Evolutionary Algorithms:

A broader perspective
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Modern Evolutionary Computing (EC) /
Evolutionary Algorithms (EAS)

 Pick-and-mix of these foundations and later
elaborations

* Some people are devoted to one method, others
try to choose the best combination of techniques
for each problem

* The literature Is full of tricks to help with
particular situations — Eg. multiple criteria of
fitness, very noisy trials, ways of representing
networks or physical forms, etc.



Is there a “best” algorithm?

 The proven “No Free Lunch Theorem” implies:

— “all algorithms that search for an extremum of a cost function
perform exactly the same, when averaged over all possible cost
functions.” wolpert and Macready (1995)

— "...for any algorithm, any elevated performance over one class of
problems is exactly paid for in performance over another class.”
Wolpert and Macready (1997)

* Applies to all EAs, learning rules for ANNSs, etc

 BUT the result only applies when averaged over ALL
possible fitness functions (or error functions)
— Many of these will be silly/irrelevant

— For a practical area of interest some algorithms WILL be better
than others, but it's largely the collected body of experience in
literature that can guide you.



The Dynamics of GAs

e Borrowing the term from numerical optimisation,
people often say that when the GA can no
longer improve, it has “converged” to a solution.

* Incorrectly, it used to be assumed that this
corresponded to genetic convergence: that
crossover was combining together partial
solutions from individuals all over the search
space until right at the end when all individuals
have become similar.



Example: Thompson’s 1996 “Tone
Discriminator” Evolved Circuit Design

e Circuit represented as
binary genotype,
length 1800 bits

o Standard GA, popsize
50, rank selection,
lelite, p(xover)=0.7,
expected number of
mutations per string =

2.1
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Genetic Convergence
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e Graphs show the number of genotype bits different,
averaged over all possible pairs in the population.

« Even without any selective pressure, the population
converges in < 200 generations. All the action happens
after this!

* Theory indicates that num generations to converge to a
steady state is proportional to population size.



23 Harvey’s “Species Adaptation
GA’s” (SAGA) rationale

« Any finite population will eventually converge to a
steady-state level of genetic convergence, given by the
balance between selection and variation.

* In most GAs this happens very quickly

e Soon, crossover isn’t combining parts of individuals from
all over the search-space, but can play other roles.

 The movie (next) uses Principle Components Analysis
(PCA) to analyse all of the genotypes from the whole
run. Two orthogonal axes are chosen in the 1800-D
space, and the genotypes for the run are projected onto
these.

« Natural evolution, and most GAs, is the movement of a
relatively converged “species” through genotype space

« Long-term open-ended evolution must accept this!






So why doesn’t the population get

stuck at local optima?
Well, it might.

Often, though, even Iif there is no immediate way
of Improving, neutral mutations can accumulate
(“neutral drift”) and move the pop through
search-space until it can improve again.

The search space can be percolated by a
pervasive “neutral network”

This seems to happen in nature, and by accident
In some EA experiments... we can encourage It.



(1+1)ES (ie. just a single-
individual hillclimber) to
design an electronic
circuit

At start of fitness plateau
(a) there is no possible
mutation that improves
fitness (I checked)

3144 neutral mutations
later, circuit (b) has the
same fitness though it is
a noticeably different
circuit: neutral drift

Now a single mutation
(bold wire) gives
Improved circuit (c)
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The Opposite Approach: Genetic
Programming (GP)

Algorithm relies on crossover

Use a big population (even hundreds of
thousands) for few generations (eg. 50)

The algorithm soon stops when the population
converges: If you don’t have a solution, try again
with a bigger population.

Not suited for long-term incremental open-ended
evolution, but very effective as a problem-solver



a4, (—iFi-—alsgrt (*bal ) ) (f(f(—aa) (+thb)) (st (+ab) ) ) (+ba),

Origins of the GP tree-structured genotype: the parse-tree representation (b) of a
LISP program (a). [LISP uses Polish (prefix) notation, and is similar to PROLOG,; the
above is a simple arithmetical expression but the functions could be more complex.]



Crossover in GP
picks a node in
each of two
Individuals and
swaps the
subtrees.

This can work
extremely well,
and combined
with a big
population gives
GP it’s power:
search is rather
different than a
GA with
something like
SAGA going on!




e Mutation at anywhere but a leaf node would change the
meaning of the whole subtree hanging off the mutated
node: we accept this and actually generate a whole
random subtree.

 Disruptive: mutation is a background operator, or may
not be used at all. We rely on the diversity of the big
Initial pop for our source of variety.



“Preparatory Steps” in the GP recipe

WWW.genetic-programming.com

. , . Fitness Termmation Criterion
Terminal Set Function Set Parameters i .
Measure and Result Designation
P

A Computer Program

e The basic setup stays fixed, so a lot of effort goes in to
choosing an appropriate function set (node operations)
and terminal set (leaf nodes — often inputs or evolvable
constants)

 The “Computer Program” is somehow to specify a
solution to your problem. (NB LISP-type programs are
very much easier to evolve than normal code!)



Example of elaborations: ADFs and
subroutine duplication

e ADF =
automatically
defined
function

 This is not the
only
elaboration
widely used




Developmental Encoding

RSOURCE

VSOURCE

Z0

The tree
genotype
specifies a
developmental
program for
“growing” an
electronic
circuit, or
neural net.

Similar tricks
can be used
with other
genotype
structures in
GAS



ST5 Mission

* New Millennium Program
mission

* Three nanosats

* Measure effect of solar
activity on the Earth's
magnetosphere
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Antenna Genotype

« Genotype specifies design of 1 arm Iin 3-space

« Genotype is tree-structured computer program that
builds a wire form
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« Commands: | (f\ :. ........... % ........... g
« forward(length radius) ?3
(x) ()
N AN

« rotate_x(angle)

I\

+ rotate_y(angle) (1) (r2) (%)
* rotate z(angle N o
- ( J ) (\f/’ l‘\i/l

« Branching in genotype =
branching in wire form

Feed
Wire
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Systems Ames Research Center












