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Preface

SwarmOpss a sourcecode libraryfor doing numerical optimizatio he origins of
the libraryare in the experiments | started conducting as an tgrdeluatestudent
in the year 2003. The sourcede from back then had accommodated manyreliffe
ent kinds of experimentshile | wastrying to figure out what optimization mettto
ology worked best, and as a result the scoome wagyettingvery complexWhen
| started doig my PhD work | rewrote the sourcedeinto what eventually became
this SwarmOps libraryimplementing the features | knew were truly usefudid
some preliminary tests teterminewhat language tomplementSwarmOps in, and
decided towrite SwarmOpsn the C programming language to makehg most
compatibleand also runtimeefficient; but this also means the implementation is
sometimes more awkward thént had been written in a higher level programming
languagel have not included an index in hmanual because | assumevill be
studiedon a computer wheriés contents can be search&bdspeed!

M. E. H. Pedersen, Hundested/Denmaiky 2008
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1. Introduction

SwarnOps is a sourceode libraryfor doing numerical optimizatiom the C po-
gramminglanguage.SwarmOps is especially suited for finding the behaviouaal p
rameters of an optimization method that makes it perform its bgstmploying
another overlaid optimization methothisis known here as Met@ptimization(or
MetaOptimisation)but is also known in the literature as MeEaolution, Super
Optimization, Parameter CalibratioRarameter Tuninggtc. The success of Swa
mOps in doing metaptimization ismainly due tothree things:

1. SwarmOps uses the sairumctioninterface for an optimization problem and
an optimizationrmethod, meaning that an optimization method is also densi
ered an optimization problemThis modular approach allows for meta
optimization, metametaoptimization, and so on.

2. SwarmOps employs a sihgptime-saving techniquealled PreEmptive Ft-
ness Ewaluation which makes metgptimization more tractabl® execute

3. SwarmOps features a simple optimization method that works well as the
overlaid meteoptimizer, because it is usually able to find thestbeeha-
ioural parameterfor an optimization methodsingonly a fairly small nun-
ber ofiterations.

Furthermore, SwarmOps suppotte use ofcustom optimization problems and

methodsmplementedn both the C and C++ programming languages.

1.1 Manual Outline

This manual describes how to USearnOps andconsists mainly of tutorialsThe

manual is divided into the following chapters:
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1 Chapterlis this introduction
Chaper 2is an installation manual.
Chapter3 is a brief conceptual descripn of what Optimization, Meta
Optimization, and MetdMetaOptimization is all about

1 Chapter4 gives brief mathematical descriptions of the optimization methods
included inthe SwarmOps library.

1 Chapterb containstutorials for using SwarmOpsith benchmark problems.

1 Chapter6 contains tutorials for using SwarmOps with custom optimization
problems.

1 Chapte 7 contains tutorials for implementing custom optimization methods

in SwarmOps.

1.2 License

The SwarnOps sourcecode is published under the GNU Lesser General Public L
cense(l), which essentially means that you may distribute commercial programs
that link with theSwarnOps library, as well as make alterations to 8vearnOps

library itself. There are certain terms to be met though, but for those details please
see the licese included in the sour@®de distribution.

This manual may be downloaded, printed, and used for any personal plase,
commercial or noitommecial, provided the author(s) are not held responsible for
your actions, or any damageusad by your usef the manuallf you want to ds-

tribute the manual commercially, for example in a printed book, or on gagb

that requires payment, then you must obtain a license from the author(s).
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1.3 Updates

To obtain updates to ti&warmOps sourcecode library or tayet newer revisions of

this manualgo tothe library's webpagat http://www.Hvassl.abs.org/
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2. Installation

This chapter describes the various ways of installing and using the SwarmOps
sourcecode library.The chapter assumes you have already downloadelttss

sourcecode archivehroughthe internetvebsite http://www.Hvass abs.org/

After you have got the sour@®de to compile see the tutorials in chap&and7

on how to include and use SwarmOps in your own program.

2.1 Mirror Development Path

The easiest way to install and use Swarm@p$icrosoftVisual C++ is to mirror
the directory path of the development computer. thét ANSI C librariesfrom
Hvass laboratoriesare locatedn the following pathon that computer

C:\UsersMagnusDocument¥DevelopmentibrariesHvassLabsC

To install the SwarmOps sourcede simply urzip the archive to this patland you
should be able to open and use the MS Visual C++ projects¥susshould do the

same for RandomOps.

2.2 New Devebpment Path

If you do not wish to mirror the directory path of the development computer, but
would still like to reuse the MS Visual C++ projects included with the SwarmOps
library, then you will have to manually alter all paths in the compilation projects
The compiler should inform you whenewou have an incorrect path that needs to

be changed.
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2.3 Direct Compiling

Another easy way of using SwarmOps in your own scuozke is toadd all header
and sourcdiles of SwarnOps directly to your own project, teelbcompiled along
with your own sourcdiles. This however, is somewhat awkward if you have mult
ple projects where you need to use the SwarmOps soadse in which case you

ought to build a separate SwarmOps libyay described next

2.4 NewLink-Library

If you requireSwarnmOpsin several of your own projectsut are unable to mirror

the development patlo r per haps youOdANS|I Ceamnpilergthea d i f f €
you may wish tacreate aseparatdink-library yourself. How to do this differs from

compiler tocompiler, kut after the project for the linkbrary has been created and

compiled, you just include the appropriate Swarm@padeifiles (see the tutorials

in chapters, 6 and7) and link with the library you just created.you furthermore

create a compilation dependency for the SwarmOpdilanéry, then you are always

ensured the SwarmOps librarycismpiledfirst.

2.5 Requirements

This section describes the various requirements for SwarmOps to compile and work.

RandomOps

The SwarmOpdibrary implements stochastic optimization methods which require a
PseudeRandom Number Generator (PRN@®) work. By default SwarmOps use
the RandomOps libraryersion 1.2 or late(2), but this may be easily chartyd
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you wish to use another PRNG library. To do teisnply alter all the functions in

the Random.c sourcéle located in the SwarmOpsToolsdirectory to use the
PRNG library of your choice instead.

10
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3. What Is Optimization?

This chapter describes tlkenceps of Optimization, MetaOptimization, andVeta

MetaOptimization.

3.1 Optimization

Solutions to some problems are not merely deemed correct or incorrect ot are i
stead rated in terms of quality. Such problemskaevn as optimization problems

because thgoalis to find the solution with the beghét is,optimal) quality.

Fitness Function

The SwarmOps library is concerned with reatledand singleobjective optimiza-
tion problems, that is, optimizatioproblems which map solutions frora-
dimensional reaValued spaces to orttmensional realalued spacesViathemait
cally speakingve consideroptimization problems to beinctions "Qof the following
form:
At o g

In SwarmOps it is assumed thH&lis a minimization problem, meaning that ae
searching for the solutiod@™ ¢ with the smallest valu&e). Mathematically this
may bewritten as:

Find @such that! @~ a¢:"Qé) Q&)
Typically however, it is not possible to locate the exact optimum and we must be
satisfied with a solution dfufficiently good quality, but perhaps not strictly optimal.
In this manual we shall refer to the optimization probl€as the fithess functigon

but this is also known in the literature as the cost functionothective function,

11
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the error function, the quality measure, etc. We shall sometimes refer to candidate
solutions as positions, and as the space of possible solutions (or positions) as the
searchspace.

Maximization
SwarmOpscan also be usedith maximization problems. Assuni@s¢ © g is a
maximization problenthenthe equivalent minimization probleifis merely.

Vo = Té)

Boundaries
SwarmOps allows for a simple type of constraintanely searcispace boundaries.
Instead of lettingQmap from the entiré -dimensional reavalued space, it is often
practical to use only a part of this vast seasphace. The lower and upper boand
ries that constitute the searspace arelenotedas@; and (ﬁ,r‘, so the fitness fun
tion is of the form:

QB © 3
Such boundaries are typically enforcedthe optimization methods by saturating
candidate solutions to the boundary values, meaning that if a candidate solution

steps over a bouady then thecandidate solution is moved back to theundary

value.

Non-Negative Fitness

An important feature of the SwarmOiitlsrary is that of MeteOptimization. To use
metaoptimization however, you must ensure that your fitness functiomors

negative.The reason for this will be described in greater detail in se8tinelow.

12



SwarmOps

Gradient-Based Optimization

The classic way of optimizing a fitness ftion "Qis to first deduceits gradient
n"Qat¢ O q¢ consistingof the partial differentialof "Qthat is:
"0 0
o 1By 8
Then the gradient is followed iteratively in the direction of steepest descent. This
requires not only for the fitness functid@o be differentiable, buhe gradient can

also be very laborious to derive, and the executiorbeaery time-consuming.

Black-Box Optimization

An alternative to gradieriased optimization methods is to let the optimizatian pr
gress be guided solely by the fitness values. This kind of optimization has no e
plicit knowledge of how the fitness landscape lqdkg merely consiers the fitness
function to be a black box that takes candidate solutions as input and produces some
fitness value as outpurthis is called BlackBox optimization here but is also known

in the literature as Direct Search, Métauristics, etc.

Swarm & Agent Terminology

We use the terragentsynonymouly to a position in the seargpace andhe term
swarmasa collection of such agentshe image being thanaptimization method

will move its agen(s) around in the searespace in an attempt to improve fitness.
Some optimization methods employ just a single agent which they move around in
the searctspace, while other optimization methods work by combining the effort of
multiple agents. In the literatel agents are sometimes known as individualsj-part

cles, etc.and swarms are sometimes known as populatidese weuse a uniform

13
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description of all optimization methods to make their presentations easier t® unde

stand in relation to each other.

3.2 Meta-Optimization

Optimization methods usually have a number ofwsfined parameters that govern
the behaviour and efficacy of the optimization method. Finding the best choice of
these behavioural parameters has previously been done manudipnéiuning
andsometimes using coarse mathematical analysis. But tuning behaviourakparam
ters can be considered an optimization problem in its own right and hence solved by
an overlaid optimization method. This is known here as NDgtamization, but is

also known in tre literature asMeta-Evolution, SupeOptimization, Parameter
Calibration, etcThe success of SwarmOps in doing rrgbéimizationstems mainly

from threethings, first that SwarmOps features an optimization method thpat-is
ticularly suitable as the oviaid metaoptimizerbecause iguickly discoves the best
performing behavioural parametdthbis isthe LUS methodlescribedn section4.7
below), and second beaae SwarmOps employs a simple technique for reducing
computational time called REmptive Fitness Evaluatiomnd third because Swa
mOps uses the same functimterface for both optimization problems and optim
zation methods A number of scientific pubtdiations use SwarmOps for meta
optimizationand have more elaborate descriptitmsnthosegiven hereas well as

havingliterature surveyand experimental resuliglease se€3) (4) (5) (6).

Conceptlllustration

The overall concept of metgptimization can be illustrated schematically:

14
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Meta-Optimizer (e.q. LUS)

Optimizer (e.q. DE)

Problem 1

Problem 2

Here the optimization method whose behavioural parameters are to be tuned is taken
to be the DE method (describkderin section4.9). The SwarmOps framework-a

lows for parameters to be tuned with regard to multiple optimization problems,
which is sometimes necessary to make the performance of the behavioura-param
ters generalize well to problems other than those the parameters were specifically

tuned for.In thisexamplethe DE parameters are tuned for two problems.

Choice of MetaOptimizer

The LUS method described in sectii? has been found to be particularly suitable
as the overlaid metaptimizer, because iusually israpid in finding the best pe
forming behaviouralparameter®f another optimization methodhis is important
because metaptimization remains a very expensive tagk each iteration of the

metaoptimizer consists of performing a numberepeateduns of the optimizer.

15
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Pre-Emptive Fitness Evaluation

A simple technique wassedin (3)(4)(5) for saving computational time when doing
metaoptimization. The technique is called FEeptive Fitness Evaluation because
it consists of aborting metafitness evaluation once it becomes known thabi#s
not lead tathe discoveryf improved parameterdhe technique is simple to ingpl

ment and yields aubstantiatime-saving of 5685%.

Non-NegativeFitness

It is important to stress that fithess functions must benewgative to work properly
with metaoptimization inSwarmOps This is becausef the SwarmOpaise ofPre
Emptive Fitness Evaluatiothat works by summing fitness values for severai-opt
mization runs, and aborting th&aimmationwhen the fithess sum becomes worse
than that needed for the new solution to be accepted iaspgrovement. This means
the fitness values must be npagative so the fithess sum is only able to grow worse
and the evaluation can thus be aborted safely. In practice, this means you should
only use fitness functions which map to roggative fithnessalues:

Q& @y © [0,H)
You may have some fitness functi@which maps to, saly 4,H), and you would
then have to implement an equivalent functi@mapping to nomegative fitness
values, which for this example would me&m = Q@ + 4. You should b able
to deduce such a lower fitness boundary for mostweald problemsandif you
are unsure what the theoretical boundary value is, you may just choose soue boun

ary fitness value of ample magnitude.

16
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Advice

The experimental settings advisable doing metaoptimizationaredescribed in the
tutorialsof chapters$ and6. As previously mentioned, the LUS method is generally
recommended as the overlaid mefaimizer, and the DE method is recommended
as the optimizernt is thenbest if you can perform metgptimization with regard to
the problems you are ultimately ggitio usethe optimization methodor, and also
with the sameoptimization settings that wikventuallybe usedHowever, if your
fitness function is very expensive to evaludtenyou may try and resort to using
benchmark problemas a temporary replacememhen metaoptimizing thebehar-
ioural parameters of your optimization meth@dthough scientific results do not yet
exist on this matter preliminary results seem to suggest that it is possibleséo
benchmarkproblemsin metaoptimization provided you use multiple benchmark
problems and providedthe optimization settings are similar ttee settingghat are

to beusedfor the real problem. Tén lattermeans that you should use benchmark
problems of similar dimensionality amdth similar optimizaéion runlengths as you

would use for thectualproblem you are ultimately going to optimize.

3.3 Meta-Meta-Optimization

In using meteoptimization to find the best performing parameters of some ogimiz
tion method, one may naturally asletquestion: What ardenthe best performing
parameters for the metatimizeritself? It makes good sense to find the best meta
optimizer if one is going to use it a JoaAnd the best parameters for the meta
optimizer can be found byngloying yetanother layer of optimizatigrwhich will

be known here as MetaMetaOptimization (some might calit MetaMeta

Evolution). The SwarmOps frameworkaturally supportsmetametaoptimization

17
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due to its use of the same interface for both optimization prokd@chgnethods, so
an optimization method is considered to be an optimization problem asAndll.
due to the modular SwarmOps framework this also means that angnofheta
layersis supported; although it may not be theefulto go further than the Ma
Metalayer, in part because etametaoptimization isalreadyvery time-consuming
to execute but alsobecause mostesearchersvill be satisfied with a good meta
optimizer and do not need an optimal retataoptimizer as wellExperiments are
currently being conducted in met@etaoptimization and may appear in scientific

publications at a later date.

Concept lllustration

The overall concept of metaetaoptimization can be illustrated schematicadly
follows. Note that the SwarmOps framework supports both the use of mdpfle
mization problemsas well as multiple optimizers when doing metaneta
optimization This is useful because it allows the behavioural parameters of the
metaoptimizer to be metmetaoptimized with regardto several optimizers, and
this will hopefully make the metaptimizer work well in finding parameters for
optimizers it was not specifically tuned fdrhe schematic drawing of metaeta

optimization is:

18
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Meta-Meta-Optimizer (e.q. LUS)

Meta-Optimizer (e.q. LUS)

Optimizer (e.g. DE) Optimizer (e.q. PSO)
Problem 1 Problem 1
+
+ +
Problem 2 Problem 2

Choice of MetaMeta-Optimizer

The success of metaetaoptimization depends on the proper choice of rne¢ta
optimizer, which must be able to quickly find the best parameters for the meta
optimizerso as to keep the timesageaslow as possiblelt can ke expected he-
ever, that the metitness landscape is fairly smoadhd the LUS methotherefore

alsoappears to bsuitable as the metaetaoptimizer.

19
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4. Optimization Methods

This chapter gives brief mathematical descriptions of the optimization metiettds

are suplied with the SwarmOps library andaommendations fdaheir use

4.1 Mesh (MESH)

The fitness carbe computed at regular intervals of thearchspaceusing the
MESH methodFor increasingearchspacedimensionaliy, this ncursan expons-
tially increasing number of mesgioints, in order to tain a sinlar intervatsize
This phenomenon igvhat is known as the Curse of Dimensionalithe MESH
method is used as any othgatimization method in SwanOps, and will indeeder
turn asits soltion the meshpoint found tohawe the best fithessThe quéty of this

solutionwill depend on how coarse or fine the mesh is.

Advice

The MESH methocutomaticallydeduceghe resolution fromthe total number of
fitness evaluations allowedt is therefore recommended that yoat&mine the
number of fitness evaluations allowed, by time available divided by the time it
takes to make one fitness evaluation (you will have to time this your3é&lé).
MESH method is mobkt usedto makeplots of the fithesslandscapdor simpler q-
timization problems, or to studilow differentchoices of behaviourglarametes
influence an optimizain methods performancethat is, how does the meiitness
landscape lookThe ldter is in fact setup in the Md#VetaBendimarksc source

code fileandcorrespondingompilation project

20
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4.2 Gradient Descent (GD)

The classic way ofminimizing some fitness functiofiQsé © g is to repeatedly
follow the gradient in the direction of steepest descent. The grafliantion
n"Qa¢ O q¢ js defined as the vector of the partial different@flX) that is
‘0 "0
n"Q= TT_(‘q’8 TTK
The positionamis first chosen randomly from the seaigbace, and then updatéds i

eratively according to the following formuleegardless of fithess improvement:

o\ ® ’QHQ"Q(@
A "Qa) £
With 'Q> 0 being the stesize.Note that due to the assumption tf@s a minim-
zation problem the descent direction is followed, that is, we subtract the gradient

from the current positiomstead of adding it.

Advice

The GD methodas some drawbasknamely that irequires the gradiemt’Qto be
defined and that it may approach the optimum too slovy. the other hand, the

GD method isusually quite reliable in terms ofhe results that arebtained The

GED variantdescribed next offers a way to save computational time for sdame fi
ness functions. Other variants of the GD method are also in existence for improving
performanceand time usagebut they are beyond the scope of the Swarm®ps |
bray, where the GD method has just been providegimposes obasiccompar-

sonto black-box methods

21
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4.3 Gradient Emancipated Descent (&D)

Some fitness functions aneuch moreime consuming to evaluatban the gradient
and in sucltase it may sometimes bpossibleto follow the gradient for a number
of iterations before revaluating the fitnesdt should be notedhowever,that fd-
lowing the gradienin steepest descedbes notguaranteean improvement in f
ness, whence we cannotfju®mpute he fitness of thdinal position, but will have
to compute the fithess durirtge optimizationrun as well This variant of the GD
method is known as Gradient Emancipated Descent (GED)is taken frong3).
The GED methodntroduces gprobability parameter which determinesvhether
the fitness should be evalied.

Advice

If you are going to use the GD method to optimize a computationally intensive fi
ness function, then it may be beneficial to try apdmize the function using the

GED method firstlt may not work as well as the GD method, but may give you an
indication of what kind of performance can be expected from the GD metindd

only using a small fraction of the computational tiftenay dso give you a result

that you can use for seeding the GD method, so as to start its optimization run at a
beter position in the searespace, instead of just letting it start at a randomby ch

sen position.

4.4 Random Sampling (RND)

When the gradient of theifiction to be optimized is unavailable then we must resort

to BlackBox optimization methods. The easiest way of performing bleokopt-

22
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mization is to pick candidate solutions from the entire sespelte completely at

random. This optimization methodkaownhere as Random Sampling (RND).

Advice
As can be expected the RND method is very inefficiendl it is recommended that

you only use the RND method to get a fithess measure for usgesoanance

baselevel in comparison with other optimizatiomethods.

4.5 Hill Climber (HC)

One of the easiest ways of improgion completely random samplimgto perform
the sampling locally from the currently béstown position in the searegpace, and

then repeat this iteratively until a position with sufficiergbod fitness is found.

Local Sampling
Several optimization methods in SwarmOps emgmal sampling as described
now: For reatcodedé¢ -dimensional searebpaces the current position may ke d
notedéd™ si¢ and the new potential positi@is found as fdbws:

®= @+ @

Where®~"Y{ '®'® is a random vector picked uniformly from the rarifigé®,'®.

Update Rule

The optimizationmethod known as a Hill Climber (H@grforms local sampling as
just described, andnge the new potential positic® has been sampled from the
neighbourhood of the current positi@nthen movement to positiaiis determined
stochastically according to the fitness improvement. The probability of movement is

given by:

23
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s 1
Naoao = 56 a9
1+ Q ©
Where'O > 0 and smallefO approaches greedy behaviour so the new position is

only accepted if it is an actual improvement to the fitness. This probability measure
is originally due to Metropolis et a(6), but is usedherewith realcodedsearch

spaces.

Advice

The HCmethod does not perform that well on even simple unimodal optimization
problems. It is frequently believed that the stochastic update rule enables the HC
method to escape local optimaut it is argued i§3) that this is highly unlikely. It is

instead recommendsau use the LUS or PS meth®described below.

4.6 Simulated Annealing (SA)

An optimization method based on local sampling that is slightly more sophisticated
than HCis known as Snulated Annealing (SAJt is originally due to Kirkpatrick et

al. (7) and is presented here for relded searckpaces.

Update Rule

The SA method also employs a stochastic update rule. The current posiiands
the potential new position i® which is sampled from the neighbourhoodaés

described in sectiof.5. The probability of moving to the new position isen by:

o, Qd k)
Naoaow=0Q 0

24
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However, instead of having a fixeshduserdefinedparameteiO throughout an p-
timization run as was done in the HC method, the parari@isrdecreased exp

nentially so that movement to a position with worse fitleExomes less likely

Position Resetting

Once the parameté& has reached a certain threshold it is reset back to its starting
value, and the current positianis sampled anew from the entire seasplace. This

merelymeanghe optimizatioris startecbver at predetermined intervals.

Advice
The SA method does not alleviate tissuesof the HC methogat least for real
coded searchpaces. It is instead recommended that you use the LUS or PS methods

described below.

4.7 Local Unimodal Sampling (LUS)

The HC and SA methods perform local sampling with a fixed sampling range
throughout the optimization run. This means there is a risk of getting stuck in local
optima.In an attemptd alleviate this, the HC and SA methods employ stochastic

update rulesBut it has been proven mathematically(8) (9) that the realssue is

that thesampling range remains fixed. The optimization method known as Local

Unimodal Sampling (LUS) tsa simple way of decreasing this sampling range.

Sampling Range Decrease

The current position idenotedi™ s ¢ which is initially picked at random from the
entire searcispaceNote that the searefpace is-dimensionalThe potential new

position isdenoted® andis sampled from the neighbourhoode@fs described in

25
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section4.5 above The initial sampling range is taken to be®® where®=
®; &, that is, the full range of the entire seasgiace definedy its upper

boundariesah andits lower boundariesd; . Upon each failure fo®to improveon

the fitness ofia the samplingange is decreased by multiplicatieith a factom:
AN ) ¢a

Where the decrease factpis defined as:

1 1re

2

Recall thate is the dinensionality of the searespaceandl is auserdefinedpa-

="t 12=

rametergoverning the behaviour of the LUS methobbte that a parameteror? is
sometimes useth the literaturewhich merely equathe reciprocal . A value of

[ = 3 has been found to work well for many optimization problems.

Update Rule
The LUS method uses @ain deterministic update rule. That is, the LUS method

only moves from positiomto position@in case of improvement to the fitness.

Advice

The LUS method has been found to work well for many optimization problesns. E
pecially problems which are fairly smooth (approaching unimodalignce the
name of the methgdand which must beptimized within a small number of ieer
tions. If you cannot get good optimization results with the LUS method, you may
wish to try using the PS method or the DE method. If those do not work either, you

will probably have to perform metaptimization
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4.8 Pattern Search (PS)

The main idea of the LUS method was to exponentially decteasampling range,
which was done for all dimensions of the seasplace simultaneously. This idea is
also used in the optimization method knolereas Pattern Search (P8utis done
for one dimension at a tim&he PSmethod is originally due téermi andMetropo-

lis as described i(9), and a similar method is due kooke and Jeevg4d0). The

implementation presead here is a slight variatitat wasdevelopedn (3).

Sampling

Let the current position be denotéd s ¢ which is initially picked at random from
the entire searchpace.Let the initial sampling range be the entire seaphace:
B= cé)h & . The potential new position @enoted® andis sampled as follows.
First gck an indexY~ {1,8 ,&} at randomandlet v, = w, + 'Q, andw,= cxfor all
‘Q Y. If @then improves on the fitness af then move taa Otherwisehalve and

reverse the sampling range for thé t h  d i @eNn sQ,/A. Mterate over this

process a number of times.

Advice

The PS method works welbr some optimization problemssgecially problems
which must be optimized within a small number of iterations. If you cannot get good
optimization results with the PS method, you may wish to try using the LUS method
or the DE method instead. If those do not work either, you will prgblaéwe to

perform metaoptimization
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4.9 Differential Evolution (DE)

The multiagent optimization method known as Differential Evolution (DE) isi-orig
nally due to Storn and Pri¢é1).

BasicVariants

SeveralDE variantsare in existenc€l?) (13) and a suite of the most common are
found in SwarmOps undehe name DESuitewherethe different vaantsare se-
lectedusing the #define statemeirt the DESuite.h headdite (see that file for d-
tails). The DE variantshave a common structure for updatitigar agents asde-
scribed now Let @ denote the psition of the agentthat is curently keing updated
and let@= [, 8 ,w] be its new potetial position. The orignal presenttion of DE
computes@in severalstepsbut these have beenmbined toform a shgle formula
here For theDE/rand/1/binvariant thisformulawould be
. _ GgtOGy Gy, < 8Y &Y

[ else
wherethe vectorsi)y @ and@are the psitions of randomly picked agentehich
must bedistinct fromeach otheas well as from the ageatcurrently béng updated
The ndex'Y~ {1,8 ,&} is randomly picked and sbchastic decision isbeingmade
using i-5 'Y 0,1 for each émension'‘QThe userdefined parameters consist of the
differential weight"Oandthe crossoveiprobability 0'Y (as well aghe swarrpsize™Y
also typically @noted() 0 for the DE method. A move is made to the new position

®@if it improves on the fhess ofa
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Variants With Adaptive Parameters

An intereding DE varant for the study of howhe changing oparameters mayin-
fluenceoptimization paformance, is thevariant knownas DE with Temporal Ra-
rameters (DETP), whichuses different parameters for different parts of theiropt
zation run,so thatmetaoptimizationcanbe used to discover if there are aotual
bergfits in changing prameters during mimization, see e.g6). The DESuite al-
lows for perturbing thedifferential weight"Oduring an optimiation run and sich
schemes are often know as Dither and J{ti8) (see the DESuite.h heaelde on
how toemploythesg¢. A more ®phisticatedadagtive schemdor DE parametersis
known as JDE &ka.DE, Self-Adaptive DE, Self-Adapting DE) which is due to

Brest et al(15), andcan be used witHifferentDE variants in SwemOps.

Variant: DE/best/1/bin/simple (The Joker)

A noteworthyDE variantis known as DE/best/1/bin/simpl@ka. The Jokerand
wasintroduced in(6). Herean agnis new potatial position is defined as
. 00, G, i< OY Y

“o= @, else
Where'Ris theentireswarnds best known pdand@aieagain
the positions of randomly picked agentshich must belistinct fromeach otherbut
in this DE variant they need not be distinct from agbmthich is currently being

updated

Variant: Evolution by Lingering Global best (ELG)

Anothersimplification of theDE method is made i(8) andknown as Evolution by
Lingering Global best (ELG)'he main differenceof the ELGvariantfrom thebasic

DE method is thathe differential weight"Oand the crossovemprobability 'Y are
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both eliminated The formula for comping the new potentigposition @ then ke-
comes:

G="a+ by By
Where'YN {1,8 ,€} is a randomly picked index, anah= wfor theremainingele-
ments.The ELGvariantalso simplifies themplementatiorby choosing the agent to

update radomly in eachiteration instead of looping over the entsearm Fur-

thermore, the ELG method does not require forrdmedomly pickecagentsiandd

to be dstinct fromeach other.

Variant: More Yo-yos doing Global optimization (MYG)

Another simplification to the basic DE method is also foun{B)rand is known as
More Yo-yos doing Globabptimization (MYG) The MYG method differs from the
DE method mainly in its lack of the probability parameter. The formula for cbmpu
ing the new potential positiobis:

®= "0+ 0d @
Note the absence of t ITlee newgpetentiab mositionuis r e n' t
formed solely from t heRasdawaightéddiffdreace of k n o wn
randomly picked agen®and@ with the differential weightObeing a usedefined
parameterAs in the ELG method, the agebthat iscurrently being updated is gh
sen at random in each iteration of the algorithm, as opposed to having a nested loop
going throughall agents in turnThe randomly picked agen&and @need not be

distinctfrom each otheeither
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Advice

The DE variants with perturbeat adaptive parameterthat is, the Dither, Jitter, and
JDE variantglo not seem to yield amgaladvantage oveheir simplercounterparts
(6). The DE/best/1/bin/simplevariant is thereforea good place to start, because it
hasalsobeenfound to work well on dierent realworld problems. You may o
ever need to tune itsbhavioural paranmeters 1sing metaoptimizationto achievethe
bed paformance (see sBons5.3and6.3). The ELGvariant of DEwas deveoped
for experimental pyposes and may not work for reabrld problems. Empical
results do however ggest that the ELG method might perform better than the DE
method if very long ptimization runs are allowed. But this is basedprelimnary
bendimark resultsand maytherefore be incorrect The MYG variant of DEis pri-
marily for experimental use andwhile it has been found to wodcceptably well on
some opimization prdolems(3), it does not pdorm as well as the basic DE method,

andmay not workon realworld prdolemsin general

4.10 Particle Swarm Optimization (PSO)

The multragent optimization method known as Particle Swarm Optimization (PSO)

is originally due taKennedy,Eberhartand Shi(13) (14). It works by maintaining a

swarm of agents (usually called particles), each having an associated velocity that is
updated recurrently and addnod ittocanevhe age

position.

Velocity Update

Let é@denotethe current positionf an agent. Then thee g e wdlodity wis updated

as follows:
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BN B+ eqly B @ + i(R @
Where the userdefined parameter is called the inertia weightand theuser
definedparameters ; ande , are weights on the attractioomtardst he agent 6s o
best known positiompand t he swar mdés “le additiorktothisyn p o si
the user also determines the swasize 'Y These aralsoweighted by the random
numbersi,,i,~"™Y0,1). In the SwarmOps implementationigtvelocity is bounded
to the full dynamic range of the seargihace, so an agent can not move farther than
from one searcspace boundgrto the other in a single move, and the velocity is

also not allowed to grow indefinitely.

Position Update

Once t he agheanst 6bse evne Icoocmptuyt ed i1t 1 s added
@N @+ B
The agentdos position is hence updated reg

Variant: Many Optimizing Liaisons (MOL)
It is possible to simplify the PSO method somewhgtremovingthe use ofan
agentds own best known p o srnelationoThis PSOom t he
variant is knowrhereas Many Optimizing Liaisons (MOL) and the literature also
someti mes ads oRIEOES)Te dMOL method is studied most emte
sively in(3)(5). The velocity updatéor the MOL method is as follows
BN ] b+i D @
Where] is also called the inertia weight, is the weight on the attraction towards
the swar moés be®andik™0Mis a@udem rurmbemmstead of

iterating over all agents in the swarm as is normally doneplemendtions of the
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PSO method, the MOL methadsteadpicks the agent to update andam. This

simplifies the implementation somewhat.

Variant: Forever Accumulating Evolution (FAE)

A highly experimentalvariant of the PSO method @alled Forever Accumulating
Evolution (FAE). Where the MOL method eliminatpdrt ofthe PSOvelocity up-
date formula, the FAE method takes it further still by eliminating the velociy alt
gether.The FAE method isakenfrom (3). The agenmto be updated is pickedrra
donly during each iteration of the FAE adgthm, andits updating is according to
the following formula:

®N gt (g @
Where_and_, are useiefined parametsr andi-o iz~ Y0,1) are random nm-
bers. It appears that enforcing searghace boundaries is important for the FAE

methodto work, as the agents apparently need the boundaries to bounce off.

Advice

Empirical results suggest that the DE method may be a better choice than the PSO
method(5)(4). If you must use the PSO method for one reason or another, you may
alsotry using the MOL methothstead asit appears to offer a slight advantage over

the PSO method on some optimization probl€¢d)sFurthermore, thparameters of

the MOL method apearto be slightlyeasierto tune using metaptimizationthan

the pararaters of the PSO methadlhe FAEvarianton the othehand,is highly
expeiimental andwhile it has been found to work very well for benchmarkbpro
lems, it is not knownif it works for any realworld pradblems as the very nature of

the FAE method ggests that imight becorrelated to work well fooptimization

problems that have their optima close to origo.
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4.11 Layered and Interleaved CoEvolution (LICE)

Another experimental optimization method is proprietary to SwarmOps and has not
yet been documented elsewhere. The method is named Layered andviedie@ea
Evolution (LICE) and consists of two layers of the LUS method from sedtign
where the baskevel is having its behavioural parameter tuned in an ireed
manner by another overlaid LUS method. This corresponds toMiptation (see
e.g.(3)(5)) as opposed to Met@ptimization, because the bdseel LUS is not b-

ing completely resefior each iteration of the metayer, but is allowed to continue
optimization from the best position discover@he would think this might increase

the adaptability of the basevel LUS method, but this has yet to be destrated

Advice

Preliminary exgrimentsare inconclusive as to whethttie LICE methodholds any
advantagever, say, tuning a single LUS method by way of rmgiimization Fur-
thermore, asingle run of the LICE method requires signifidgmhore optimization
iterations,and the LICE m#nod is also somewhat more complicated to implement.
Hence researchermayexperimenwith the LICE methodindpossibly develop and
refine it further still, although it may not lead to anything usefoktead, research
focusshouldbe on using metaptimization todevelop,refineand simplifynew and

existing optimization methods.

34



SwarmOps

5. Tutorial sfor Benchmark Problems

This chapter offera number ofbasic tutoriad for getting started wittswarnOps.
For simplicity these tutorials are fbenchmark problems. The tutorials in ctea®
coverthe use of custom optimization problemanrsd the tutorials in chapt&rcover
the use of cusim optimization methodst is assumedyou have already installed the

SwarmOps soureeodelibrary, as describeith chapter2.

5.1 Error Handling

Before giving theactual tutorials on how to use SwarmQOpshould be noted that

the error handling in SwarmOps is done primarily through use of the assec() fun
tion. The advantage of assertions is that they do not compile into the +ielelasef

the library, but onlyexist in the debugersion where they trigger exceptions if the
assertions are not met. Since the use of SwarmOps can normally be tested quite
thoroughlyin debugmodeduring development, this approach is considered the best

in terms of runtime efficiencand ease of developmerigut it means you should

always test your new program in debmgde beforeexecutingt in releasemode.

5.2 Optimization

This tutorial describes how to perform basic optimizattdbrbenchmark problems
using SwarmOps. The tutoriallmoselybased on the supplied tggtbgram found in
the Benchmarks.dile, which is setup focompilation withMS Visual C++ in the
projectnamed Benchmarkd his tutorial also assumes that you alre&dyea com-

pilation-project which includes the SwarmOpsdaRandomOps librarieg\ similar
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tutorial for usingSwarmOps withyour own optimization problems is provided in
chapter®.

Header Files

There are a number of header fij@s mustincludeto use SwarmOps

#include <SwarmOps/  OptimizeBenchmark .h>
#include <SwarmOps/Problems/Benchmarks.h>
#include <SwarmOps/Methods /Methods.h>
#include <RandomOps/Random.h>

#include <stdlib.h>

The OptimizeBenchmark.h file supplies functiaghat makeoptimization of benla-

mark problemsasy The Benchmarks.h file supplies a list of benchmark problems
available in SwarmOpd he Methods.h file supplies a list of optimization methods
available in SwarmOps. The RandomOps/Random.h file supplies a function that is
used for seeding the RandomOps PRN®Ge stdlib.h file supplies functions for

printing the results of optimization

Optimi zation Settings
By optimization settingsre meantthe choice of optimization method, thmumber

of optimization runsthe number ofterations per run, et@hese may be defined as

a number of constantas follows
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