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INSTINCT Lo

in any great degree my theory;-but none of the cases of diffi- |
culty, to the best of my judgment, annihilate it. On the other |.
hand, the fact that instincts are not always absolutely perfect |
and are liable to mistakes; — that no instinct has been produced L
for the exclusive good.of other animals, but that each animal |
tzkes advantage of the instincts of others; — that the canon in |~
natural history, of ‘natiira non facit saltum’ is applicable to in- 1 .
stincts as well as to corporeal structure, and is plainly explicable R
on the foregoing views, but is otherwise inexplicable, — all tend | |
to corroborate the theory of natural selection. |
This theory Is, also, strengthened by some few other facts in ,
regard to instincts; as by that common case of closely allied, '
but certainly distinct, species, when inhabiting distant parts of - :
the world and living under considerably different conditions of | - -
life, yet often retaining nearly the same instincts. For instance, -
we can understand on the principle of inheritance, how it is that '
the thrush of South America lines its mest with mud, in the
_ same peculiar manner as does our British thrush: how it is that
i the male wrens (Troglodytes) of North America, build ‘cock-
nests,” to roost in, like the males of our distinct Kitty-wrens, — -
2 habit wholly unlike that of any other known bird. Finally, it |
may not be 2 logical deduction, but to my imagination it is far L
more satisfactory to look at such instincts as the young cuckoo
gjecting its foster-brothers, — ants making slaves, ~ the larvae.
of ichneumonidae feeding within the live bodies of caterpillars, —
not as specially endowed or created instincts, but as small con-
_sequences of one general law, leading to the advancement of
all organic beings, namely, multiply, vary, let the strongest Tive
“and the weakest die. | :
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Evolution

In nature, the evolutionary process OCCUTS
when the following four conditions are sat-

isfied:

e An entity has the ability to reproduce 1it-
- gelf | SR D

e There is a population of such self-reproducing
entities.

e There is some variety among the self-reproducing |
entities. |

e Some difference in ability to survive in the
environment is associated with the vari-
ety.
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48 An Ipea Is Born
4. NATURAL SELECTION AS AN ALGORITBMIC PROCESS

What limit can be put to this power, acting during long ages and rigidly
scrutinising the whole constitution, SIfucture, and habits of each crea-

" ture—favouring the good and rejecting the bad? I can see no limit to
this power, in slowly and beautifully adapting each form to the most
complex relations of life.

—Cuaries Darwin, Origin, p. 469

The second point to notice in Darwin’s summary is that he presents his
principle as deducible by 2 formal argument—if the conditions ar¢ met, a

certain outcome is assured.® Here is the summary again, with some key
terms in boldface. '

If, during the long course of ages and under varying conditions of life,
organic beings vary at all in the several parts of their organization, and I
think this cannot be disputed; if there be, owing to the high geometric
powers of increase of each species, at some age, season, Or year, a Severe
struggle for life, and this certainly cannot be disputed; then, considering
the infinite complexity of the relations of all organic beings to each other
and to their conditions of existence, causing an infinite diversity in struc-
ture, constitution, and habits, to be advantageous to them, I think it
would be a most extraordinary fact if no variation ever had oc-
curred useful to each being’s own welfare, in the same way as so many
variations have occurred useful to man. But if variations useful to any
organic being do occur, assuredly individuals thus characterized will
‘have the best chance of being preserved in the struggle for life; and from
the strong principle of inheritance they will tend to produce offspring
similarly characterized. This principle of preservation, I have called, for the
sake of brevity, Natural Selection, [Origin, p. 127 (facs. ed. of 1st ed.).]

The basic deductive argument is short and sweet, but Darwin himself
described Origin of Species as “one long argument.” That is because it

6. The ideal of a deductive ( or “nomologico-deductive™) science, modeled on Newtonian
or Galilean physics, was quite standard until fairly recently in the philosophy of science,
so it is not surprising that much effort has been devoted to devising and criticizing various
axiomatizations of Darwin’s theory—since it was presumed that in such a formalization

lay scientific vindication. The idea, introduced in this section, that Darwin should be seen,

rather, as postulating that evolution is an algorithmic process, permits us to do justice to
the undeniable a priori fiavor

of Darwin's thinking without forcing it into the Procrustean

(and obsolete) bed of the nomologico-deductive model. See Sober 1984a and Kitcher
1985a.
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A pessimistic estimate of the time required for an eye

to evolve

DAN-E. NILSSON! anp SUSANNE PELGER?

! Department of Zoology, Lund University, Helgonavigen 3, §-223 62 Lund, Sweden
t Department of Genetics, Lund University, Silvegatan 29, §-223 62 Lund, Sweden

-

i SUMMARY

" Theoretical considerations of eye design allow us to find routes along which the optical structures of eyes
. may have evolved. If selection constantly favours an increase in the amount of 'detectable spatial
information, a light-sensitive patch will gradually turn into a focused lens eye through continuous small -
improvements of design. An upper limit for the number of generations required for the complete-
transformation can be calculated with 2 minimum of assumptions. Even with a consistently pessimistic ~

approach the time required becomes amazingly short: only a few hundred thousand years.

. INTRODUCTION

When Charles Darwin (1859) presented h 2
evolution he anticipated that the eye woul
favourite target for criticism. He openly ad

the eye was by far the most.serious threat ke

and he wrote: ‘that the eye...could have t - 3
by natural selection seems, I freely confes:
the highest possible degree’, Although the
principally important, it gradually lost i
potency, and has now almost become
curiosity. But eye evolution continues t
although the question is now one of proces:
than one of principle.

Estimates of the number of generations
make a certain change to a simple '
character are easily made if the phenotyp
selection intensity and heritability of the
known (Falconer 1988). The evolution
structures, however, involves modificatior 5
number of separate quantitative charac
addition there may be discrete innovat
unknown number of hidden but necessary
changes. These complications seem €
prevent evolution rate estimates for entint
other complex structures. An eye is ur
respect because the structures necessar
formation, although there may be sev
typically quantitative in their nature, 6
treated as local modifications of pre-exi
Taking a patch of pigmented light-sensiti
as the starting point, we avoid the mort

UTION

1990; Land & Fernald 1992). Thus, if th
limited to finding the number of generat

for the evolution ofan eye's optical geom 7 d=4.73 n, detection of small
problem becomes solvable. . f=2F recognition, the fun-
We have made such calculations by is the same, and so are
Proc. & Soc. Lond. B (1994) 2536, 53-58 © 1994 The Royal Society
d=41
8 oy

leading from a light-
ly developed lens eye.
3 that every part of it
n an increase of the
{etect. The amount of
or the whole sequence
amber of generations
values had to be
snsity and phenotypic
_ed values that over-
ons. Despite this con-
¢ arrive at only a few

sk is to work out an
ould be continuously
¢ should be consistent
e anatomy, but prel-
ny particular group of
selection to work on 2
entire sequence. For-
visual acuity, is just
. {it provides the sole

n (Snyder et al. 1977;

d=456 Intyre 1993). Spatial

f=3r 1t photoreceptor cells

Inyder et al. 1977}. A

ien gives informatien

ent light. The smaller

problem of photoreceptor cell evolutior 308 steps (1%) jual intensity channel,

: - accurate spatial in-

he spatial resolution is




Evolutionary algorithms

e Adaptive search techniques based on an
analogy with mechanisms of natural evo-
lution.

e Key ideas:
— Population of individuals (solutions).
— Survival of the fittest.

— “Genetic” opcrators:
crossover (recombination), mutation.

Evolutionary Algorithms
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History

e Pioneering work: 1950s and 1960s.
L. J. Fogel, A. J. Owens, M. J. Walsh,
J. Holland (USA). |
I. Rechenberg, H. -P. Schwefel (Germany).

e 1935:

— First International Conference on Ge-
netic Algorithms (ICGA).
— Less than 10 groups worldwide.

e Today:
— Hundreds of groups.
— Several conferences and journals.
— Industrial applications.

Evolutionary Algorithms
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Application areas

e Optimization

e Automatic programming

e Machine learning

e [conomics

e Operations research

e Immune systems

e Fcology

e Population genetics

e Studies of evolution and learning

e Social systems

Evolutionary Algorithms
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Genetic algorithms
e Population of individuals.

e [ach individual is represented by a finite
string of symbols, known as the genome.

e A genome encodes a possible solution in
a given problem space.
Known also as the search space: all pos-
sible solutions to the problem at hand.

e GGenotype: the genetic composition of an
individual, i.e., the information contained
in the genome.

Phenotype: the expressed traits of an
individual, i.e., its physical and mental
characteristics.

e The genotype gives rise to the phenotype.

Fitness is due to the phenotype.

Evolutionary Algorithms
Moshe Sipper, LSL, EPFL



Standard genetic algorithm
e Clenerate initial population at random.

o Fivery evolutionary step, known as a gen-
eration, the individuals in the current pop-

~ulation are decoded and evaluated ac-
cording to some predefined quality crite-
rion, referred to as the fitness, or fitness
function.

¢ To form a new population (the next gen-
eration):

_ Selection (reproduction): Individuals
are selected in accordance with their
fitness values.

_ Crossover: Individuals are recombined.

— Mutation: Small changes are randomly

a,pphed to individuals.

Evolutionary Algorithms
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begin GA
o:=0 { generation counter }
Initialize population P(g)
Evaluate population P(g)
while not done do
g=g+1
Select P(g) from P(g — 1)
Crossover P(g)-
Mutate P(g)
Evaluate P(g) { ie., compute fitness values }
end while
end GA

Evolutionary Algorithms
Moshe Sipper, LSL, EPFL
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Genetic operators

e [itness-proportionate selection.
“Roulette-wheel sampling”: give each in-
dividual a slice of a roulette wheel equal
in area to the individual’s fitness.
f1=0.5
fo=10.5
f3 =0.8
fs=0.2

e One-point crossover.
010100110101
1111111[00000

4
010100100000
1111111)10101

_® Mutation.
111111110101
Y
111110110101

Evolutionary Algorithms -
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NATURAL SELECTION

with all hermaphrodites two individuals, either occasionally or .
habitually, concur for the reproduction of their kind. This view,
1 may add, was first suggested by Andrew Knight. We shall
presently see its importance; but I must here treat the subject
with extreme brevity, though I have the materials prepared for
an ample discussion. All vertebrate animals, all insects, and some
other large groups of animals, pair for each birth. Modemn re-
search has much diminished the number of supposed herma-
phrodites, and of real hermaphrodites a large number pair; that |
is, two individuals regularly unite for reproduction, which is all @’
that concerns us, But still there are many hermaphrodite ani- |
mals which certainly do not habitually pair, and a vast majority |
- of plants are hermaphrodites. What reason, it may be asked, is _
there for supposing in these cases that two individuals ever con-
cur in reproduction? As it is impossible here to enter on details,

I must trust to some general considerations alone. S [7 e
In the first place, I have collected so large a body of facts, | HalWin

showing, in accordance with the almost universal belief of “ R

breeders, that with animals and plants a cross between different | e /) |

varieties, or between individuals of the same variety but of an- L. .
other strain, gives vigour and fertility to the oﬁsprihg; and on | - . : : -
the other hand, that close interbreeding diminishes vigour and |. Cf 06 }9 \j(/‘
fertility; that these facts alone incline me to believe that itisa | = , T
general law of nature (utterly ignorant though we be of the | o
meaning of the law) that no organic being selffertilises itself |~
for an eternity of generations; but that a cross with another
individual is occasionally — perhaps at very long intervals -
indispensable.

On the belief that this is a law of nature, we can, I think, | =~
understand several large classes of facts, such as the following, - o
which on any other view are inexplicable. Every hybridizer |.-
~__ knows how unfavourable exposure to wet is to the fertilisation | .
~ of a flower, yet what a multitude of flowers have their anthers i ™
and stigmas fully exposed to the weather ! but if an occasional |
cross be indispensable, the fullest freedom for the entrance of
pollen from another individual will explain this state of ex-
posure, more especially as the plant’s own anthers and pistilI
generally stand so close together that selffertilisation seems

143
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* Population P1: o M4 XONE

| String Fitness value

[ 0000011100 03
1000011111 0.6
0110101011 0.6
1111111011 0.9

Population P2 : After selection

~String Fitness value
1000011111 0.6
i:;ii“”” 0110101011 0.6
0.5 1111111011 0.9
muntoby ., 1111111011 0.9
fabe~ o5 ¢ |

Population P3 : After crossover

~ String Fitness value
41000011011 0.5
0110101011 0.6
1111111011 0.9
1111111111 1.0

. Population'P-ﬁl : After mutation

String Fitness value
1000011011 0.5
0110121011 0.7
1111111011 0.9
0111111111 0.9

Figure 2. A generational cycle of the
Simple Genetic Algorithm.
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Example

Function optimization.

f(@) = ~lzsin )|+ C
Find z*, z* € [—512,512], such that f(x*)
“is minimal.

450 , : . 1 ] 1 T —
400 -
350
300

250

200 R
150 -

100

50 | -
0 | ' 5 T R R ] [ D R —— i —
-512 -400 -300 -200 -100 0 100 200 300 400

Evolutionary Algorithms
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Example (cont’d)

e Individual = binary string, representing
a value in the range [0,512] (note- f(x)
is symmetric about 0).

o Length of string determines precision.
10 bits = 1024 distinct values (= size of
search space).

0, 512] <+ [0000000000, 1111111111].
Example: £ = 0000000011 = 1.5.

e Fitness of individual = f(z).
Lower = better.
Choose constant C' such that f(z) > 0
since probabilities are involved.

e Apply genetic algorithm: fitness-proportionate

~ selection, one-point crossover, mutation. .

Evolutionary Algorithms
Moshe Sipper, LSL, EPFL



Example (cont’d)

7 £G
Generation| Best” | Average
0 1.0430 | 268.70
3 1.0430 | 78.61
9 0.00179| 32.71
18 0.00179] 1432 |
26 0.00179| 5.83
30 0.00179| 2.72
50 0.00179| 1.77
69 |0.00179| 0.15

e Minimum found at generation 9. Average

continues to improve.

Evolutionary Algorithms
Moshe Sipper, LSL, EPFL



TEST FUNCTIONS

- The ]@Q@ow:wg ﬁ)ncfons bcwe /aeen Uied |
To Tert the  Rrdllel! Genelic Ce//a/cw
| /%J:omdm |

— De }o,u G FONCTIONS
"HArDd" FuwcTions
c - ‘
- P(x) = 2.0 - ws(Ax )]
5 =4
1 ><-‘l & ["’5'f‘2'/ 5712]
]%CZ) = %—Xi SMCW) -

X; € [-5900, 500.5]

lo > |
_EF?(‘) :%‘; Jééo -W OOS(%) + 1

X; € [-690.0, 6a0.0]



Genetic algorithms: Mechanisms

e Genetic algorithms work by discovering,
emphasizing, and recombining good build-
ing blocks of solutions in a highly parallel
fashion.

e Good solutions tend to be made up of
good building blocks: combinations of blt
values that confer higher fitness.

e [ixample: fitness = number of 1s.
111 % % % % % %%
1s a “good” building block = better-than-
average substring.
(**” = don’t care = 0 or 1).

e FExploitation versus exploration issue.
. bxploit “good” regions of search space
while at the same time explore new ones.
Depends on the algorithm and its param-

cters.

Evolutionary Algorithms
Moshe Sipper, LSL, EPFL
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Figure 1: Operation of a generic hill climbing method (allegory). From a ran-
domly chosen starting point (panel [A]), the direction of maximum slope is followed
{(panel [C]) until one reaches a point where all surrounding directions are downhill

(panel [D]). Landing (panel [B]) is not problematic from the computational point
of view.
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Figure 2: Two dimensional surface f{z,y), Wlth z,y € [0,1], deﬁmng a hard

 maximization problem. The global maximum is f(z ,y) =1at (z,9)=
and is indicated by the arrow.

Rule of Global Optimization, also known as

THE DIRTY HARRY RULE:

“You should never feel lucky”

Faced with the landscape of Figure 2 the most straightforward solution lies with
a-technigue-called iterated hill climbing. This is a-fancy name for.something very.
simple, as illustrated on Figure 3. You just run your faverite local hill climbing
method repeatedly, each time from a different randomly chosen starting point.
While doing so you keep track of the various maxima so located, and once you
are satisfied that all maxima have been found you pick the tallest one and you
are done with your global optimization problem. As you might imagine, deciding

when to stop is the crux of this otherwise straightforward procedure.
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Figure 3: An iterated hill-climbing scheme. After landing, each trial proceeds as

on Fig. 1.



Extensions and variations

e (Genome encoding. Use alphabets other
than binary: character-based encodings,
real-valued encodings, tree representations.

o [ree encoding schemes.
Example: Genetic | Programmmg

T Dy A

'C%xd_)f-(Q/O)

Fig. 3. Above: parent individuals. Below: offspring. Crossover points are marked by a
cross in the parents,

e Selection: rank selection, tournament se-
lection.

Evolutionary Algorithms
Moshe Sipper, LSL, EPFL



after 20 runs. After increasing the population size to 8,000, a solution was
not found until the eighth run, suggesting that the even-5-parity function is a
very difficult function to learn. The solution appeared on generation 27 of run
8 and contained 347 points as shown below:

(NAND (NAND (OR (AND (AND (AND (OR D2 D3) (OR D4 D2)}

(AND (OR D4 DO} (AND D1 D1))})} (NOR (NOR DI D4) (OR (NOR
D3 D&) (NOR DO D2)))) (NOR (NOR (NAND (AND (OR D1 DO) (OR
D3 D2)) (OR D1 D3)) (NOR D1 D2)) (NOR (AND (NAND D4 D3)
(NAND D4 DO)) (NAND (OR D2 D4) (OR D2 D1))))) (NOR (NOR
(OR (NOR (AND D2 DO) (NOR D1 D4)) (AND (NOR (NOR (OR (NOR
(AND D2 DO) (NOR D1 D4)) (AND (NOR DO D2) (NAND D4 D0)))
(AND (AND (NAND D4 D3) (OR D3 DO}) (OR D4 D3})) (NOR (NOR
(AND (AND D1 D1) (AND D4 D2)) (NAND (NAND DO D2) (NAND D4
DO))) (NAND (AND DO D4) (NAND (NOR D1 D4) (CR Di L0)))))
(NAND (AND D4 D1) (OR D2 D0)))) (AND (AND (NAND D4 D3)
(OR D3 DO)) (OR D2 D1))) (NOR (NOR (AND (AND Di D1) (NOR
(NAND (NAND D4 D2) (NAND D4 D4)) (OR (AND D2 DO) (AND D4
D1)))) (NAND (OR (AND (OR (AND D3 DO) (OR D4 (NAND (OR '
(NOR D1 D2) D3) D4))) (NAND (NAND DO DI1) (NAND D2 D2)))
(NAND {(AND (NOR DO D1) (OR D3 D4)) (OR (NAND D3 D4) {(AND
D3 D1)))) (NAND D4 (AND (OR D1 DO) (OR D3 D2))))) (NAND
(OR {NAND D1 DO) {NOR D2 DO)) (NAND D3 D2)}))}) (NAND {(AND
(NAND (OR (NOR (NAND (OR D1 D3) (AND DO D4)) (NOR {AND D1
p4) (NOR D2 D2))) (AND (OR (NOR Dl D3) (NOR (AND (NOR D2
D2) (NOR (NOR D2 D2) (AND D2 D1))) (AND (NAND (NAND D4
DO) (NAND (NOR (NAND (NOR D4 D4) (NOR DO D4)) (OR (AND D2
D3) (AND D4 D1))) (AND (OR (NOR D3 D4) DI1) (AND (OR D1
DOY (OR D3 D2))))) (OR D2 D3)))) (OR {OR DZ D3) (NAND D3
D0Y))) (NAND (AND (NOR (AND DO D2) (OR D4 DO)) (AND D4
D1)) (OR (AND D1 D4) (NAND (NAND D1 D3) (OR D3 D1)))))
(OR (OR D2 D3) (NAND D3 DO))) (AND (OR (NOR D3 D4) D3)
(AND (OR D1 DO) (OR D3 D2))))).

Our usual computation for the number of individuals that must be processed
to solve a problem with 99% probability requires making enough runs that
successfully solve the problem to produce a reasonable estimate for the values
of probability P(M, i) between generations 0 and 50. The fact that only one
~ solution of the even-5-parity problem appeared after eight runs suggests
that a large number of lengthy runs would be required to accumulate the
necessary data to permit construction of our usual performance curves. If we

1 . fAl _on ct il e meem mmmeaal relaalabian




Extensions and variations (cont’d)

Genetic operators.
e Crossover:

—T'wo-point:
01011]111|01010

10111f001]|11011

4
01011]001]01010

10111]111)11011

— Uniform: select each bit from one or
the other parent at random. |
0101101
1110010
random bit choices: 1221212

4
0111000
1100111

e Mutation: adaptive mutation.

Evolutionary Algorithms
Moshe Sipper, LSL, EPFL



Extensions and variations (cont’d)

e Steady-state genetic algorithm.

— Generational: entire population changes
each generation. |
Drawbacks: good individuals may not
get a chance to reproduce, or may pro-
liferate too quickly.

— Steady-state: replace only a few indi-
viduals each gencration (usually least-

fit).

e Coevolution. Two interacting populations,
one of potential solutions, the other of
test cases, where not only do the solu-

tions evolve (as in the standard genetic
algorithm) but so, concomitantly, do the
test cases.

Evolutionary Algorithms
Moshe Sipper, LSL, EPFL



Extensions and variations (cont’d)

o Parallel evolutionary algorithms: speed-
up computation, closer to nature.

e T'wo major types:

'— coarse-grained (island)
— fine-grained (grid)

Evolutionary Algorithms
Moshe Sipper, LSL, EPFL
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Fig. 4. Illustration of the Island model of semi-isolated populations
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Further material

| Lat;s [m/\"b, Aém/
http://1slwww.epfl.ch/ "moshes/S58E

e Journals:
Major journals:
— Evolutionary Computation
— IEEE Transactions On Evolutionary Com-
putation
— BioSystems
Related journals:
— Adaptive Behavior
— Artificial Life
— Complexity
— Complex Systems

— International Journal of Modern Physics C
— Physica D
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e Conferences:

— IEEE International Conference on Evo-
lutionary Computation (ICEC)

— Paralle] Problem Solving from Nature
(PPSN)

— International Conference on Genetlc Al-

- gorithms (ICGA) R

— Genetic Programming (GP)

— International Conference on Evolvable
Systems: from Biology to Hardware
(ICES)

— International Conference on Artificial
Neural Networks and Genetic Algorithms
(ICANNGA)

— Genetic ALgorithms in Engineering Sys-
tems: Innovations and Applications (GALE—
SIA)

~ — Evolution Artificielle

Fvolutionary Algorithms
Moshe Sipper, LSL, EPFL



There is grandeur in this view of life, with its
several powers, having been originally breathed
Into a few forms or into one; and that, whilst this
planet has gone cycling on according to the fixed
law of gravity, from so simple a beginning endless
forms most beautiful and most wonderful have
been, and are being, evolved.

Charles Darwin, The Origin of Species, 1859
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CONCLUSIONS

» Genetic Algorithms are especially suitable for:

. exploring enormous search spaces.

. optimizing hard, discontinuous,
nondifferentiable, noisy functions.

e Genetic Algorithms naturally lend themselves to
parallel implementations. ' “

| e Genetic Algorithms can be conveniently used
together with problem-specific heuristics.

| e Genetic Algorithms have been applied
successfully to a wide range of problems.




