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Genetic Algorithms
and Evolution
Strategies



WiheatISTEVelutionary
gompUtation?

s

PAnjabstraction from the theory of
hiologicalievolution that is used to
ClEeatENopLimization procedures or
~ Meteeeiegies

~ usually implemented on computers,
that are UEELNEISOIVENIEnIEemS.

:
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erArgun nt

Evolution fzs ogtirsizeel |olog|cal
PIOCESSESS » a
therefore
Adopuon et f-g/o lonary paradigm to
- computation and other problems can

help us find optimal solutions.

Example abound around you.....



SOINPERENLS off EVolutionary
Sompuune

s Genetic Algorithms

—IRVENIEGENIN Jorfi):r_ﬁ and (University of
VIChIezm) N therl960°s

Evolution Siraiegies

nventec J / ngo Rechenberg (Technical
University Berlin) in the 1960’s

Started out as individual developments,

but have begun to converge In the last few

years
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PIESeriation Agenda

WhHBEWNSEVEIienaN. computing ?
iistwenmllipresent evolutionary theory
irorn 2 blological deideeilis

Wiy use evolution 215 2y ggleelS Rie @]\ qle
computat Oﬂ- problems?

VWHER G Userevolutionary computing
Strategies?




Pieseniaient/Agenda (2)

el lo SAIGeUIImMS - N depth

Evolution Sirziigefisinl ellejig
Drawbacks of C‘At" ES'’s

VWrien i lleh s over ES’s

Qu ons



ANfImEr e evelutionary
ineeAirom;a biological
PEISpPEective



IMEICEREEPL 6ff | 1-iLal Selection

s Lipnlied nurozer i resSotifgss
R — .y
romoeurlomr sults Ir) siruejejleio

- fithess of an Inc /JCL.L

e oW Well=e aMan individual is to their
ENVire mgfr

—This Is eterﬂned by their genes (blueprints for their
physical and other characteristics).

Successful individuals are able to
reproduce and pass on their genes
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YWrier Cnangesielede i

| IBIEVIeUSIy it (vvell~acler]a ed) individuals will
NONORYEENEst s uited for their
SRVIGRIGENT

.,ije memgr\ryof e population will have
genes, that confe dn‘ferent characteristics
than “the nerm

Some of these characteristics can make them
more “fit” in the changing environment.




VIIGIFAGENLS Off Ccetic
Change Inulale/iVelifEls:

= Mutation Il gerias
—IMAYAIENENE IO Various SOUrces:
.eagLMEwﬂmetO\wawﬂ,

ChEmicals) etc.

Stert - ’ Location of Mutation

1001001001001.00100

After MulgLies
1001000001001001001001

[\
<A



VIgIBIFAGENLS| 0ff Genetic
SHENRUENRNRdIVIduals (2)

Recombination (ClesilalsHeiV:Ty
—OCCUIS @uring; re aproduction --
Hions ofigenetic material
hanged between two

Chm SOMEs



Image from http://esg-www.mit.edu:8001/bio/mg/meiosis.html



=ExcpIEreItNa atural Selection
I ENVIICH _#Iutlon

R H\/Jll rJorJ
(l\/Jrlchr

England; 4!
Pre-Industria F
Revolution -->

Image copyright Lawrence M. Cook
(http://www.trueorigin.org/pepmothl.htm)



=xemple o Natural Selection
ZNERVIICHOEEEVOlution (2)

s Dtriale) UnleltisidEl
REVOIUen-—>

Image copyright Lawrence M. Cook
(http://www.trueorigin.org/pepmothl1.htm)



WiyAllse evolltion as a model
fior selVingicomputational
JOJ@ SMS?
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pENNElEreREemputatio aI Problems

. Requwef ichrthroug! many

PESSINIUESHO Tind a selution
N(Eyepsearen threugh sets of rules for one set
iaiFBESpredicts tihe > Ups and downs of the
fJerlrJFJrlJ rkets’

sarch Jor 100 g -- search won't
return within our lifetimes

These types of problems are better solved
using a peralielfapproach




onwnnanonal
Jlems (2)

Euie f—llgorerr to be adaptive

—0Jf [0 oruﬂ?ér_ OFI&]GJ solution

»
“NeIInSianc -, Interfaces that must

A0l to, idiesyncrasies of different
u.Jr\

The Natt Jre 0) i
o)

#



WHYAEVBIITon Proves to be a Good
VIOEEINION Solv]nr these Types of
PIORIeEmSs?

BEVeIltion s in effect a method of
SEarchinupor the best (optimal) solution
[fenIeNdEat nUmer of possihilities
0SS Dilities — ividuals
est solutlon - the most “fit” or well-adapted
individual
#
Evolution'is'a ¢ 2llc) process

esiing 2ndicEnaing e nUmerous species and
ndividuals occur at the same time (or, in parallel)




WhyAEYeIUWeER Proves to be a Good
ViedEINBIFSeIVIing these Types of
Zelems?2? (2)

- .
TEVveltven ce;_ré pe seen as a method
 that desians new (ofiefigel

W changing
environ '




WIHERNG Usse Evolutionary

8/ gleg) si¥solution is (o1 necessarily
_rﬁ oL nrerl &y

Appreach 0)501ving a problem

> :_ﬂm F
Problems with that need to
be simultaneously optimized

Problems that are difficult to describe
mathematically




A simulated population of randomly
selected individuals Is generated

then allowed to evolve



SIgEOERERIIE Problem

Eproeeiem in: erms of a bit

n

0101C 11100)

its of the string
-coordinate and the
‘epresent the Y-coordinate



ic Algorithm

ENETAIE aiandom populatlon
CNIMOSOMES
m Step 2. Assignel WQ& @each
mrIJerIIJrIJ
Step 3. rieoerr ,n-r 1 children have
sielp rrga ced
Choose 2 pare ased on fitness proportional selection

Apply genetic operators to copies of the parents
Produce new chromosomes

:



h Rdividual m the populatlon
ts f:‘]c‘.ﬂ/ J_:‘*

' For a preblem withi i parameters, the
~ fitness can be plotted in an 111+ 1
dimensiol aIEpace




..?

SEIMPIEFSEANCH Space

PAyendomly oenera [8 population of
Infeliviclurzlfs WJH‘e 2 randemly distributed
INELUEIOUTNESS arch space

Image from http://www2.informatik.uni-
erlangen.de/~jacob/Evolvica/Java/MultiModalSearch/rats.017/Surface.qif



Nattall Selection

eV RENEedeiany individual
DECOMIMUFENIEEREIS rIJreg_r.J\
DIEJIIIEIEI LONLS relgruve fitness

Image from http://www.genetic-programming.org



SENENCIOPErators

“MEHEeSS-0Vver

1010107101001 071001 1 "iD1 o101

o101 01

1071010101001 071001 1

Mutation

J




PleaUcton o New
Chrmoesomes

B 7 gelfenfisie) )V

1111111111111 1111111 11

N5

1111111111111 111 111111

1111111811111111 1000008

2 fise to 2 children
Parents

[6000000000000000000000T] Copy of parents that

genetic operators
will be applied to

Children are

different due to

crossing-over
and mutation




generaton of i individuals
tney replace their parent

0 achieve the desired results, 500 to
S00IC generations are required



ditimate Goal

a After Jumwﬂr J" TeOISTa e,
o selaon will be present in the
population off chromosomes



=EXeifiple

[l




BYREIMICHEVC tion

m Gerjeile llgorJrrerrr 'dapt to a
J\/ngl_rmggl_ll\/ CrIEICrICl Searfe) SUzles
oe '< JLJEE'( ﬁ\ J maximum via a
pa IC T Jn“ssfuncnon

as the Nromosomes adapt to the search
space, so does the fitness function




=EXample

“WoVvirig Dotlrritisg

Image from http://www.wi.leidenuniv.nl/~gusz/ Flying_Circus/



another rloomrlcn |
EVOIE t] trategles

FSimilar to Genetic Algonthms
— fjglcl 21 (rl2zle) pti al'selution to a problem
\Withira Searnchispace (all possible
SOIUUERS) -
»
Developed by Ingo Rechenberg,
independently: from genetic algorithms
Often used for experiments

Based on principal of strong causality:
Small changes have small effects




oLma Strategy

OINENanc om Individuals

Adividuals based on
' J"" m (fitness function)

fh-
-

4. GO totéuntil the desired result is

achieved

for instance, little difference between
generations.




e o) sarameters control the mutation
ofithe o__'ee;_r. Darameters

Sp = ‘ ] m)
These two parameters constitute the
Individual’s chromosome

17 5P




SUPESS EUNCUIoONS

Ly

“Wiemeed amethiod! to t'ermine If one
SEILNEHRNENTIOrE optimalithan another
“Hviatmemabcaliormula

' Main'différence fro genetic algorithms
s that onlyithe most fit individuals are
allowed to reﬁroduce (elitist selection)



SOIITNG the Next
Generation

s NUrrlogeaiinlel)ielt] aJJ elected to be
garerits (0)
— IGENIENY: |6tS of persistent bad traits
- LooifewETStagnant gene pool
 Total | Hmr - of children produced (c)
limited by cﬂﬁ]puter rlesources
more children — faster evolution



=EImMINgG the Next
GEMEration

FSIMIEIRGPENAIONS ASIOENELIC algorithms

= (I ETENBHIETmost important operator (to uphold
e prHREIPAINEITStrong| causality)
SEeInIEWRSINIEEEENG DE WSEd In cases where
each child'iias multiple parents

The PEIEISEEYRSENNCINEECN I the next
generation -

smoother fithess curve




MiUtation

b

a |leeded g add new genesiioniglNeldelk
—optimal solutr_]or?{gxa; not be reached if a

ot present
CREGNIERESY [l e Reil by evolution
' Re 1dem changes to the chromosome:

object parameter mutation

strategy parameter mutation

changes the step size used in object parameter
mutation




object parameter

B R 5.7)

e

sp = (17755, N 5 )

strategy parameter



PISCrEIE Recombination

I&

SIINEer COSSOVENR O] genetlc
zllefoltnl s » s

=g uEINsIeREIIT of receiving each
- parameleitiiom eacn parent

-

(RN 5)(2, 5,28, ... , 14)

2,482 .. )




ermediate Recombination

diteradantthe strategy
PElCINELENS | A
IlENPEaMmE [EBENean value
Orrm@rno 1g parent parameters
' 5 (225, 7 Y

(5, 815, 27 ... "Woi5)



=VolUtion Process

BNSEIENLSI PrEEUEE € children in each
JENEEEN »
FOUIMWIIES Ol OFOCESSES:

>

0fr, ¢
p+C

p/r+c



piC

BPErents produce c children using
i)k 111 (MO recombination)

N Fre ESTH rﬁlrlrﬁ become the parents
- for the iexi"generation

" Parents are n ot part of the next generation
cC=p |
p/r,c IS the above with recombination



o

pHC

“MPNSEIENLS Predlce ¢ children using
frlLtetiio)p) only (n”grg ombination)

p/r+c Is the above with recombination



Climbing

2-dimensional
search space

3rd dimension Is the
fitness

find the
global maximum
(most fit solution In
the space)

Avold local maxima




RUGEED Terrain

More of a challenge
to optimize
easy to get stuck in
the many local
Maxima
Need to
0 mutation and
Crossover rates




Parent

Parent

|:}_1- ) o

Parent

Parent

-

o s - ES

Hill climbing in
action...

Image from http://www2.informatik.uni-erlangen.de/IMMD-
Il/Lehre/SS99/NaturAlgorithmen/Presentations/05.EvolutionStrategies/P
resentation/mutation.html



EVEIUHeNIoa TWwe-Phase Jet
NEZZe

Goal: obtain
maximum thrust

Nozzle represented
by a series of conical
segments

Segments replaced
by rules of 1+1-ES

Optimized Nozzle (80%) Unexpected outcome

Images from
http://www.wi.leidenuniv.nl/~gusz/Flying_Circus/3.Dem
os/Movies/Duese/index.html



=EVeIUeR ol a TWwo-Phase Jet
NeZZle

=ach frame
NIEPIESENTS one
generation
e s o

are needed to see this picture.

image from
http://www.wi.leidenuniv.nl/~gusz/Flying_Circus/3.Dem
os/Movies/Duese/index.html



SUfElteqy

Applicauieons of Evolution
U

]

8 Copjileftireition) %\/e tila ation systems
OIS SIEMS

T Wing Projile and fuselage
corfigurations

Optical cabl!system Jelv/oL



PDiiaWeeksSi 0 GA’'s and ES’s

“WylliictittoNind aniencoding for the
PreIE
~ Diffietlt to defin alid fithess function

#

]\/],./ NeELln the global maximum



Whentie Use GA’s vs. ES’s

=VIelFStrategies

Genetic Al g orithms ' “Good enough” solution
acceptable (ES’s usually
aster; can readily find
local maximum)

8 IVlare lnoarizipitie gl b
oplLimal SeIluEINGA'S,
moerelikeElyaeind glenal

~ maximuniiiusuiy siower;
Sroblem parameters car Problem parameters are
be represented as bit real numbers (engineering

strings (compL atioﬁl problems)

problems)



Neifiisie) 0] MUC ' the advancement of
KIGWWIEE S t pPpRlice |on of a new
o Pr . L

The native ]n"m]] bl al o) owers of men in
® Jrrerem LI not so much the causes of
t (lmerémr s sgf their labours, as the
peculiar nawd [ the means and artificial
resources in yierr possession.

- Sir Humphrey Davy

quoted from Thomas Hager, Force of Nature, Simon and Schuster, New York, 1995, p 86.



Sourees
.

J '-”_
Kelth Kern
Jeremy Dawson



