual will participate in two tourna- 
ments and the best individual in the 
population will win both trials. The 
median individual will typically win 
one trial and the worst individual 
does not win at all. 

Of course, for selection to function 
there must be some way of determin- 
ing what is good. This evaluation can 
come from a formal objective fimc- 
tion, or it can come from the subjec- 
tive judgment of a human observer or 
critic. As the tournament selection 
example makes clear, the primary 
requirement is for a partial ordering. 

If we were to do nothing but selec- 
tion, GAS would not be very interest- 
ing because the trajectory of popula- 
tions could contain nothing but 
changing proportions of strings con- 
tained in the original population. In 
fact, if run repeatedly, selection alone 
is a fairly expensive way of-with 
high probability-filling a population 
with the best structure of the initial 
population. 














