The emergence of complex systems

« Networks are potent abstractions of complex
systems
— Agents
— Interactions

¢ To understand complex systems, we ask how
they have emerged
1. Evolution (a theory for the development of biological

systems)

2. Data (fossils/evidence of biological complexity)

The emergence of complex systems

» Evolution (a theory for the development of biological
systems)
— Evolutionary computation (algorithms inspired by theory of
evolution and realised in computational terms)
— Evolutionary computation enables the artificial evolution of
computational models using life-inspired constraints

» Data (fossils/evidence of biological complexity)
— Data-driven analysis of genomic data (large-scale analysis for
“patterns”, utilising statistical and machine learning algorithms)
— Enables the development of computational models using static
but real observations (snapshots of nature)

The emergence of complex systems

« Evolution (a theory for the development of biological
systems)

— Mitchell M., and Forrest, S. (1994). Geneuc algorithms and
artificial life. Artificial Llfe 1(3), 267-289

(http://web.cecs.pdx.edu/~mm/GA.Alife. pdf).

« Data (fossils/evidence of biological complexity)

— Bertone, P., and Gerstein, M. (2001). Integrative Data Mining:
The new direction in Bioinformatics. IEEE Engineering in
Medicine and Biology, 20(4), 33-40.
(http://ieeexplore.ieee.org/xpls/abs_all.jsp?isnumber=20352&arn

umber=940042&count=12&index=2).

Evolutionary Computation

COMP4006/7011
28 August 2006

Learning Objectives
At the end of this lecture students will understand

* What is an evolutionary algorithm?
« Effects of evolutionary operators

» The course of computational evolution
* Interactions between evolution and...

Explaining the improbable

"We animals are the most complicated things in the known universe.
Complicated things, everywhere, deserve a very special kind of
explanation. We want to know how they came into existence and
why they are so complicated.”

"Almost everybody throughout history, up to the second half of the
nineteenth century, has firmly believed in the Conscious Designer
theory.“ (from Dawkins, R., The Blind Watchmaker)

Archdeacon William Paley (1743-1805) - a lecturer in Mathematics at
Cambridge - published one of the best known expositions of the
"Argument from Design".

Paley argued for God's existence saying that there is a major distinction
between living (highly complex) and non-living entities, with living
entities obviously being designed by a creator.




Explaining the improbable

%rom Paley, W., Natural Theology — or Evidences of the Existence and Attributes of

e Deity Collected from the Appearances of Nature)

Explaining the improbable

If we found an object such as a watch upon a heath, even if we didn’t know
how it had come into existence, its own precision, intricacy of design, and
purpose, would force us to conclude "that the watch must have had a
maker". As the watch is to the watchmaker, Nature is to God. Those
organisms were divinely pre-ordained to have the special features they
have.

The main difference between natural and designed objects has to do with
probability: The probability of shaking up a bag of watch elements together
and come up with a working watch is infinitely small — i.e. only one unique
solution.

But shaking up a bunch of rocks together it is very likely to form a mountain. -
i.e. many likely solutions.

However, EVOLUTION may explain the complexity of living things. Evolution is
NOT the random shaking up of parts.

Evolution is the taking of small steps towards a solution, where every step is
under the scrutiny of selection.

Explaining the improbable

Example — given enough time, a monkey
bashing away at random on a tyﬁewmer
could produce all the works of Shakespeare.

Given the sentence “Methinks it is like a weasel”
— how many attempts would it take to get
this right?

27 possible letters (including spaces)

probability of getting first letter = 1/27

probahihty of getting first 2 letters = 1/27 * 1/27 =

probahmty of getting all letters = 1 in about
” mwlllon million million million million

mw

Given me sentence

“METH NKS IT IS LIKE A WEASEL" — how
many attempts would it take to get this right
using cumulative selection

Start with a random string

"WDL MNLT DTJIBKW RZREZLMQOO P*

Now breed from this random phrase: copy the
string with a chance of mutation.

Keep the string which, however slightly, most
resembles the target phrase.

Comp\ex bmlnglca\ systems can also be
ined by cumulative selection (i.e. steps
that mcrease the likelihood of success of an
individual), e.g. the human eye.

Generati on Sel ected string
1 WDL MNLT DTJBKW RZREZLMQXCO P
2 VDLTMNLT DTJBSW RZREZLMXCO P
10 MELDINLS | T | SWPRKE Z WECSEL
30 METHINGS | T | SWIKE B WECSEL
40 METHINKS I T IS LIKE | WEASEL
43 METHINKS I T IS LIKE A WEASEL

Why look to evolution?

» Evolution is inherently interesting

— Evolutionary theories are easy to generate, almost impossible to
test

— EC modelling can be used as a proof of principle, but never
existence proof
» Evolution is an optimization technique
— Biological evolution optimizes organisms to their environments
— EC can be used to optimize programs / processes
 Evolution is the only scientific process to date which has
produced intelligence

— EC can be used in an attempt to understand how human
intelligence works

— May be the best hope for Artificial Intelligence

Evolutionary algorithms (EAS)

 All evolutionary algorithms involve

— a population of individuals

— which undergo repeated generations of genetic modification,
fitness evaluation and fithess-proportionate selection.

The “genetic operators” used to perform the genetic

modifications are simplified versions of those found in biological

systems.

— Many operators have been described in the literature
 Lots of different flavours of EA
« Each makes different decisions about implementation

Learning Objectives
At the end of this lecture students will understand

* What is an evolutionary algorithm?

» Effects of evolutionary operators

* The course of computational evolution
* Interactions between evolution and...




Genetic Algorithms are based on

* Genetics

« Darwin’s principle “survival of the fittest” and
evolution
— Selection
— Recombination/crossover
— Mutation

Concepts

« Genotypes, chromosomes (strings, sequences,
codings of parameters).

* Nucleotides, bases (characters, bits, elements),
alleles (alphabet) and locus (position).

« Phenotypes (candidate solutions, sets of
parameter values, appearance of individuals).

« Fitness (objective function, feedback).

Three genetic operators

¢ Selection
* Recombination/crossover
¢ Mutation
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Selection

» Selection should be fitness proportionate

— fitter individuals should contribute more to the next generation,
on average, than less fit individuals

 selection method should have an element of
stochasticity so that every individual, no matter how unfit,
has a chance of becoming a parent

* If only the fittest individuals in each generation are
allowed to breed the population rapidly converges to the
best solution found early, which is very unlikely to be the
global best solution

« Lots of different selection algorithms, produce different
types of selection pressure

=2

population, which is normally done by simply evaluating the objective function at the point represented
by each member of the population

Selection: Following evaluation, the selection operation is carried out to determine which members of the
current population will participate in producing offspring for the next generation. Of course, they're all
queuing up shouting Me! Me! but the selection operator has to be strict and members are selected for
mating with a probability proportional to their fitness values fi. The most common way to implement this

is to set the selection probability equal to f; / X fi where the summation is over the full population.

Crossover: This is basically the mating operation. To exploit the potential of the current gene pool,
crossover operators are employed to generate new chromosomes that are likely to retain good features
from the previous generation. This involves the swapping of substrings within the bit strings of each
parent (eg the first m bits in the bit string of each parent might be exchanged). The effect of this is similar
to that of mating in the natural world where parents pass on segments of their own chromosomes to their
children

Mutation: The selection and crossover operations on their own can occasionally lead to the search
process concentrating overmuch on a relatively unproductive area of the search space. For this reason, a
E: ) g new (and hence shifting the search

mutation operator, capable of g
to other areas) is included. The most common way of implementing mutation is to flip a bit with a
probability set equal to a very low mutation rate. In this way, mutation takes place relatively rarely, but
can be crucial to finding a good solution to a problem

From Tom Downs, Evolutionary computation
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Tnitial Population ~ Fitness Function Selection Cross—Over Mutation
Example:
\. Fimess eval Fitness eval involves caleulating a fitness value i for each member of the Maximize f(X)=X2; where 0£x£31

« X is coded as a binary unsigned integer (5 bits).

« the fitness function (aka the objective function)
just decodes the binary string into a decimal
number to be compared with others.




The Simple Genetic Algorithm

Initialize Population
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Mating pool \

Roulette wheel selection

Tables from Tom Downs, Evolutionary compttation

What makes GAs different from

The Critter applet traditional search/optimization?

htp:/A itee.ug.edu i html . .

8A:slmple cr(\tler is e iup_petg wl\’lh g;\r)w artificial brain consisting of only * GAS Work Wlth a COdIng Of the Set Of parameters.
neurons (nerve cells in the brain

It has 6 tentacles (sensors or sensing nerve cells if you like) pointing nOt the param ete s themselves-

in three physical directions (forward, left and right). . .

Each nerve can connect to the neurons and the neurons can . GAS Search from a Qopula‘non Of p0|ntsy not a

connect back to neurons according to a network artificially evolved. A .

If an object (food or obstacle) is somewhere along its tentacles a S|ng|e p0|nt.

sensation feeds to the connected neurons.

Two of the neurons are dedicated to feed signals to the two wheels H i 1

(forward, still or backward) at each instant mgt\me. * GAS use Qayoff |nf0, nO'[ de“VatheS or Othel’

One generation lasts 100 steps. il

Each critter is equipped with an energy reserve lasting 50 steps. auxi I Iary knOWIedge'

o mergy. picted s green dots) supples another 10 « GAs use probabilistic rules for transforming

The best critters in each generation (the ones with the greatest

energy store) get to mate and their genes (specifying the network of SyStemS.

con‘necmrr\‘s |n‘éhewr brain) are combined to the offspring which

replaces the old generation . :

Hence, the most suitable brains for the environment are transferred NOt Optlmal' nOt Complete' .

(through recombination and mutation) to the next generation. The
results start to shine through after about 10 generations and after
another 50 they start to look good. After 1000 generations the
critters move around as if they were quite intelligent.

8 queens search Searching a ‘fitness’ landscape




Parameters

1.  Sizeof population. A small population has limited coverage, alarge population may be too

diverse.

2. Number of generations. Typically, one observes the fitness value over generations to decide
when to stop (see below).

3. Genetic encoding of phenotypic features. Representing a “solution". Should be reasonably
stable to operators.

4.  Design of fitness function. Should be realistic but also computationally feasible. Quantifies
performance into asingle value.
5. Selection, strategy for selecting individuals for crossover and/or mutation (selecting the new
generation and killing off the old). Examples:
. Roulette-wheel selection (probability of being selected for breeding is

proportional to fitness).

. Tournament selection (as roulette-wheel but selects two of which only the better
get to breed).

. Linear ranking (orders individuals according to fitness and selects according to
order).

. Stochastic remainder (fitness is first normalized, then each individual over 1 gets
1 offspring, the remainder decides additional offspring based on a tournament
strategy).
6. Probability of mutation.

Other Approaches

» Evolutionary Programming (EP)

— Fogel in the early 1960's, it has no “genomic” representation.
Each individual in the population is an algorithm chosen at
random over an appropriate sample space. Mutation is the only
genetic operator used; EP does not use crossover

» Evolution Strategies (ES)

— Schwefel, also in the 1960s, as an optimisation tool. ES uses a
real-valued chromosome with a population size of one and
mutation as the only genetic operator. In each generation the
parent is mutated to produce a descendant; if the descendant is
fitter it becomes the parent for the next generation, otherwise the
original parent is retained.

And more

« Classifier Systems
— Holland (1975). A classifier takes inputs from the environment
and produces outputs indicating a classification of the input
events. A classifier system produces new classifiers through the
action of a genetic algorithm on the system’s population of
classifiers

* Genetic Programming (GP)
— Koza in the late 1980's, the aim of GP is the automatic
programming of computers; allowing programs to evolve to solve
a given problem. The population consists of programs expressed
as parse trees; operators used include crossover, mutation and
architecture-altering operations patterned after gene duplication
and gene deletion in nature

« Many others, often tailored to problem at hand

Genetic programming

* Video with John Koza




