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1 Executive Summary

This deliverable describes the implementation of the robigctive @timization algorithms
that have been integrated into the two Design Space Exploration tools considered in the
MULTICUBE project (M3Explorer and modeFRONTIER).

The design problesaddressed in MULTICUBEremulti-objective andcharacterized by the
fact that all configuration parameteaise discreteand possibly categoric@d] [2]. In multi-
objective optimization problems there anere than on@bjectivethat haveto be optimized
(maximized or minimized), meaning that the outcome of the optimizatioregs is not a
single solutionbut a set of solutionsThis set of solutions, which is called the Pareto front,
represents the tradesfbetween the differentand possibly contradioty) objectives.In
problems withdiscretecategoricakonfiguration parameterthe values for the inpwiariables
are non continuouandthere is no order relation between themeaning thabptimization
methods which assume an order relation cannoséee.u

M3Explorer is the open source Design Space Exploration tool developed in the MULTICUBE
project, andor this reasonit has been initially conceived for this kind of probldi8s In this
deliverable, a description of its optimization algorithms is provided.

modeFRONTIER is an existent tool widely used worldwide for more than ten years in
different domains like aerospace, appliances, pharmaceutics, civil engineering,
manufacturing, marine ulti-body design, crash, structural, vikmooustics and turbo
machinery. All these domains define midbjective optimization problems, but in continuous

or mixed (continuous and discrete) domains, not in complete diserdtpossiblycategorical
domairs like the SoC design problerfaced in MULTICUBE. Due to this reasothis task
involved an initial retarget process to add support for categorical variables to
modeFRONTIER. In this deliverable, the results of the retarget task, a description of the
enhancements of current optimization algorithms and the new algorithms devetoped
provided.

The deliverable is organized as follows. Section 2 presents details on the modeFRONTIER
retarget task to support categorical variables. Section 3 describes theobjadtive
optimizatian algorithms implemented ithe MULTICUBE project Section 4 presents the
evaluation of th@ptimizationalgorithms in a SoC design problem using one of the Use Cases
devdoped in the MULTICUBE project. Appendix A describes the desjggice definition for

the benchmark problem following the XML specification definefdilp appendix B presents

the complete details on the experiments perfornagapendix Cthe definition of the
evaludion metrics appendix D the parameters used for the evaluatiod finally, appendix

E reports the bibliographic references.
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2 modeFRONTIER retarget task

Design problems in modeFRONTIER are defined through a graphic workfidwch
specifies input confiuration parameters, output metrics and the complete process flow, i.e.,
the set of software modules that has to be executed in order to compute the output metrics
from the configuration input parameters. Input parameters are specified by their type and
properties, like the lower and upper bound and the stépey are discrete. This kind of
support for discrete variables has been included from early releases of modeFRONTIER,
however, the assumption that values are ordered was always present, partiouthdy
optimization algorithms implementation.

MULTICUBE design problems introduce the need to support categorical input variables. This
kind of variables can only take predetermined values that do not necessarily harderan
relationship between thenThey were introduced in the MULTICUBE interface format
(defined in the deliverable D4.1[2]) in order to represent parameters that do not have an
ordered sequence of valuesarbitration policies folbus can be an example in SoC design
space.lt is important to stress that even if it is possible to map categorical variables to
numeric discrete values, the non ordered property has a strong impact on the optimization
algorithms and response surface moagimplementation.

2.1 Categorical parameters definition

The approach selected for the modeFRONTIER implementation is to allow the user to decide
for each discrete parameter if it ategorical or not. In particular, for MULTICUBE
problems that uses thetamatic workflow generation provided in the SoC integration node,
reasonable defaults are defined automatically, as present&dbile 1. The user can, of
course, modify the default categorical definition for the patans.

integer ordered

boolean ordered

exp2 ordered
string nonordered
mask non-ordered
permutations non-ordered

Table 1. Default categorical property for the design space definition types
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As anexamplea string parameter that defines the branch predictor type in a SoC duwhitec
can be defined as follows:

<parameter name="bpred" description ="branch predictor type " type ="string">
<item value ="nottaken"/>

<item value ="taken"/>
<item value ="perfect"/>
<item value ="bimod"/>

<item value ="2lev"/>
<item value ="comb"/>
</ parameter >

This parameter is certainly categorical, meaning that the default classification is correct.
However, in some cases, string parameters can be used when noyptseprovide a
reasonable definition, like for example, a cache memory size with three possible values that
do not follow a complete exponential progression:

<parameter name="scache_s ize " description ="cache L2 size " type ="string">
<item value ="128"/>
<item value ="256"/>
<item value ="1024"/>

</ parameter >

Please note that in this particular example, even if the parameter is numeric, nor integer nor
exponential progression types can be used, since the numeric step provided by both types is
not adequateThe best option is then to use theirsg type,however, theorder relationship
between thalifferent valuesneeds to be made explicithe designecanchang the default
categorical selection ugj the graphical user interface as showhigurel.

#%. Input Variable Properties - 42.0 b20091118

= Input Variable Properties

Mame scache_size

Description Generator for dimension of scache (in KB) IZ
Format #0

Variable Type |variable -
= Range Properties

Lower Bound 0.0 Central Value 15

Upper Bound 3.0 Delta Value 15

= Base Properties

Base 4

Step 1.0

Tolerance 0.0

Arrangement Unordered -
= MORDO Properties Ordered

Distribution None -
[=l Data Output Connector

& 1132

._E'] Soct
[ Ok ] [ Cancel ] [ Help ]

Figure 1: Variable definition window where the designe can selecthe categorical
properties (arrangementordered or unordered) for a specific input parameter
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2.2 Categorical variables support in optimization algorithms

The class of optimization problems thit defined in terms ofontinuous, discrete and
categorical variables is known &&ixed Variable Programming (MVH}]. An interesting
subclass of it is the Mixed Integer Programming (MIP) class of problems, where at least a
single continuous variable is used to define the problEmms last set of problems was
considered as an initial target in order to introduce suppotthéomnew type of algorithms
required for MULTICUBE problems.

A specifically design algorithm to solve ntinear mixed integei(NL-MIP) optimization
problems was added to the portfolio of optimization algorithms available in
modeFRONTER. This algorithm,which is called MIPSQP, solves discrete optimization
problems by solving several continuous moehr (NL) optimization problemswhich are
derived fom the original problem (MIP)These NL problems are solved hysing the well
known Sequential Quadratic Bramming (SQP3}trategyfixing all non relaxable parameters
to provided valueandconsidering the relaxable variables as contiones.

Even if the MIRSQP optimization algorithmcannot be directly applied to MULTICUBE
exploration its development helpedo understand the type of problems involved by
considering the required categorical variable suppathout being completelgway of the
standard domain of modeFRONTIER current applicatiG®squiredenhancemestto the
internalarchitecturadesign ofmodeFRONTIERwereidentified and lateappliedin order to
provide the base fothe supportof new MVP algorithms, which aredescribed in next
sections

The MIPSQP algorithm has been included in the standard distribution of modeFRONTIER
since its officialrelease 4.1. Detailed informatidor the algorithm can be found ithe
modeFRONTIER documentation.

3 Optimization algorithms

This sectionpresents a brief description of the mualijective optimization algorithms that
have been implemented in the Desi§pace Exploration tools, highlighting the algorithm
characteristics thatre related tadhe specit properties of the MULTICUBE UsesaSes
domain[1].

The algorithms presented in this section can beled/in three groups:

1. Standard algorithms: Thisfirst group includes the algorithms that are well known in
the multiobjective optimization field and haveeen implemented in the Design Space
Exploration tools by following the models proposed by their original designers with
noneor minimal enhancement$he algorithms NSGA and MOGA-II belongto this

group.
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2. Enhanced algorithms This group includes all gbrithms that are based on a
previousy defined algorithm but includacticeable enhancements that makem
adequate for the specific problems addressed in MULTICUBE. The algorithms
EnhanceeMOSA, EnhanceéESandEnhanceeMOPSO belongo this group.

3. New dgorithms: This group includes all algorithms that have been specifically
defined inthe MULTICUBE projectfor multi-objective optimization ithe context of
SoC desigmoptimization The algorithmMFGA andAPRS belondo this group.

A brief description othesealgorithmsis presented below

3.1 Standard algorithms

3.1.1 NSGA-II

The Nondominated Sorting Genetic Algorithm Il (NSGA was developed bfrof. K. Deb

et al.[6] at Kanpur Genetic Algorithms Laboratory (KanGANSGA-II is a fast and elitist
multi-objective eolutionary algorithm whichshares the basic structure with all genetic
populationbased algorithms.

The basicmechansm can be summarized as followsarsng from a parent population, some
individualsare selected for generating a child populatidme algorithm appliesperatorghat

work on the input variables of the selected individuals trying to improve their outputs:
mutation and (one point) cssover ag thestandardchoices for NSGAl. This procedure is
iterated for the requested number of generations.

This algorithm has some peculiar and powerful characteristics:

1. Includes afast non-dominated sorting procedure Sorting the individuals of a given
popuation according to the level of nalomination is a complex task, which makes
in generalnondominated sorting algorithms computationally expensive for large
population sizes. The adopted solution in NSIEperforms a clever sorting strategy.

2. The multi-objective search includes elitism NSGAcIl implements the muki
objective search using an elitigpneserving approach, which is introduced storing all
nondominated solutions discovered so far, beginning from the initial population.
Elitism enhances the ngergence properties towards the true Paoptomal set.

3. A parameter-less diversity preservation mechanism is adoptedDiversity and
spread of solutions is guaranteed withthe use of extra paraeters (like sharing
parametergor example). NSGAI adops a suitablgparametetess niching approach
called crowding distancewhich estimates the density of solutions in the objective
space, anda crowded comparison operatomwhich giides the selectiomprocess
towards a uniformly spread Pareto frontier.
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4. The castraint handling method does not make use of penalty parameter3he
algorithm implements a modified definition of dominance in order to solve
constrained mulobjective problems efficiently: usual dominance is the criterion to
sort feasible points; aeésible point will be always preferred to an unfeasible one;
unfeasible points are sorted looking at the (nhormalized, possibly) constraint violations
sum.

The NSGAII procedurg 6] is describedjraphically inFigure2. The individuals of the parent
population Pof size N and the new population € the same size (ated by applying the
variationopemtorscrossover and mutation, to individuals isBlected by binary tournament)

are grouped together. The combined populapis then sorted based on its rdomination

level obtaining sets of nedominated solutions (F F, e) . T h alatiam Rwis p o p
created by selecting the best rimminated sets that can be completely inserted into the new
population (with a combined size smaller or equal than N) plus members from the last set
(which cannot be fully accommodated) selected usingrtheded comparison operator.

non-dominated sorting crowding distancsorting Pti1

- |-

F3

<_T
Rejected
[ 1

Figure 2: The NSGA-II procedure

Ry

NSGA-1I allows bothcontinuous (reatoded) and discrete (binacpded) design variables.
Specific mutation and crossover operators are applied to each kind of variables. Categorical
(nonrordered discrete) parameters are treated as simple discrete ones. This drawback can be
compensated by increasing the explomatimapabilities of the algorithmallowing a larger
mutation probabilityNSGA-1I tests a wider range of candidate solutions (hehedictitious

locality is damped) and its efficient elitism and selection routinegedtine optimization
towards the Pareto front.
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This algorithm has been implemented M3Explorer while it was provided by
modeFRONTIERom early releases.

3.1.2 MOGA-II

MOGA-II (Multi-Objective Genetic Algorithm, with elitism) was originally formulated by
Poloni [7] and it reached the actual implementation with the introduction of elifl$ns
second version is equipped also with an optional improved crossover opéiegotigqnal
crossovey, but since it isot suited for discrete problenits description is omitted.

This algorithm accepts only discrete variables (possible continuous variables have to be
discretized with the desired accuracyhich areencodedas in classical genetic algorithms.
Three operators govern the reproduction phasepoiré crossover, mutation and selection.
The probabilities under which one of them is chosen aredefgred parameters.

Elitism guarantees that the best points remaithe parent population and hence hopefully
their children will exhibit a similar behavior. MOGH achieves this result keeping a record

of all nondominated points found up tbe currenggeneration. The new population is created
extracting randomlyhte requested number of new parents from the union (without repetitions)
of the elite set and the set of newly generated children.

This procedure gives to the algorithm a good balance between exploration and exploitation
phase. Thi®alancdas fundamentaldr the performance of a mubbjective global search: the
search space has to be sufficiently explored, but at the same time the number of evaluated
points must b&eptlow and the algorithm has to converge rapidly to the Pareto set. Elitism in
MOGA-II works in this direction:

1. The elite set usually contains a few points g@arly stage of the optimization.
Moreover,these pointdelorg to the last generation withkagh probability. Hence
only a fraction of them will enter the next parents population ptimm exploration.

2. As long as new generations are created, the elite set grows and the probability of
finding out a new elite point decreases. Therefore in the updated population there will
be many points coming from the elite set exploiting their featur

In order to save simulation time, steady evolution was preferred against the classical
generational evolutiom MOGA-II. In almost any industrial applicatipthe computational

time spent in evaluating a point is mulelngerthan thetime employed bythe optimization
algorithm to prpare andrequest a new evaluatioA. generational algorithm woulkeepa
significant part of computational resources idle (in a cluster or grid systesimee before

every generatioms createdthe algorithmneedsto getthe resultof the evaluation of all the
individuals of thepreviousgeneration.

Within a steady evolution, the child point replaces its parent immediately. Every time an
evaluation ends, a new one is requested choosing randomly a parent from the actual
population and applying the chosen operatditse ditism procedure is scheduled with the
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same frequency as the case o& generational evolution, but it can be performéxdle some
points arestill being evaluated, using the information stored so fars Triitroduces a little
delay in the propagation of theformation, but it preventdelays in the compuationalgrid or
cluster system The negative effects of this issue increase with the dimension of the
population, but decrease as the number of requgsteetations increases.

This algorithm is proprietary of ESTECO and it was providednogleFRONTIERom early
releases.

3.2 Enhanced algorithms

3.2.1 Enhanced-MOSA

The Simulated Annealin@A) method for optimization was introduced by Kirkpatrj&, on

the basis of ahermadynamical analogy. The evolution of such a system is clbedr by an
external parameter callaémperatureA related energy can be assigned to every possible
configurationof the system. When an initial configuration is perturbed, the difference in
energybetweerthe two states is responsible for the evolution of the system: if the new state is
favorable, i.e. if it decreases the energy, then the new configuration is dcdefhes is not

the casethe nev state is accepted or rejectadcording to a probability distributioredved

by Boltzmann. This distribution is a function of the temperature and when the temperature is
high, the probability of acceptingnainfavorablestate idarger(see Metropolis et a]9]).

The energyfor the MOSA algorithmis (a suitable function of) the natominated ranking
already described for NSGIA. Hence a new point is always accepted is nondominated

by its parent. It will be also accepted in the opposite situation depending on a temperature
based probability distribution.

Temperature is simply a parameter, initially udefined, which evolves during the
optimization. MOSA stds with ahot phase accepting many points in order to explore the
design space. Afterwards, a cold phase, during which only the best points survive, represents
the exploitation part of the algorithm.

The creation of a child configuration from a parent ame¢hie original formulation of the
algorithm is a directional perturbation. A random direction versor is the direction of the
perturbation, while its length is predicted by a schedule similar to the tempeoat@re
starting from a specified upper boundg thalue decreases during the hot phase and it reaches
the imposed lower bound in the cold phase. If the perturbation vector brings the point out of
variables space boundaries, a bouncing routine will maintain the feasibility of the samples.
This proceduralsohelps in differentiating and enhancing the exploration and the exploitation
capabilities of the algorithm.

The concept of direction has no meaning working with categorical variables. The enhanced
version of MOSA takes in account this problem keepinh@&same time the idea of a tunable
perturbation. Every categorical variable at each iteration has a probability to change its value
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depending on a law similar to tlome applied to theemperature and perturbation length. If
the value has to be changadiewvalueis chosen randomly from the available list.

A lifespan counter is introduced in order to compensate for the uncontrolled randomness in
the search for the best values for categorical variables. Especially during the hot phase there
could be squences of parents and children moving towards dominated regions of the
objective space because of the Metropolis acceptance criterion. If the number of subsequent
unwanted increasing in energy exceeds a threskolldanceeMOSA replaces the child with

its betterfitting parent.

A steady state evolutiois a second enhancement of the algorithm. The procedure is very
similar to theevolutionimplemented in MOGAI with the obvious change of the upitay
schedule: there is nelite set to be updated, but ieatt EnhanceeMOSA changes the value

of the temperature, the perturbation length and the probability of replacement for categorical
variables.

The standard implementation of MOSA is availablenadeFRONTIERrom early releases
and it has alsdbeen implemeried in M3Explorer. Tie described enhancements were
developed fothe MULTICUBE projectandwereimplemented imodeFRONTIER

3.2.2 Enhanced-ES

Evolution StrategiegES) is a multiobjective optimizerthat isable to reproduce different
evolutionary algorithmsThese algorithmsshare the selection operator and the operators
schedule, while they differ in the ratio between parents and children points and in the
definition of the set of points among which the new parents are selected.

The ES approach was first udeat the Technical University of Berlin. During the search for

the optimal shapes of bodies in a flow, the classical attempts with the coordinate and-the well
known gradienbased strategies were unsuccessful. So, the idea was conceived of proceeding
straegically. Rechenberg and Schwefg0] proposed the idea of trying random changes in

the parameters defining the shape, followirgéliample of natural mutations.

Usually, there is a huge difference beem mathematical optimization and optimization in the
realworld applications. Thus, ES were invented to solve technical optimization problems
where no analytical objective functions are usually available.

The general Evolutionary Strategy scheme is tHeviing:
Initial populationcreation

Individualsevaluation

Selection of the best individual(s);
Recombination;

Mutation;

Individuals evaluation

N o o Bk~ w0DdPR

Return to step 3 until the required number of generation is achieved.
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Selection of the best results may be donky on the set of children or on tikembinedset of
parents and children. The first optjomhichis representedisuallywith the notation € ,- &)
ES, c a n sdnfe good results when all the children are worse than their parents. The
second optionwhich is representedith the notation( € -ES, applies a kindof elitist
strategyfor the selection

The best solutions may be identified in differamtys: theimplementation of E®rovided in
modeFRONTIERIs capable of approximating the Pareto Set in nuriteria optimization
using the Nordominated/Crowding distance sorting techniqud@asein NSGA-I.

The main source of variation is a mutation operator dase a normal distribution. The
standard deviation of this distribution changes during the generations in an adaptive manner.
Each input variable has its own deviation with an initial and a minimal value that can be
arbitrarily tuned.

A completely differehoperator has been introduced for categorical variablése context of
MULTICUBE. If such a variable is selected for mutation, its value is changed following an
uniform distribution (i.e. the choice is completely random), since locality has no meAning.
adaptive strategy is instead performed over the probability of mutating each variable.

A discrete recombination operator is a second source of variability. It resembles the classical
crossover operator, where information coming from two different paren exchanged
producing a child point. The value of each variable has the same probability of coming from
both parents.

The standard implementation of ES is availablsmodeFRONTIERom early releases and it
has also been implementedMBExplorer Thedescribed enhancements were developed for
the MULTICUBE project and were implementedrnimdeFRONTIER

3.2.3 Enhanced-MOPSO

Particle Swarm Optimization (PSO) is keuristic searcmethodology that tries to mimic the
movements of a flockf birds aiming at fiding food[11]. PSO is based onpopulation of
particles flying through an hypelimensionakearch space. Each particle possesses a position
and a velocityboth variables are changed to emulate sbeiatpsychologicaltendency to
mimic the success of other individuaisthe population (also called swarm).

So far, several approaches have been proposed for extahdirfgrmulation of the PSO
technique to the mutobjectivedomain In the enhancemémmplemented ifM3Explorer, a
techniqueb as ed on an appraaghisrinradacedi whgréhe swarm isequally
partitioned inn subswarms, each of which useslifferent costfunction which is the product
of the objectivegombined with a set of @onents randomly chosen.

The direction of the particle is updated followihgo rules: he first rule, when applied,
attracts the particleersus the leader of the swarm, ahd second ruléorces the particle to
follow a random walk. This ensurdéBe algrithm to jump out from local minima in the
objective function

The reader is referred {d2] for more detailsThe described enhancements were developed
for the MULTICUBE project and were implemented MBExplorer.

Pagl3/45

MUILTII[®



FP7 2166931 MULTICUBE Project D3.2 Implementation and Evaluation of the Exploration Algorithms

3.3 New algorithms

3.3.1 MFGA

The acronym of this new algorithm stands Kéagnifying Front Genetic Algorithnsince its

main purpose is to work on the local Pareto front in three directions: towards (approaching the
true front), laterally (obtaining wider front) and internally (enhancing the uniformity of the
front samples).

With the introduction of elitism, genetic algorithms such as NSG#und a very good
answer to the problem of converging faster than previous implementations. The question now
IS how to converge better, without slowing down.

Elitism is considereds the main cause of too concentraBadetofronts [13] [14]. If the
optimizaton problem is difficult, only a few points will be nalominated and will become a

sort of basin of attraction. Indeed, elitist strategies will keep these points in the parent
popul ation and crowding distance oot heimmiulna i
large number of Pareto points are found.

However without elitism the request for quality cannot even be addressed, since the algorithm
would converge too slowly. Literature reports two promising ideas in order to modify this
operator withoutemoving it.

Deb and Goe[13] proposé a controlled elitismapproach. Their algorithm selects the new
parent population accepting also dominated points with a preference for those points coming
from les crowded regions. Computed points are ranked by domination and ordered by
crowding distance. An exponentially decreasing number of points are selected from each rank
starting from the top of the liskigure3 (from [13]) shows how a combined populatiBg of

size 2N (parents plus childrenis reduced to a populatioB.; of size N by selectingn;
individuals from each nedominated front of siza';, using crowded tournament selection to
reduceeachfront if necessary.

This choice helps in obtaining a more uniform front, filling possible gaps with points coming
from higher ranks. It is remarkaltleat slight improvements are achieved also in convergence
rate and in lateral spreading of the computed front, as reported in the cited paper.

Aittokoski and Miettinen[14] studied a different strategy It variable size population
Their idea is to transform all firsink points into new parents regardless their number. The
result is an algorithm that cannot perform worse than a classical elitist one considering
convergence rate (since it does not wamty useful information) and it guarantee a better
diversity maintenance.
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NSGA-II controlled elitism
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Figure 3: Controlled elitism

MFGA is an algorithm that implements these two approaches independently as well as mixing
them in an original scheme, including also a steady state evolution. The user can choose the
controlled etism, the variable size population, or the combined strategy. The algorithm
corresponding to this third option switches automatically between the other two depending on
the dimansion of the local Pareto front, allowing:

91 wider exploration of the designspace new generations are created following the
reduced elitism approachuntil the local Pareto front reaches one third of the
population size (fixed by the DOE size).

1 Dbetter exploitation of the obtained information: the parentsupdate is done
following the variable size schemenly for local frons that containa number of
points from one to two third of the population size.

1 diversity preservation: thereduced elitisnis reintroducedor larger fronts

The steady state evolati implemented together with this mixed procedure is quite
demanding fronthe computational point of view, sinexery time the evaluation of a new
point is performed, the paremopulation is completely recomputed including the new
achieved information. Ais choice is well suited for problems involving long simulation time.

Classical operators govern the parestiddren recombination, but they are rebuilt trying to
enlarge the kind of problems treatable using th&Bh. Mutation and crossover operators act
in MFGA variablewise in order to treat easily mixed problems involving real, integer and
categorical variables.

MFGA was completely designed BBSTECOfor the MULTICUBE project. Its inclusion in
future commerciakreleases olmodeFRONTIERS planned
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3.3.2 APRS

This algorithm called Adaptive windows Pareto Random Search is an algorithm that has a
dynamic windows size whicts reduced with the time spent in the exploration and with the
goodness of the poifibund in the current windows. The windoase centered on the current
Pareto solutions and the new configurations are randomly selected within the windows.

APRS was completely designed by POLIMI fibre MULTICUBE project and has been
implemented irM3Explaer.

4 Optimization algorithms evaluation

Empirical evaluation of muHobjective optimization algorithms is difficult, particularly in

areas where no standard benchmarks have been defined. Results must also be careful
considered since itamot be expectée that one exploration algorithm tme superior to any
alternative approach for all optimization problems, as well established by tHeerdnnch

(NFL) theorem{ 16].

However, in order to provide a nablemeasure of qualityf the algorithmsa reduced
version of one of the MULTICUBE Use Cases baenselectedBy performing a large set of
simulations, the complete design space was evaluated allowing to know the real Pareto front
associated to theptimization problem. Based on this Pareto front, standard mbeaiesbeen

usedto compare the different proposed algorithms.

Section4.1describes the use case selected for the complete design space analysis and section
4.2 presents the evaluation retsul

4.1 Problem description

The problem selecteas benchmark for thalgorithms validation is based on the L-&ewer
Processor Use Case delivered by STM1]. The executable model for the design space
exploration is he sp2simsimulator, which models the SP2 microprocessor design. The
benchmark application seled is the 164.gzip application, based on the populgezip
application.

The design space consistsldf configuration parameters,system metrics and 3 objectives.
Appendix A presents the design space debniin the MULTICUBE XML format, while a
complete description gfarameters and metrican be found ifil].

The configuration parameters are grouped in three categories:olatder execution
parameters, cache system parameters and branch prediction parsasetkosvn iTable2.
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category parameter description values
out of order execution rob_depth reorder buffer depth 32, 48, 64, 80, 96, 112, 12¢
mreg_cnt rename register number 16, 32, 48, 64
iw_width instruction window width 4, 8, 16, 24, 32
cache system icache_size instruction cache size 16, 32, 64
dcache_size data cache size 16, 32, 64

scache_size secondary cache size 0, 256, 512, 1024

Ig_size load queue size 16, 24, 32
sq_size store queue size 16, 24, 32
mshr_size miss holding register size 4,8
branch prediction bht_size branch history table size 512, 1024, 2048, 4096
btb_size branch target buffer size 16, 32, 64, 128

Table 2: Configuration parameters

The system metrics are grouped in three categgresormancepower dissipatiorand area
occupatiommetrics, as shown ihable3.

category metric description
performance total_cycle total cycle number
total_instr total instruction number
IPC instruction per cycle
power dissipation total_energy total energyconsumed
power_dissipation average power dissipation
peak_power_dissipation peak power dissipation
area occupation area area occupied

Table 3: System metrics

Thethreeobjectivesto be minimizechave been selected from eawte of the metrics group:
total_cycle power_dissipationandarea.
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As quotedbefore in order to compute optimization metrics that provide a reasonable measure
of quality of the algorithms, it is necessary to compare the Pareto fronts obtained by the
algoithms with a reference Pareto fronwhich should be the real Pareto front of the
optimization problem or at leasta good approximatiorof it. The design space of the
problems as defined {i] consist 61,161,216 designsince the time required to evaluate all
thesedesigns is too large to be considered as an option, a statistical studyoffigeration
parametersvas performed in order to try to identify parameters which could be fixed to a
constat value to reduce the size of the design space withaignificant reduction of the
problem interestor SoC designers

A statistical study waperformed with random exploration usiMBEXxplorer, exploring a set
of 5,000 random selectedesigns The stdistical study resultsare summarizedn Table 4,
where thesignificanceof each configuration parameteith respecto thepower_dissipation
andIPC metics is presented

category parameter power_dissipation
out of order execution rob_depth -0.44% -0.28%
mreg_cnt -0.42% -3.96%
iw_width 0.06% -5.52%
cache system icache_size 2.11% -4.80%
dcache_size 6.76% -7.90%
scache_size 1.02% 0.54%
Ig_size -0.23% 1.08%
sq_size 0.09% -0.14%
mshr_size -0.16% -0.20%
branch prediction bht_size -0.13% -9.35%
btb_size 0.22% -5.56%

Table 4: Significanceanalysisresults obtainedwith random exploration using M3Explorer

In order to reduce the size of the design space, the following parameters with low contribution
where identifiedrob_depth Ig_size sq_sizeand mshr_size Adequateconstant valuesvere

seleced for them reducing the size of the design spacenty 9,216 designsThe reduced
problem was considered valid both from the point of view of SoC designers (ST) and from the
point of view of the mathematical properties of the design space and its associated Pareto
front (ESTECO).
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All designsin the reduced desigspacewnere evaluated bgerforminga full factorial multi-
level exploration withmodeFRONTIERN a computer cluster at ST, obtaining the real Pareto

front in a few days oexecutiontime. Figure4 presentgshe complete design space where the
points inthe Pareto fronare represented with diamon@s blue colo).

e &3 P
C o o )
" "‘g,'ﬂ
vy
2 ;
>
0T

5 x‘aﬂ\od

uﬁ\}ﬂﬁ\%\ﬁ

Figure 4. The complete design spacas produced by the full aictorial multi -level exploration
using modeFRONTIER. Points in the Pareto front are displayed as diamondsn( blue color)

The optimization workflowused to perform the exploratioof the reduced optimization
problem defined witmodeFRONTIERs presented ifrigure5. There are 11 input nodes, 4

of them with constant values (identified by the srkatharacter on the node), 7 output nodes,

3 minimization objectives and one rule that includes a definition constraint on the size of the
cache memorieas described ifil].

Pagl9/45



FP7 2166931 MULTICUBE Project D3.2 Implementation and Evaluation of the Exploration Algorithms
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Figure 5: The optimization workflow defined in modeFRONTIER

4.2 Evaluation

This section presents the results of the optimization process performed with all optimization
algorithms on the optimization problem described in previous sedtibe5 summarizes the
algorithms used in the experiments.

algorithm implementation used
NSGAI modeFRONTIER
MOGA-II modeFRONTIER

EnhanceeMOSA | modeFRONTIER

EnhanceeES modeFRONTIER

EnhanceeMOPSO  M3Explorer

MFGA modeFRONTIER

APRS M3Explorer

Table 5: Algorithms used in the experiments

M3Explorer has also an equivalent NS@Amplementation, and a non enhanced versions of
MOSA, however, the versions implemented in modeFRONTIER have been used for the tests.

To test the performance of the optimization algorithms, a number of prelintestsywere
performed independently in order to determine the best combination of parameters for each

Pag20/45

MUILTII[®




FP7 2166931 MULTICUBE Project D3.2 Implementation and Evaluation of the Exploration Algorithms

one of the algorithms. These values, which are reported in appendix B, were used later for the
algorithm validation process.

Most of the algorithms implemm¢ed are based on médtauristics that incorporate some
stochastic components to explore the design space, producing different results when executed
with different random seadTherefore, several executions were performed for each algorithm
and their redits were statistically analyzed to increase the confidence in the results.

The performance measures selected for the algorithm comparison ctoteriime and

quality. Sinceby farthe most time consuming component of the optimization procedure is the
simulator execution, its number of evaluations has been selected as a fair measure of the
required algorithmexecutiontime. Concerning the quality of the solutions found by each
algorithm, a set of four metrics has been selected considering the folloviareacri

1. accuracy. measured as the distance between the obtained Pareto front and the
reference (or real) front.

2. uniformity : measured as the distribution of the solution set in the-trédmirve.

3. extent measured as the coverage of the objective spacsidenimg boundary
points.

The Dme t r dmetrjc amgi -metric have been selected frddi/], while the ADRS metric

has been selected frofi8]. Both Dmetric and ADRS providenidi cati on eof ac
metric of uniformity andn-metric of extent. Details on their computatiare presented in
appendixC andcanalsobe obtained from the mentioned refererd&$ and[18].

4.2.1 Experiments settings

A fair evaluation of nordeterministic algorithmgequires several repeated ruwithout
changing any parameter besides the random generator seed. Notwithstardnetptive
small search space consisting of onjg1% designs very large variations can be observed in
the algorithms behavior and a rigorous study needs to analyze also this laspasagreed
that 10 repetitionsverea good trade off among statcsl issues, purposes of the evaluation
and significance of the problem. Preliminary tests were performed in order to egtimat
best choices for the tunable parameters which then have been kept fixed.

Algorithms parameters are usually probldependentSome of them depend also on the user
expectations: the optimal choices (if any) for parameters controlling the ratio between
exploration and exploitation phase (like temperature schedule in MOSA, for example) are
strictly related to the number of evaluatsothe user can affortt. was decided to tune these
parameters considering the largest target (i.e. 50% of the design space, as described below)
and accepting possible worse results in the partial samples.

The evaluation process then proceeds checkinfixatl numbers of explored points the
quality of the nordominated front found so fafhe stepselected for thevaluation are: 184
designgcorresponding to about 2% of the design space), 461 (5%), 922 (1,8%3,(20%),
2,765 (30%), 386 (40%) and 408 (50%).0Only the requests ofvaluation ofnew designs
were counted, sincemetimesthe algorithmsrequest theevaluationof an already evaluated
designdue tothe inherent behavior of thenandom engines. In any practical applicatitire
time neededo retrieve the stored information is incomparably smaller thartithe that
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would be spent by a new evaluation. Besides the factirththis experimentt is known in
advance any value thanks to the previous full factorial exploration, the real @iomiz
processwas simulated bgounting eaclaesign only once

All the plotspresentedn this section refer to mean values, whetplains the use of rational
numbes for integer quantitiesike the number of Pareto points in the fronts found by the
algoithms. However, ppendix Bpresentsot only themeanvalues, but also thstandard
deviationvalues for all the considerexperiments.

Some algorithms occasionallyannot generate newdesignswhen working with discrete
problemsif someparameterarenot set properlyThe chosen benchmark problem has a small
variable spacand the exploitation phase (whargually recombination is less effective than
in the exploration ongpnd the algorithmmay get stuck in the endless repeated evaluation of
the sane designs This behaviorwas observed and wagvercamne by increasing the
explorative capabilities of the algorithms. The precise values of the parametéoyexirare
reported in appendix D

A last remark concerns the input variables nature. They adésatiete, but none of them is
categorical. This choice allow us to test fairly a wider range of algorithms, but on the other
hand the test cannot highlight completely the improvements gained with the enhancements
described above. Further investigationsll vide carried onduring the integration and
validation steps in the projealthough preliminarily results are already satisfactory.

4.2.2 Accuracy results

The followingthree indicatorprovidea measure oaccuracy: ADRS metric anitie number
of Paretadesigrs found by the algorithm so far.

0.14 . .
—ES
——MFGA
——MOGA-II
012+ MOSA
' “w o NSGA-I
a--MOPSO
“ APRS

ADRS metric

0.04

0.02

T

| | L . RS X
2% 5% 10% 20% 30% 40% 50%
Percentage of evaluated designs

Figure 6: Mean ADRSvalues plotted against the percentage of evaluated designs
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With a small varianceall algorithmsreach an ADRS value below 2% evaluating 30% of the
design space (sd&gure6). This result can be considered very promising, as higtddyin

the conclusions sectidoelow. Variations in the slope of the lines for somgorithms are a
consequence of possible different behaviors in successive phases of the optimization process.
The most clear example is MOSA witls hot and cold phase.

Figure 7 plots the number of true Pareto points found by the algorithms at the specified
percentage of design space exploration. MOSA is tuned to reach the top of the exploitation
phase at 50% of evaluations and therefore its res@ttharworst up to 280%, while at the

end it is one of the most effective algorithrA®RS shows a similar behavior.

18 T T P

Pareto designs found (mean value)

——ES
——MFGA
—+—MOGA-II
. MOSA
2= L w  NSGA-N T
S o MOPSO

| | | | | v APRS
2% 5% 10% 20% 30% 40% 50%
Percentage of evaluated designs

Figure 7: Number of Pareto points found plotted against thgercentagesof evaluated designs

The variance othese data is quite lowneaningthat the algorithms are robust. Anyway, this
benchmark problem has a very peculiar objective space dhigpee4 shows that points are
clustered into several cylinders elongating alongtot@_cycleaxis and perpendicular to the
other two. This explains why good resuttsn be observenh terms of acaracy metric (the
partial front is not too far from the real Pareto front) also when algorithms found onily 12
solutiondesigns Indeed, it is relative easy to reach the top of the cylinder and to be very near
to the Pareto points, while it is difficuth catch them exactly.

This could be an explanation also for the higher standard deviation of MFGA data. As
explainedbefore this algorithm is designed for improving the uniformity of the front without
slowing down convergence (as much as possible). towe® a quasoptimal point is
accepted and a deeper search is performed far from it, preventing a fast convergence to the
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real front. The discreteness of the search space emphasize this behavior and the variance on
the percentage of evaluations needecbioplete the optimization is quite high.

4.2.3 Uniformity and Extent results

It is very difficult to analyze the uniformity and the extent of the partial front found by the
algorithms during the optimization process. The true Pareto front is not uniform sieek

the problem is highly discrete both in the search space and in the objective space:
notwithstanding the real values achiewallly the objective functions, it isbserve the
formation of clusters of points with a cylindrical shape (see the deeaript section 4.2.1).

Only some tips belong to the Pareto front and the distance between two nearby solution points
is relatively large.

Extent metric gives some insight into the evolution of the-cmminated front. Some
algorithms (MOPSO, MOSAand APR$ span a wider range than others: they reach values
higher tran 8x16, while all other algorithms scored between 4xa6d 7x18 . This is due to

a sharper division between exploration and exploitation phase. Indeed, the higher vatues of
metric are achied when the local front contains points which will be dominated by the
following generations. Theskesignamay span a wider area in the objective space resulting in
a higher value of the extent metric.

(b T T
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o —— MFGA

' ——MOGA-II |
MOSA

7 NSGA-Il

_ @ MOPSO
ar : ¢ APRS

10+ e

| | | |
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Percentage of evaluated designs

Figure 8: Meann-metric values plotted against the percentage of evaluated desigi$e length
scale on the vertical axis is 16
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As Figure8 highlights, only ES and MOGA differ in the final valugat 50%)for this metric
(they scored $10° and &10° respectively, while other algorithms end at approximately
4.4x10%) This reflects the lower number of achieved Pareto pointsHigeee?).

4.2.4 Conclusions

The nature of the chosen benchmark problem does not allow the use of quality metrics as a
clear comparisomdicatoramongthe algorithms. On the contrary, these megroffer a deep

insight intothe algorithms structure. Efficiency assessments can be drawn in terms of ADRS
metric and of number of Pareto points found.

Under this perspective, alllgorithms behaved in a satisfactory manner on the proposed
benchmark pradem: as remarked before, starting from 30% of the design space exploration,
all scored less than 0.02 in ADRS metkiowever, the results are not identid@bunting the
Pareto points foundNSGA-Il performance can be considered as the best one (looking a
figure 7, it outperformed all other algorithms at every percentage of exploration, excluding
40% when APRS scored 17.7 and NSGA7.3). Notwithstanding the initial promising 7.4
points found at 10% of evaluations, ES ended the test with only 15.6 @ardbe considered

as the worst score.

This worst score can be taken as an indicator of the reliability of the proposed algorithms:
15.6 points corresponds to 86.6% coverage of the true Pareto front. Since-wontdal
problems the solution set is unkmo, this percentage is clearly a good guararie¢ the
algorithms willreach at least a significant part of the Pareto front.

Although the answers provided by this study are very importeaw, interesting questions
arise, encouraging to follow tweseach directions

1. Do categorical variables change the behavior of the algorithms? NBE@GAnot
designed explicitly for this kind of variables, but it can treat them as discrete ones.
Would it still be the best choige a more representative probleém

2. How many evaluations would the algorithms need to converge considering the whole
design space witha the limitation imposed by the restricted problem definRidn
Pareto front not too differei expectedf preliminary studiesrecorrect.

Answers to thge questionscannot be obtained right now at the end of task T3.2, however
appropriate answersan be obtainedwhen thee algorithms will be appliedo the mult
objectiveoptimization of the MULTICUBE Use &esduring the mtegration and validation
steps. It is foreseen thah appropriate answé& question kouldbe provided n Deliverable
D4.2.4 and an answay question 2 in deliverable D4.2.2, both to be delivered at month 30.

Current resultsallow to conclude that task3.2 has successfully been able to produce a rich
set of algorithms that can be applied for the rmibjiective optimization of mukcore SoC
architectures.
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A Design space definition for the benchmark problem

<?xml version ="1.0" encoding ="UTF- 8"?>
<design_space  xmins ="http://www.multicube.eu/" version ="1.3">

<simulator >
<simulator_executable path ="/home/sbocchio/multicube/sp2sim/sp2simxml"/>

</ simulator >

<parameters >

<parameter name="rob_depth" description  ="Reorder buffer depth"
type ="integer" min="32"max ="32" step ="16"/>
<parameter name="rmreg_cnt" description ~ ="Rename register number"
type ="integer" min="16" max="64" step ="16"/>
<parameter name="iw_width" description  ="instruction window width"

type ="string">
<item value ="8"/>
<item value ="16"/>
<item value ="24"/>
<item value ="32"/>
</ parameter >

<parameter name="icache_size" description  ="primary inst cache size"
type ="exp2" min="16" max="64"/>

<parameter name="dcache_size" description  ="primary data cache size"
type ="exp2" min="16" max="64"/>

<parameter name="scache_size" description  ="dimension of scache"

type ="string">
<item value ="0"/>
<item value ="256"/>
<item value ="512"/>
<item value ="1024"/>
</ parameter >

<parameter  name="lg_size" description  ="load queue size" type="integer"
min="16" max="16" step ="8"/>

<parameter name="sq_size" description ~ ="store queue size" type="integer"
min="16" max="16" step ="8"/>

<parameter  name="mshr_size" description  ="miss holding register numbers"
type ="exp2" min="4" max="4"/>

<parameter name="bht_size" description  ="b ranch history table size"
type ="exp2" min="512" max="4096"/>

<parameter name="btb_size" description  ="branch target buffer size"

type ="exp2" min="16" max="128"/>
</ parameters >

<rules >
<rule >
<if >
<not - equal >
<parameter name="scache_size"/>
<constant  value ="0"/>
</ not - equal >
<then >
<and>
<less -equal >
<parameter name="icache_size"/>
<parameter name="scache_size"/>
</ less -equal>
<less -equal >
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<parameter name="dcache_size"/>
<parameter name="scache_size"/>
</ less -equal >
</ and>
</ then >
</if >
</ rule >
</ rules >

<system_metrics >

<system_metric name="total_cycl e" type ="integer" unit ="cycles"

desired ="small"/>
<system_metric name="total_instr" type ="integer" unit ="instructions"/>
<system_metric name="total_energy" type ="float" unit ="uJd"/>
<system_metric name="peak_power_dissipation" type ="float" unit ="W"/>
<system_metric name="power_dissipation" type ="float" unit ="W"

desired ="small"/>
<system_metric name="IPC" type ="float" unit ="Instr/Cycles"/>

<system_metric name="area" type="float" unit="um2" desired="small"/>
</ system_metrics >

</ design_space >
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B Optimization results

This appendix msentsthe complete results obtained for each atgm from which the
summary tableand graphicpresented in sectioh?2 were extractedcor every algorithm10
independent runsvhere executecchanging only the random generator seed. The only
exceptions were MOPSO and APRS with respectively only 9 and 7 executidhs. end of
the section, the mean values for all metrics reported in the tables are graphically displayed.

B.1 Summary tables

B.1.1 NSGA-II

Mean values:

evaluated percentage solution local | D-metric - N -metric ADRS-
points points  Pareto metric metric
found points
184 2 3.9 13.3 0.1757 | 0.1385 | 738360187.3757 0.0785
461 5 8.9 16.9 0.0934 | 0.1364 | 431937343.0643 0.0313
922 10 12.9 15.9 0.0168 | 0.1249 | 384604835.1337 0.0142
1843 20 15.2 16.2 0.0068 | 0.1263 | 416660640.5677, 0.0101
2765 30 16.4 17.5 0.008 0.1393 | 438095574.1206 0.0062
3686 40 17.3 17.9 0.0048 | 0.1538 | 444904837.7125 0.0024
4608 50 17.6 18.1 0.0038 | 0.1544 | 450006555.2339 0.0015
9216 55.03 17.7 18.1 0.0029 | 0.1556 & 449130435.2835 0.0011
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Standard deviation:

D3.2 Implementation and Evaluation of the Exploration Algorithms

Solution LocalPareto  D-metric gp-metric n -metric ADRS-
points found points metric
1.4457 2.4515 0.0633 0.0318 370287073.119 0.0292
1.8138 5.1468 0.0795 0.034 175904865.7457  0.0163
1.3748 1.7 0.0092 0.0232 76159658.0326 0.0047
0.8718 14 0.0104 0.0173 21560731.951 0.0049
0.9165 1.2042 0.0078 0.0175 23762398.5867 0.0047
1.005 0.3 0.0068 0.0088 16648882.9519 0.0039
0.4899 0.3 0.0048 0.0069 4014885.9907 0.0018
B.1.2 MOGA-II
Mean values:

evaluated percentage solution local | D-metric i n -metric ADRS-
points points Pareto metric metric
found points
184 2 2.8 12.9 0.1995 | 0.1244 | 692158926.5765 0.0948
461 5 4.4 13.8 0.107 0.1214 | 747645571.0755 0.0424
922 10 7.6 15.1 0.0519 | 0.1286 | 654422191.3623 0.0219
1843 20 11.8 16.2 0.0312 | 0.1137 | 626163209.0916 0.015
2765 30 14.1 16.7 0.0186 | 0.1296 | 601545050.4891 0.0091
3686 40 15.5 17.3 0.0076 | 0.1464 | 521662424.1687, 0.0049
4608 50 16.2 17.5 0.0043 | 0.1514 | 500965020.4483 0.0035
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Standard deviation:

Solution LocalPareto  D-metric p-metric n -metric
points found points

1.4697 3.2078 0.0706 0.0347 357178175.0785  0.0327

2.01 2.8213 0.0487 0.0323 560933833.4602  0.0153
2.6907 1.9209 0.0352 0.0372 302316059.1953  0.0091

1.99 14 0.0188 0.0226 328887827.6398  0.0066
1.8138 1.4177 0.0199 0.0239 307690401.1318  0.0049
1.2042 1.1874 0.0107 0.0175 138175771.6729 0.0026
1.249 1.0247 0.0077 0.0156 119819873.3987  0.0028

B.1.3 EnhancedMOSA

Mean values:

evaluated percentage solution local - n -metric ADRS-

points points Pareto metric metric
found points
184 2 1.3 10.3 0.2693 | 0.1321 | 529584898.2224 0.1008
461 5 1.6 14 0.222 0.1217 | 866483578.0912 0.0696
922 10 2 14.6 0.1891 0.137 931331296.2497| 0.0513
1843 20 5.2 13.8 0.0819 | 0.1218 | 614591776.4562 0.0213
2765 30 13.4 16.7 0.0185 | 0.1287 | 497519236.8431 0.0066
3686 40 16.7 17.3 0.0031 | 0.1399 | 416732177.083| 0.0041
4608 50 17.5 17.9 0.0018 | 0.1554 | 446512091.4845 0.002
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Standard deviation:

Solution LocalPareto  D-metric p-metric n T metric
points found points
0.6403 3.2879 0.086 0.0195 369869238.1061  0.0334
0.8 4.1952 0.0625 0.0336 407202780.6934  0.0217
0.8944 3.56553 0.0557 0.0195 343451377.4138  0.0186
0.8718 1.99 0.0343 0.0382 341112355.5969  0.0096
1.8547 11 0.0138 0.0317 169659125.7391  0.0041
0.9 0.781 0.0046 0.0206 79694116.3394 0.0038
0.5 0.3 0.0027 0.0091 6105666.6381 0.0024

B.1.4 EnhancedES

Mean values:

evalyated percentage solgtion local D-_ ®- n -metric ADR_S-
points points Pareto metric metric metric
found  points
184 2 1.8 9.7 0.1876| 0.12 708792961.072 | 0.0842
461 5 34 12.4 | 0.1189| 0.1046| 532409894.0515 0.0553
922 10 7.4 147 | 0.071 | 0.0974| 460660299.8976 0.0393
1843 20 10.8 15.5 | 0.0527 | 0.0944| 647023471.5646 0.0254
2765 30 12.9 16.3 | 0.0288| 0.1017| 442592242.3823 0.0157
3686 40 14.2 16.7 | 0.0161| 0.1034| 525366175.7876, 0.0089
4608 50 15.6 17.5 | 0.0129| 0.1219| 704565001.4437 0.0055
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Standard deviation:

Solution LocalPareto  D-metric p-metric n -metric
points found points
0.7483 3.1953 0.0684 0.0362 627826149.4897  0.0204
1.0198 2.9394 0.0625 0.0369 386734524.953 0.0157
1.7436 3.662 0.0502 0.022 393251965.3294  0.0094
1.4697 1.6882 0.0361 0.0229 363337804.9575  0.0087
0.5385 1.005 0.0273 0.0224 304168554.0918 0.006
0.9798 11 0.0154 0.0213 453303634.6522  0.0035
1.0198 1.118 0.0152 0.0156 429167915.8408  0.0039

B.1.5 EnhancedMOPSO

Mean values:

evalyated percentage solqtion local D- . ®- n -metric ADR_S
points points  Pareto metric metric metric
found points
184 2 0.3333 | 10.444 | 0.3044 | 0.1447| 1044121645.34| 0.0999
461 5 1.2222 | 12.444| 0.1818| 0.1507 | 999179211.76 | 0.0599
922 10 9.6667 | 14.555| 0.04 | 0.1022| 377922043.79  0.0216
1843 20 13.4444| 15.111| 0.0199| 0.12 436369138.27 | 0.0132
2765 30 15.7778| 16.888| 0.011 | 0.1616| 548300641.59 | 0.004
3686 40 16.7778 | 17.666 | 0.0048| 0.1806| 478360849.4 | 0.0015
4608 50 17.6667 | 17.777 0 0.1915| 447377815.7 | 0.0004
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Standard deviation:

D3.2 Implementation and Evaluation of the Exploration Algorithms

Solution LocalPareto  D-metric p-metric n-metric

points found points
0.4714 2.3147 0.0845 0.0362 463468338.5707  0.0276
1.1331 3.8038 0.0661 0.0315 490399365.3743  0.0172
2.1602 1.6405 0.037 0.0441 411498038.4774  0.0134
0.6849 1.2862 0.0197 0.0432 303630452.251 0.0096
1.0304 1.1967 0.0166 0.0286 153236422.0387  0.0031
0.9162 1.0541 0.0077 0.0146 100205370.6919  0.0013
0.4714 0.4157 0.0001 0.0033 0 0.0006

B.1.6 MFGA

Mean values:

D-metric (00]}

evaluated percentage solution

. . local _ N -metric ADRS-
points points  Pareto metric metric
found points
184 2 2.8 12.4 0.166 0.1198 | 598638273.5864 0.0759
461 5 8.4 13.8 0.0786 | 0.1169 | 350764956.6274 0.04
922 10 114 13.6 0.0245 | 0.1197 | 513573697.5337, 0.0219
1843 20 14.3 154 0.0085 | 0.1415 | 509158854.2122 0.0128
2765 30 15.8 16.5 0.0053 | 0.1515 | 428560710.9084/ 0.0053
3593.9 40 16.6 17.1 0.0041 | 0.1572 | 449130435.2835 0.0041
4239.3 50 16.7 17.3 0.0043 | 0.1572 | 449130435.2835 0.0033
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Standard deviation:

Solution LocalPareto  D-metric p-metric N1 metric

points found points
1.1662 3.527 0.0968 0.0376 378789191.9774  0.0245
1.1136 3.1241 0.0643 0.0421 207689335.1466  0.0064

1.562 0.8 0.0369 0.0338 304497548.4802  0.0088

0.6403 0.9165 0.0075 0.0255 123151632.3615  0.0042
0.8718 1.118 0.0054 0.0224 28848622.2528 0.0039
0.6633 0.8307 0.0051 0.0185 3504479.8018 0.0041
0.4583 0.781 0.0054 0.0185 3504479.8018 0.0027

B.1.7 APRS

Mean values:

evaluated percentage| solution local D- - n -metric ADRS-
points points Pareto = metric metric metric
found points

184 2 0.1429 | 14.5714 | 0.3214 | 0.1459 | 811708953.70 | 0.1348
461 5 2.1429 | 11.8571|0.186 | 0.1312 | 507827350.82 | 0.0606
922 10 5.8571 | 16.1429( 0.1101 | 0.1198 | 622356167.63 | 0.0385
1843 20 10.1429 | 15.7143 | 0.0488 | 0.1062 | 781046033.76 | 0.0168
2765 30 15.5714 | 16.8571 | 0.0161 | 0.1255 | 569240009.70 | 0.0076
3686 40 17.7143 | 18 0.0017 | 0.1824 | 448629498.07 | 0.0013
4608 50 17.8571 | 18 0.0012 | 0.1858 | 448629498.07 | 0.0005
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Standard deviation:

Solution  LocalPareto, D-metric gp-metric i metric

points found points

0.3499 4.7766 0.0658 0.0241 553125795.4904 0.0492
1.6413 2.6419 0.0813 0.0331 243031237.0349 0.0373
4.1206 4.1894 0.0968 0.0336 353021859.0171 0.031
3.9795 2.3733 0.0347 0.0312 524264463.0059 0.0058
1.4983 0.6389 0.0189 0.0287 159030912.5261 0.0041
0.4518 0 0.0031 0.0117 3065983.0674 0.0022
0.3499 0 0.003 0.0097 3065983.0674 0.0011

B.2 Graphics for mean values
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Figure 9: Pareto designs found (mean values)
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Figure 10: Local Pareto front size (mean values)

Figure 11. D-metric meanvalues
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