G

ENETIC

A

LGORITHMS

First Words

Genetic algorithms are a part of evolutionary computing , which is a rapidlygro wing area of artificial intelligence.

As you can guess, genetic algorithms are inspired b yDar win’s theor yabout evolution. Simply said, solution to a problemsolved b ygenetic algorithms is evolved.

History

Idea of evolutionar y co mputing was introduced in the 1960s byI. Rechenberg in his work " Evolution strategies "

( Evolutionsstrategie in original). Genetic Algorithms ( GAs) were invented b yJohn Holland and developed byhim and his students and colleagues. T his lead to Holland ’s book " Adaption in Natural and Artificial Systems " published in 1975.

In 1992 John Koza has used genetic algorithm to evolve programs to perfor mcertain tasks. He called his method

" genetic progra mming " (GP). LISP programs were used, because programs in this language can expressed in the for mof a "parse tree", which is the object the GA works on.

Biology Background

All living organisms consist of cells. In each cell there is the same set of chro mo so mes . Chro moso mes are strings of

DNA and serves as a model for the whole organism. A chromo so me co nsist of genes , blocks o f DNA. Each gene encodes a particular protein. Basicallycan be said, that each gene encodes a trait , for example color of eyes.

Possible settings for a trait (e.g. blue, brown) are called alleles . Each gene has its o wn position in the chro moso me.

T his position is called locus .

Co mplete set o f genetic material (all chro mo so mes) is called geno me . Particular set of genes in geno me is called genotype . T he genotype is with later develop ment after birth base for the organism’s phenotype , its physical and mental characteristics, such as eye color, intelligence etc.

During reproduction, fir st occurs reco mbination (or crossover ). Genes fro mparents for min so me way the whole new chro mo so me. T he new created offspring can then be mutated. M utation means, that the elements of DNA are a bit changed. T his changes are mainlycaused b yerrors in copying genes fro mparents.

T he fitness of an organism is measured b ysuccess of the organismin its life.

ProblemSolving and Search Space

If we are solving so me problem, we are usuallylooking for so me solution, which will be the best among other s. T he space of all feasible solutions (it means objects amo ng those the desired solutio n is) is called search space (also state space). Each point in the search space represent one feasible solution. Each feasible solution can be "marked" byits value or fitness for the problem. We are looking for our solution, which is one point (or more) amo ng feasible solutio ns ˘ that is one point in the search space.

T he looking for a solution is then equal to a looking for so me extreme ( minimum or maximum) in the search space.

T he search space can be whole kno wn b ythe time of solving a problem, but usually we know o nly a few points fro m it and we are generating other points as the process of finding solution continues.

T he problemis that the search can be ver yco mplicated. One does not kno w where to look for the solution and where to start. T here are many methods, ho wto find so me suitable solution ( ie. not necessarily the best solution ), for example hill cli mbing , tabu search , si mulated annealing . T he solutions found b ythese methods are often considered as a good solution, because it is not o ften possible to prove what is the real optimum.

Basic Descriptionof GAs

Genetic algorithms are inspired b yDar win’s theor yabout evolution. Solution to a problemsolved b ygenetic algorithms is evolved.

Algorithm is started with a set of solutions (represented by chro mo so mes ) called population . Solutions fro mo ne population are taken and used to for ma new population. T his is motivated b ya hope, that the ne wpopulation will be better than the old one. Solutions which are selected to for mnew solutio ns ( offspring ) are selected according to their fitness ˘ the more suitable they are the more chances they have to reproduce.

T his is repeated until so me conditio n (for examp le number of populatio ns or improvement o f the best solutio n) is satisfied.

Outline of the Basic Genetic Algorithm

1.

� [Start] Generate randompopulation o f n chro moso mes (suitable solutions for the problem)

2. � [Fitness] Evaluate the fitness f(x) o f each chro moso me x in the population

3. � [New population] Create a new population b yrepeating follo wing steps until the new population is

complete

1. � [Selection] Select two parent chro moso mes fro ma population according to their fitness (the better

fitness, the bigger chance to be selected)

2. � [Crossover] With a crossover probabilitycross over the parents to for ma new offspring

(children). If no crossover was perfor med, offspring is an exact cop yof parents.

3. � [M utation] With a mutation probabilitymutate new offspring at each locus (position in

chro moso me).

4. � [Accepting] Place newoffspring in a new populatio n

4. � [Replace] Use new generated population for a further run o f algorithm

5. � [Test] If the end condition is satisfied, stop , and retur n the best solution in current populatio n

6. � [Loop] Go to step 2

As you can see, the outline of Basic GA is ver y general. T here are manythings that can be implemented differently

in vario us problems.

First question is ho w to create chro moso mes, what type of encoding to choose. With this are connected crossover

and mutation ˘ the two basic operators of GA.

Next question is ho w to select parents for crossover. T his can be done in manyways, but the main idea is to select

the better parents (in hope that the better parents will produce better offspring). Also yo u maythink, that making

new population only b ynew offspring can cause lost of the best chro mo so me fro mthe last populatio n. T his is true,

so so called elitism is often used. T his means, that at least one best solution is copied without changes to a ne w

population, so the best solution found can sur vive to end of run.

So me of the concerning questions will be discussed later.

T he crossover and mutation are the most important part of the genetic algorithm. T he performance is influenced

mainlyb ythese two operators. Before we can explain more about crossover and mutation, so me infor mation about

chro moso mes will be given.

Encoding of a Chromosome

T he chromoso me should in some way contain infor matio n about solution which it represents. T he most used way of

encoding is a binar ystring. T he chro moso me then could look like this:

Chro mo so me 1 1101100100110110

Chro mo so me 2 1101111000011110

Each chro moso me has one binar y string. Each bit in this string can represent so me characteristic o f the solutio n. Or

the whole string can represent a number ˘ this has been used in the basic GA applet.

Of course, there are many other ways o f encoding. T his depends mainly on the solved problem. For example, one

can encode directlyinteger or real numbers, so metimes it is useful to encode so me per mutatio ns and so on.

Crossover

After we have decided what encoding we will use, we can make a step to crossover. Crossover selects genes fro m

parent chro moso mes and creates a new offspring. T he simplest way ho w to do this is to choose rando mly so me

crossover point and ever ything before this point cop yfro ma first parent and then ever ything after a crossover point

copyfro mthe second parent.

Crossover can then look like this ( | is the crossover point):

Chro mo so me 1 11011 |00100110110

Chro mo so me 2 11101 |11000011110

Offspring 1 11011 | 11000011110

Offspring 2 11101 | 00100110110

T here are other ways ho wto make crossover, for examp le we can choose more crossover points. Crossover can be

rather co mplicated and ver ydepends o n encoding of the encoding of chro moso me. Specific crossover made for a

specific problemcan improve perfor mance of the genetic algorithm.

Mutation

After a crossover is perfor med, mutation take place. T his is to prevent falling all solutions in pop ulation into a local

optimum of solved problem. M utation changes rando mly the new o ffspring. For binar yencoding we can switch a

few rando mly chosen bits from 1 to 0 or from0 to 1. Mutation can then be follo wing:

Original offspring 1 110 1 111000011110

Original offspring 2 110110 0 1001101 1 0

Mutated offspring 1 110 0 111000011110

Mutated offspring 2 110110 1 1001101 1 0

T he mutatio n depends on the encoding as well as the crosso ver. For example when we are encoding per mutatio ns,

mutation could be exchanging two genes.

GA parameters

T here are two basic parameters of GA - crosso ver probabilityand mutation probability.

Crossover probability says ho w often will be crossover perfor med. If there is no crossover, offspring is exact copy

of parents. If there is a crossover, offspring is made fro m parts of parents’ chro moso me. If crossover probabilityis

100% , then all offspring is made b ycrossover. If it is 0% , whole new generation is made fro mexact copies of

chro moso mes fro mold population (but this does not mean that the new generatio n is the same!).

Crossover is made in hope that ne w chro mo so mes will have good parts of old chro moso mes and maybe the new

chro moso mes will be better. Ho wever it is good to leave so me part of population survive to next generation.

M utation probability says how often will be parts of chro moso me mutated. If there is no mutation, offspring is

taken after crossover (or copy) without anychange. If mutatio n is perfor med, part of chro moso me is changed. If

mutation probabilityis 100% , whole chro mo so me is changed, if it is 0% , nothing is changed.

Mutatio n is made to prevent falling GA into local extreme, but it should not occur ver yo ften, because then GA will

in fact change to rando m search .

T here are also some other parameters of GA. One also important parameter is populatio n size.

Population size says ho w many chro moso mes are in population (in one generatio n). If there are too few

chro moso mes, GA have a few possibilities to perfor mcrossover and only a small part of search space is explored.

On the other hand, if there are too manychro moso mes, GA slo ws do wn. Research sho ws that after so me limit

( which depends mainlyo n encoding and the problem) it is not useful to increase population size, because it does not

make solving the problemfaster.

Selection ˘ Introduction

As you alread ykno wfro mthe GA outline, chro moso mes are selected fro m the populatio n to be parents to

crossover. T he problemis how to select these chro moso mes. According to Dar win’s evolution theor ythe best ones

should sur vive and create new offspring. T here are many methods ho wto select the best chro moso mes, for example

roulette wheel selection, to urnament selectio n, rank selection, stead ystate selectio n and some others.

Roulette Wheel Selection

Parents are selected according to their fitness. T he better the chro moso mes are, the more chances to be selected they

have. I magine a roulette wheel where are placed all chromoso mes in the populatio n, each has its place big

accordinglyto its fitness functio n, like on the follo wing picture.

T hen a marble is thro wn there and selects the chro mo so me. Chro moso me with bigger fitness will be selected more times.

T his can be simulated b yfollowing algorithm.

1. � [Sum] Calculate sum of all chro moso me fitnesses in population - sum S .

2. � [Select] Generate rando mnumber fro minterval (0,S) - r .

3. � [Loop] Go through the populatio n and sum fitnesses fro m 0 - sum s . When the sum s is greater then r , stop and return the chro mo so me where you are.

Of course, step 1 is performed only once for each population.

RankSelection

T he previous selection will have problems when the fitness differs ver y much. For example, if the best chro moso me fitness is 90% of the roulette wheel then the other chro mo somes will have ver yfew chances to be selected.

Rank selection first ranks the population and then ever y chromo so me receives fitness fro mthis ranking. T he worst will have fitness 1 , second worst 2 etc. and the best will have fitness N (number of chro moso mes in population).

You can see in follo wing picture, ho w the situatio n changes after changing fitness to order number.

Situation before ranking (graph of fitnesses)

Situation after ranking (graph of order numbers)

After this all the chro mo so mes have a chance to be selected. But this method can lead to slower convergence, because the best chro moso mes do not differ so much fro mother ones.

Steady-State Selection

T his is not particular method of selecting parents. Main idea of this selection is that big part of chro moso mes sho uld sur vive to next generation.

GA then wor ks in a follo wing way. In ever ygeneration are selected a few (good - with high fitness) chro moso mes for creating a new offspring. T hen so me (bad - with lo w fitness) chro moso mes are remo ved and the ne wo ffspring is placed in their place. T he rest of population sur vives to new generatio n.

Elitism

Idea of elitismhas been already introduced. When creating new populatio n b ycrossover and mutation, we have a big chance, that we will loose the best chro moso me.

Elitism is name of method, which first copies the best chro moso me (or a fewbest chro mosomes) to new populatio n.

T he rest is done in classical way. Elitism can ver yrapidlyincrease perfor mance of GA, because it prevents losing the best fo und solutio n.

Encoding ˘ Introduction

Encoding o f chro mo so mes is one of the problems, when yo u are starting to solve problemwith GA. E ncoding ver y depends on the problem.

In this chapter will be introduced so me encodings, which have been alread yused with so me success.

Binary Encoding

Binar yencoding is the most co mmo n, mainly because first wor ks about GA used this type o f encoding.

In binary encoding ever y chro mo so me is a string of bits , 0 or 1 .

Chro mo so me A 101100101100101011100101

Chro mo so me B 111111100000110000011111

Example of chromosomes with binary encoding

Binar yencoding gives many possible chro mo so mes even with a small number of alleles. On the other hand, this encoding is often not natural for manyproblems and so metimes corrections must be made after crossover and/or mutation.

Example of Problem : Knapsack problem

The problem : There are things with given value and size. The knapsack has given capacity. Select things to maximize the value of things in knapsack, but do not extend knapsack capacity.

Encoding: Each bit says , if the corresponding thing is in knapsack.

Permutation Encoding

Permutation encoding can be used in ordering problems, such as travelling salesman problem or task ordering problem.

In permutation encoding , ever y chro mo so me is a string of numbers, which represents number in a sequence .

Chro mo so me A 1 5 3 2 6 4 7 9 8

Chro mo so me B 8 5 6 7 2 3 1 4 9

Example of chromosomes with permutation encoding

Permutation encoding is only useful for ordering problems. Even for this problems for so me types o f crossover and mutation corrections must be made to leave the chro moso me co nsistent (i.e. have real sequence in it).

Example of Problem : Travelling salesman problem (TSP)

The problem : There are cities and given distances between them. Travelling salesman has to visit all of them, but he does not to travel very much. Find a sequence of cities to minimize travelled distance.

Encoding: Chromosome says order of cities, in which salesman will visit them

Value Encoding

Direct value encoding can be used in problems, where so me co mplicated value, such as real numbers, are used. Use of binar yencoding for this type of problems wo uld be ver ydifficult.

In value encoding , ever ychromoso me is a string o f so me values. Values can be anything connected to problem, for mnumbers, real numbers or chars to so me co mplicated objects.

Chro mo so me A 1.2324 5.3243 0.4556 2.3293 2.4545

Chro mo so me B ABDJEIFJDHDIERJFDLDFLFEGT

Chro mo so me C (back), (back), (right), (for ward), (left)

Example of chromosomes with value encoding

Value encoding is ver ygood for so me special problems. On the other hand, for this encoding is often necessar y to develop so me new crosso ver and mutatio n specific for the problem.

Example of Problem : Finding weights for neural network

The problem : There is some neural network with given architecture. Find weights for inputs of neurons to train the network for wanted output.

Encoding: Real values in chromosomes represent corresponding weights for inputs.

Recommendations on Parameters of GA

T his chapter should give you so me basic reco mmendations if you have decided to implement yo ur genetic algorithm. T hese reco mmendatio ns are ver ygeneral. Probably yo u will want to experiment with your o wn GA for specific problem, because todaythere is no general theor y, which wo uld describe parameters o f GA for any problem. Reco mmendations are often results of so me empiric studies o f GAs, which were often perfor med onlyo n binar yencoding.

· � Crossover rate

Crossover rate generallysho uld be high, about 80%-95% . (However so me results sho w that for so me problems crosso ver rate about 60% is the best.)

· � M utation rate

On the other side, mutatio n rate sho uld be ver ylo w. Best rates reported are about 0.5%-1% .

· � Population size

It maybe surprising, that ver ybig population size usually does not improve perfor mance o f GA (in meaning of speed of finding solution). Good population size is about 20-30 , however so metimes sizes 50-

100 is reported as best. Some research also sho ws, that best populatio n size depends on encoding, on size of encoded string . It means, if yo u have chro mo so me with 32 bits, the population sho uld be say32, but surely two times more than the best population size for chromo so me with 16 bits.

· � Selection

Basic roulette wheel selection can be used, but rank selection can be better sometimes. Check part about selection for advantages and disadvantages. T here are also some more sophisticated methods, which changes parameters of selection during run o f GA. Basically they behaves like simulated annealing. But surely elitis m should be used (if yo u do not use other method for saving the best solution found). You can also tr ystead ystate selection.

· � Encoding

Encoding depends on the proble m and also on the size of instance of the problem. Check part about encoding for so me suggestio ns.

· � Crossover and mutation type

Operators depend on encoding and on the problem.

Applications of GA

Genetic algorithms has been used for difficult problems (such as NP-hard problems), for machine learning and also for evolving simple programs. T heyhave been also used for so me art, for evolving pictures and music.

Ad vantage of GAs is in their parallelis m . GA is travelling in a search space with more individuals (and with genotype rather than phenotype) so they are less likely to get stuck in a local extreme like so me other methods.

T heyare also easy to implement. Once yo u have so me GA, you just have to write new chromo so me (just one object) to solve another problem. With the same encoding yo u just change the fitness functio n and it is all. On the other hand, choosing encoding and fitness function can be difficult.

Disadvantage of GAs is in their co mp utatio nal time. T heycan be slo wer than so me other methods. But with today comp uters it is not so big problem.

T o get an idea about problems solved b yGA, here is a short list of so me applications:

· � Nonlinear dynamical systems - predicting, data analysis

· � Designing neural networ ks, both architecture and weights

· � Robot trajectory

· � Evolving LISP programs ( genetic programming)

· � Strategy planning

· � Finding shape of protein mo lecules

· � T SP and sequence scheduling