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Genetic algorithms methods utilize the same optimization procedures as natural genetic
evolution, in which a population is gradually improved by selection. We have developed a
genetic algorithm search procedure suitable for use in protein folding simulations.
A population of conformations of the polypeptide chain is maintained, and conformations
are changed by mutation, in the form of conventional Monte Carlo steps, and crossovers in
which parts of the polypeptide chain are interchanged between conformations. For folding
on a simple two-dimensional lattice it is found that the genetic algorithm is dramatically
superior to conventional Monte Carlo methods.
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1. Introduction mutations and crossovers. The latter process is the
heart of the method. Technically, the operation
consists of exchanging parts of strings between pairs
of solutions, so as to yield new solutions. This has a

Computing the functional conformation of a pro-
tein molecule from the amino acid sequence is diffi-
]t for twa reasnns- thecontributions to. free enersy
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Table 1
Enerqgy level distribution

Energy level No. of conformations

0 36.098.079
-1 31.656.934
-2 12,473,446
-3 2.943.974
—4 517,984
-3 77.080
-6 10,364
-7 1194
-8 9
-9 4

Total 83.779.155

A full enumeration was performed to evaluate the energy of all
.. self-avoiding confirmations possible for the sequence BWBW-
BWBWIWBWBBWWBWIB. For each energy level we list the
number of conformations with that energy. Note that the largest
fractional decrease is between the number of conformations
found in energy level —8 and the number of conformations with
the lowest energy level —9.

possibilities is exponential in the length of the
sequence. Our goal is to devise a search algorithm
that can find a conformation with the lowest free

gy value. For the sequence given above, the
energies of ail the 83,779,155 possible valid con-
formations were calculated (see Table 1). The
number of conformations in each energy level
decreases rapidly, with the. largest fractional
decrease in the final transition to the lowest energy
level: there are four conformations with energy —9
versus 96 conformations with — 8. (Similar behavior
was observed for 24 residue long sequences.) Note
‘tut even for this very simple lattice model the
.- wvise arrangement of an optimal conformation is
very rare and difficult to achieve. The infinitesi-
mally small size of the optimal subset relative to the
size of the conformational space (only ~0-5x 10"’
of the conformations!) highlights the problem of
designing an efficient search.

accepted, then retain the former conformation §,.
(4) Tf the stop criterion is not met, then repeat steps
(2) to (4).

Theoretically. with the appropriate cooling
scheme this algorithm is guaranteed to converge to
the global minimum. but it must be remembered
that the number of steps in such an “appropriate”
scheme is strikingly large. It is actually larger than
the exponential number of steps needed to
enumerate the whole space! (The theoretical aspects
of MC methods are discussed in Aarts & Korst
(1989), chapter 3.) Practically, the selection of the
cooling scheme is crucial for the success of the
process.-Usually, ¢, is cooled linearly (i.e. ¢,., = 2¢,.
where 2 is a constant smaller than but close to 1). As
the minimum energy value is not known in advance
and as the algorithm does not always converge to
the lowest energy level it has encountered, the usual
procedure is to run the algorithm as long as the
computer resources permit, while decreasing ¢,
gradually and keeping track of the lowest energy
solution found.

In our model the initial conformation is fully
extended (i.e. a straight line). The random change is
performed by randomly selecting an amino acid and
rotating the C-terminal portion of the chain around
that amino acid (see Fig. 1). For the 20 amino acid
example above, the algorithm was run for
50,000.000 steps, about one half of which yielded
valid (self-avoiding) conformations. When a valid
conformation was encountered its energy was
evaluated. The ¢, was reduced very slowly from 2 to
0-15 (¢, was decreased by a=099 every 200.000
steps), reducing the chance of accepting a move
with a cost of +1 from 06 to 1073, The simulation
was run five times. In these runs, an optimal con-
formation with energy —9 was found after
3,199,813, 8,823,199, 469,984, 292,443 and
7,367,375 energy evaluations, respectively.

4. Genetic Algorithms

In implementing a genetic algorithm, one has to
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