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1 Executive Summary 

 

This deliverable describes the implementation of the multi-objective optimization algorithms 

that have been integrated into the two Design Space Exploration tools considered in the 

MULTICUBE project (M3Explorer and modeFRONTIER). 

The design problems addressed in MULTICUBE are multi-objective and characterized by the 

fact that all configuration parameters are discrete and possibly categorical [1] [2]. In multi-

objective optimization problems there are more than one objective that have to be optimized 

(maximized or minimized),  meaning that the outcome of the optimization process is not a 

single solution but a set of solutions. This set of solutions, which is called the Pareto front, 

represents the tradeoffs between the different (and possibly contradictory) objectives. In 

problems with discrete categorical configuration parameters, the values for the input variables 

are non continuous and there is no order relation between them, meaning that optimization 

methods which assume an order relation cannot be used. 

M3Explorer is the open source Design Space Exploration tool developed in the MULTICUBE 

project, and for this reason, it has been initially conceived for this kind of problems [3]. 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 multi-body design, crash, structural, vibro-acoustics and turbo-

machinery. All these domains define multi-objective optimization problems, but in continuous 

or mixed (continuous and discrete) domains, not in complete discrete and possibly categorical 

domains like the SoC design problems faced in MULTICUBE. Due to this reason, this 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 developed are 

provided. 

The deliverable is organized as follows. Section 2 presents details on the modeFRONTIER 

retarget task to support categorical variables. Section 3 describes the multi-objective 

optimization algorithms implemented in the MULTICUBE project. Section 4 presents the 

evaluation of the optimization algorithms in a SoC design problem using one of the Use Cases 

developed in the MULTICUBE project. Appendix A describes the design space definition for 

the benchmark problem following the XML specification defined in [4], appendix B presents 

the complete details on the experiments performed, appendix C the definition of the 

evaluation metrics, appendix D the parameters used for the evaluation  and finally, appendix 

E reports the bibliographic references. 
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2 modeFRONTIER retarget task 
 

Design problems in modeFRONTIER are defined through a graphic workflow, which 

specifies input configuration 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 step if they 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, particularly in the 

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 have an order 

relationship between them. They were introduced in the MULTICUBE interface format 

(defined in the deliverable D1.4.1 [2]) in order to represent parameters that do not have an 

ordered sequence of values ï arbitration policies for bus can be an example in SoC design 

space. It 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 modeling implementation. 

 

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 is categorical or not. In particular, for MULTICUBE 

problems that uses the automatic workflow generation provided in the SoC integration node, 

reasonable defaults are defined automatically, as presented in Table 1. The user can, of 

course, modify the default categorical definition for the parameters. 

 

parameter type default 

integer ordered 

boolean ordered 

exp2 ordered 

string non-ordered 

mask non-ordered 

permutations non-ordered 

Table 1: Default categorical property for the design space definition types 
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As an example, a string parameter that defines the branch predictor type in a SoC architecture 

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 no other types provide 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 adequate. The best option is then to use the string type, however, the order relationship 

between the different values needs to be made explicit. The designer can change the default 

categorical selection using the graphical user interface as shown in Figure 1. 

 

 

Figure 1: Variable definition window where the designer  can select the categorical 

properties (arrangement ordered or unordered) for a specific input parameter  
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2.2 Categorical variables support in optimization algorithms 

 

The class of optimization problems that is defined in terms of continuous, discrete and 

categorical variables is known as Mixed Variable Programming (MVP) [5]. 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 problem. This last set of problems was 

considered as an initial target in order to introduce support for the new type of algorithms 

required for MULTICUBE problems. 

A specifically design algorithm to solve non-linear mixed integer (NL-MIP) optimization 

problems was added to the portfolio of optimization algorithms available in 

modeFRONTIER. This algorithm, which is called MIPSQP, solves discrete optimization 

problems by solving several continuous nonlinear (NL) optimization problems, which are 

derived from the original problem (MIP). These NL problems are solved by using the well 

known Sequential Quadratic Programming (SQP) strategy fixing all non relaxable parameters 

to provided values and considering the relaxable variables as continue ones.  

Even if the MIPSQP optimization algorithm cannot be directly applied to MULTICUBE 

exploration, its development helped to understand the type of problems involved by 

considering the required categorical variable support, without being completely away of the 

standard domain of modeFRONTIER current applications. Required enhancements to the 

internal architectural design of modeFRONTIER were identified and later applied in order to 

provide the base for the support of new MVP algorithms, which are described in next 

sections. 

The MIPSQP algorithm has been included in the standard distribution of modeFRONTIER 

since its official release 4.1. Detailed information for the algorithm can be found in the 

modeFRONTIER documentation. 

 

3 Optimization algorithms 

 

This section presents a brief description of the multi-objective optimization algorithms that 

have been implemented in the Design Space Exploration tools, highlighting the algorithm 

characteristics that are related to the specific properties of the MULTICUBE Uses Cases 

domain [1]. 

The algorithms presented in this section can be divided in three groups: 

1. Standard algorithms: This first group includes the algorithms that are well known in 

the multi-objective optimization field and have been implemented in the Design Space 

Exploration tools by following the models proposed by their original designers with 

none or minimal enhancements. The algorithms NSGA-II and MOGA-II  belong to this 

group. 
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2. Enhanced algorithms: This group includes all algorithms that are based on a 

previously defined algorithm but include noticeable enhancements that make them 

adequate for the specific problems addressed in MULTICUBE. The algorithms 

Enhanced-MOSA, Enhanced-ES and Enhanced-MOPSO belong to this group. 

3. New algorithms: This group includes all algorithms that have been specifically 

defined in the MULTICUBE project for multi-objective optimization in the context of 

SoC design optimization. The algorithms MFGA and APRS belong to this group. 

A brief description of these algorithms is presented below. 

 

3.1 Standard algorithms 

 

3.1.1 NSGA-II 

 

The Non-dominated Sorting Genetic Algorithm II (NSGA-II) was developed by Prof. K. Deb 

et al. [6] at Kanpur Genetic Algorithms Laboratory (KanGAL). NSGA-II is a fast and elitist 

multi-objective evolutionary algorithm which shares the basic structure with all genetic 

population-based algorithms. 

The basic mechanism can be summarized as follows: starting from a parent population, some 

individuals are selected for generating a child population. The algorithm applies operators that 

work on the input variables of the selected individuals trying to improve their outputs: 

mutation and (one point) crossover are the standard choices for NSGA-II . This procedure is 

iterated for the requested number of generations. 

This algorithm has some peculiar and powerful characteristics:  

1. Includes a fast non-dominated sorting procedure: Sorting the individuals of a given 

population according to the level of non-domination is a complex task, which makes 

in general non-dominated sorting algorithms computationally expensive for large 

population sizes. The adopted solution in NSGA-II performs a clever sorting strategy. 

2. The multi-objective search includes elitism: NSGA-II implements the multi-

objective search using  an elitism-preserving approach, which is introduced storing all 

non-dominated solutions discovered so far, beginning from the initial population. 

Elitism enhances the convergence properties towards the true Pareto-optimal set. 

3. A parameter-less diversity preservation mechanism is adopted: Diversity and 

spread of solutions is guaranteed without the use of extra parameters (like sharing 

parameters for example). NSGA-II adopts a suitable parameter-less niching approach 

called crowding distance, which estimates the density of solutions in the objective 

space, and a crowded comparison operator, which guides the selection process 

towards a uniformly spread Pareto frontier. 
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4. The constraint handling method does not make use of penalty  parameters: The 

algorithm implements a modified definition of dominance in order to solve 

constrained multi-objective problems efficiently: usual dominance is the criterion to 

sort feasible points; a feasible point will be always preferred to an unfeasible one; 

unfeasible points are sorted looking at the (normalized, possibly) constraint violations 

sum. 

The NSGA-II procedure [6] is described graphically in Figure 2. The individuals of the parent 

population Pt of size N and the new population Qt of the same size (created by applying the 

variation operators crossover and mutation, to individuals in Pt selected by binary tournament) 

are grouped together. The combined population Rt is then sorted based on its non-domination 

level obtaining sets of non-dominated solutions (F1, F2, é). The new population Pt+1 is 

created by selecting the best non-dominated 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 using the crowded comparison operator. 

 

 

 

NSGA-II allows both continuous (real-coded) and discrete (binary-coded) design variables. 

Specific mutation and crossover operators are applied to each kind of variables. Categorical 

(non-ordered discrete) parameters are treated as simple discrete ones. This drawback can be 

compensated by increasing the exploration capabilities of the algorithm allowing a larger 

mutation probability. NSGA-II tests a wider range of candidate solutions (hence the fictitious 

locality is damped) and its efficient elitism and selection routines drive the optimization 

towards the Pareto front. 

Pt+1 

Pt 

Qt 

non-dominated sorting 

F1 

F2 

F3 

Rt 

Rejected 

crowding distance sorting 

Figure 2: The NSGA-II procedure 
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This algorithm has been implemented in M3Explorer while it was provided by 

modeFRONTIER from 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 elitism. This 

second version is equipped also with an optional improved crossover operator (directional 

crossover), but since it is not suited for discrete problems, its description is omitted. 

This algorithm accepts only discrete variables (possible continuous variables have to be 

discretized with the desired accuracy), which are encoded as in classical genetic algorithms. 

Three operators govern the reproduction phase: one-point crossover, mutation and selection. 

The probabilities under which one of them is chosen are user-defined parameters.  

Elitism guarantees that the best points remain in the parent population and hence hopefully 

their children will exhibit a similar behavior. MOGA-II achieves this result keeping a record 

of all non-dominated points found up to the current generation. The new population is created 

extracting randomly the 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. This balance is fundamental for the performance of a multi-objective global search: the 

search space has to be sufficiently explored, but at the same time the number of evaluated 

points must be kept low 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 in early stages of the optimization. 

Moreover, these points belong to the last generation with a high probability. Hence 

only a fraction of them will enter the next parents population promoting 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 features. 

In order to save simulation time, steady evolution was preferred against the classical 

generational evolution in MOGA-II . In almost any industrial application, the computational 

time spent in evaluating a point is much larger than the time employed by the optimization 

algorithm to prepare and request a new evaluation. A generational algorithm would keep a 

significant part of computational resources idle (in a cluster or grid systems), since before 

every generation is created, the algorithm needs to get the results of the evaluation of all the 

individuals of the previous generation. 

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 operators. The elitism procedure is scheduled with the 
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same frequency as in the case of a generational evolution, but it can be performed while some 

points are still being evaluated, using the information stored so far. This introduces a little 

delay in the propagation of the information, but it prevents delays in the computational grid or 

cluster system. The negative effects of this issue increase with the dimension of the 

population, but decrease as the number of requested generations increases. 

This algorithm is proprietary of ESTECO and it was provided by modeFRONTIER from early 

releases. 

 

3.2 Enhanced algorithms 

 

3.2.1 Enhanced-MOSA 

 

The Simulated Annealing (SA) method for optimization was introduced by Kirkpatrick [8], on 

the basis of a thermo-dynamical analogy. The evolution of such a system is controlled by an 

external parameter called temperature. A related energy can be assigned to every possible 

configuration of the system. When an initial configuration is perturbed, the difference in 

energy between the 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 accepted. If this is not 

the case, the new state is accepted or rejected according to a probability distribution derived 

by Boltzmann. This distribution is a function of the temperature and when the temperature is 

high, the probability of accepting an unfavorable state is larger (see Metropolis et al. [9]).  

The energy for the MOSA algorithm is (a suitable function of) the non-dominated ranking 

already described for NSGA-II. Hence a new point is always accepted if it is non-dominated 

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 user-defined, which evolves during the 

optimization. MOSA starts with a hot 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 one in the 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 temperature one: 

starting from a specified upper bound, the value 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 procedure also helps 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 keeping at the 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 the one applied to the temperature and perturbation length. If 

the value has to be changed, a new value is 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 sequences 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 threshold, Enhanced-MOSA replaces the child with 

its better-fitting parent. 

A steady state evolution is a second enhancement of the algorithm. The procedure is very 

similar to the evolution implemented in MOGA-II with the obvious change of the updating 

schedule: there is no elite set to be updated, but instead Enhanced-MOSA changes the value 

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

variables. 

The standard implementation of MOSA is available in modeFRONTIER from early releases 

and it has also been implemented in M3Explorer. The described enhancements were 

developed for the MULTICUBE project and were implemented in modeFRONTIER. 

 

3.2.2 Enhanced-ES 

 

Evolution Strategies (ES) is a multi-objective optimizer that is able to reproduce different 

evolutionary algorithms. These algorithms share 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 used at 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 gradient-based strategies were unsuccessful. So, the idea was conceived of proceeding 

strategically. Rechenberg and Schwefel [10] proposed the idea of trying random changes in 

the parameters defining the shape, following the example of natural mutations. 

Usually, there is a huge difference between mathematical optimization and optimization in the 

real-world applications. Thus, ES were invented to solve technical optimization problems 

where no analytical objective functions are usually available. 

The general Evolutionary Strategy scheme is the following: 

1. Initial population creation; 

2. Individuals evaluation; 

3. Selection of the best individual(s); 

4. Recombination; 

5. Mutation; 

6. Individuals evaluation; 

7. Return to step 3 until the required number of generation is achieved. 
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Selection of the best results may be done only on the set of children or on the combined set of 

parents and children. The first option, which is represented usually with the notation (ɛ, ɚ)-

ES, can ñforgetò some good results when all the children are worse than their parents. The 

second option, which is represented with the notation (ɛ + ɚ)-ES, applies a kind of elitist 

strategy for the selection.  

The best solutions may be identified in different ways: the implementation of ES provided in 

modeFRONTIER is capable of approximating the Pareto Set in multi-criteria optimization 

using the Non-dominated/Crowding distance sorting technique as done in NSGA-II.  

The main source of variation is a mutation operator based on 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 different operator has been introduced for categorical variables in the 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. An 

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 parents is 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 available in modeFRONTIER from early releases and it 

has also been implemented in M3Explorer. The described enhancements were developed for 

the MULTICUBE project and were implemented in modeFRONTIER. 

 

3.2.3 Enhanced-MOPSO 

 

Particle Swarm Optimization (PSO) is an heuristic search methodology that tries to mimic the 

movements of a flock of birds aiming at finding food [11]. PSO is based on a population of 

particles flying through an hyper-dimensional search space. Each particle possesses a position 

and a velocity; both variables are changed to emulate the social-psychological tendency to 

mimic the success of other individuals in the population (also called swarm). 

So far, several approaches have been proposed for extending the formulation of the PSO 

technique to the multi-objective domain. In the enhancement implemented in M3Explorer, a 

technique based on an ñaggregatingò approach is introduced, where the swarm is equally 

partitioned in n sub-swarms, each of which uses a different cost-function which is the product 

of the objectives combined with a set of exponents randomly chosen. 

The direction of the particle is updated following two rules: the first rule, when applied, 

attracts the particle versus the leader of the swarm, and the second rule forces the particle to 

follow a random walk. This ensures the algorithm to jump out from local minima in the 

objective function. 

The reader is referred to [12] for more details The described enhancements were developed 

for the MULTICUBE project and were implemented in M3Explorer. 
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3.3 New algorithms 

 

3.3.1 MFGA 

 

The acronym of this new algorithm stands for Magnifying Front Genetic Algorithm since its 

main purpose is to work on the local Pareto front in three directions: towards (approaching the 

true front), laterally (obtaining a wider front) and internally (enhancing the uniformity of the 

front samples). 

With the introduction of elitism, genetic algorithms such as NSGA-II found 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 considered as the main cause of too concentrated Pareto fronts [13] [14]. If the 

optimization problem is difficult, only a few points will be non-dominated and will become a 

sort of basin of attraction. Indeed, elitist strategies will keep these points in the parent 

population and crowding distance or similar techniques are not useful to ñdiluteò them until a 

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 without removing it. 

Deb and Goel [13] proposed a controlled elitism approach. Their algorithm selects the new 

parent population accepting also dominated points with a preference for those points coming 

from less 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 list. Figure 3 (from [13]) shows how a combined population Rt of 

size 2N (parents plus children) is reduced to a population Pt+1 of size N by selecting ni 

individuals from each non-dominated front of size n
t
i, using crowded tournament selection to 

reduce each front if necessary. 

This choice helps in obtaining a more uniform front, filling possible gaps with points coming 

from higher ranks. It is remarkable that 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 called variable size population. 

Their idea is to transform all first-rank 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 waste any useful information) and it guarantee a better 

diversity maintenance.  
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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 elitism, the variable size population, or the combined strategy. The algorithm 

corresponding to this third option switches automatically between the other two depending on 

the dimension of the local Pareto front, allowing: 

¶ wider exploration of the design space: new generations are created following the 

reduced elitism approach until the local Pareto front reaches one third of the 

population size (fixed by the DOE size). 

¶ better exploitation of the obtained information: the parents update is done 

following the variable size scheme, only for local fronts that contain a number of 

points from one to two third of the population size. 

¶ diversity preservation: the reduced elitism is reintroduced for larger fronts.  

The steady state evolution implemented together with this mixed procedure is quite 

demanding from the computational point of view, since every time the evaluation of a new 

point is performed, the parent population is completely recomputed including the new 

achieved information. This choice is well suited for problems involving long simulation time. 

Classical operators govern the parents-children recombination, but they are rebuilt trying to 

enlarge the kind of problems treatable using them [15]. Mutation and crossover operators act 

in MFGA variable-wise in order to treat easily mixed problems involving real, integer and 

categorical variables.  

MFGA was completely designed by ESTECO for the MULTICUBE project. Its inclusion in 

future commercial releases of modeFRONTIER is planned. 
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Figure 3: Controlled elitism 
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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 which is reduced with the time spent in the exploration and with the 

goodness of the point found in the current windows. The windows are centered on the current 

Pareto solutions and the new configurations are randomly selected within the windows. 

APRS was completely designed by POLIMI for the MULTICUBE project and has been 

implemented in M3Explorer. 

 

4 Optimization algorithms evaluation 
 

Empirical evaluation of multi-objective optimization algorithms is difficult, particularly in 

areas where no standard benchmarks have been defined. Results must also be careful 

considered since it cannot be expected that one exploration algorithm to be superior to any 

alternative approach for all optimization problems, as well established by the non-free-lunch 

(NFL) theorem [16]. 

However, in order to provide a reasonable measure of quality of the algorithms, a reduced 

version of one of the MULTICUBE Use Cases has been selected. By performing a large set of 

simulations, the complete design space was evaluated allowing to know the real Pareto front 

associated to the optimization problem. Based on this Pareto front, standard metrics have been 

used to compare the different proposed algorithms. 

Section 4.1 describes the use case selected for the complete design space analysis and section 

4.2 presents the evaluation results. 

 

4.1 Problem description 

 

The problem selected as benchmark for the algorithms validation is based on the Low-Power 

Processor Use Case delivered by STM-C [1]. The executable model for the design space 

exploration is the sp2sim simulator, which models the SP2 microprocessor design. The 

benchmark application selected is the 164.gzip application, based on the popular gzip 

application. 

The design space consists of 11 configuration parameters, 7 system metrics and 3 objectives. 

Appendix A presents the design space definition in the MULTICUBE XML format, while a 

complete description of parameters and metrics can be found in [1]. 

The configuration parameters are grouped in three categories: out-of-order execution 

parameters, cache system parameters and branch prediction parameters, as shown in Table 2. 

 



FP7- 216693 ï MULTICUBE Project               D3.2 Implementation and Evaluation of the Exploration Algorithms 

 

Pag.17/45 

 

category parameter description values 

out of order execution rob_depth reorder buffer depth 32, 48, 64, 80, 96, 112, 128 

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 

lq_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 categories: performance, power dissipation and area 

occupation metrics, as shown in Table 3. 

 

category metric description 

performance total_cycle total cycle number 

total_instr  total instruction number 

IPC instruction per cycle 

power dissipation total_energy total energy consumed 

power_dissipation average power dissipation 

peak_power_dissipation peak power dissipation 

area occupation area area occupied 

Table 3: System metrics 

 

The three objectives to be minimized have been selected from each one of the metrics group: 

total_cycle, power_dissipation and area. 
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As quoted before, 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 

algorithms with a reference Pareto front, which should be the real Pareto front of the 

optimization problem, or at least a good approximation of it. The design space of the 

problems as defined in [1] consist of 1,161,216 designs. Since the time required to evaluate all 

these designs is too large to be considered as an option, a statistical study of the configuration 

parameters was performed in order to try to identify parameters which could be fixed to a 

constant value to reduce the size of the design space without a significant reduction of the 

problem interest for SoC designers. 

A statistical study was performed with random exploration using M3Explorer, exploring a set 

of 5,000 random selected designs. The statistical study results are summarized in Table 4, 

where the significance of each configuration parameter with respect to the power_dissipation 

and IPC metrics is presented. 

category parameter power_dissipation IPC 

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% 

lq_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: Significance analysis results obtained with random exploration using M3Explorer 

 

In order to reduce the size of the design space, the following parameters with low contribution 

where identified: rob_depth, lq_size, sq_size and mshr_size. Adequate constant values were 

selected for them, reducing the size of the design space to only 9,216 designs. The 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 designs in the reduced design space were evaluated by performing a full factorial multi-

level exploration with modeFRONTIER on a computer cluster at ST, obtaining the real Pareto 

front in a few days of execution time. Figure 4 presents the complete design space where the 

points in the Pareto front are represented with diamonds (in blue color). 

 

Figure 4: The complete design space as produced by the full factorial multi -level exploration 

using modeFRONTIER. Points in the Pareto front are displayed as diamonds (in blue color) 

 

The optimization workflow used to perform the exploration of the reduced optimization 

problem defined with modeFRONTIER is presented in Figure 5. There are 11 input nodes, 4 

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

3 minimization objectives and one rule that includes a definition constraint on the size of the 

cache memories as described in [1]. 
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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 section. Table 5 summarizes the 

algorithms used in the experiments.  

algorithm implementation used 

NSGA-II  modeFRONTIER 

MOGA-II  modeFRONTIER 

Enhanced-MOSA modeFRONTIER 

Enhanced-ES modeFRONTIER 

Enhanced-MOPSO M3Explorer 

MFGA modeFRONTIER 

APRS M3Explorer 

Table 5: Algorithms used in the experiments 

M3Explorer has also an equivalent NSGA-II implementation, 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 preliminary tests were 

performed independently in order to determine the best combination of parameters for each 
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one of the algorithms. These values, which are reported in appendix B, were used later for the 

algorithm validation process. 

Most of the algorithms implemented are based on meta-heuristics that incorporate some 

stochastic components to explore the design space, producing different results when executed 

with different random seeds. Therefore, several executions were performed for each algorithm 

and their results were statistically analyzed to increase the confidence in the results. 

The performance measures selected for the algorithm comparison concern both time and 

quality. Since by far the 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 algorithm execution time. Concerning the quality of the solutions found by each 

algorithm, a set of four metrics has been selected considering the following criteria: 

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 trade-off curve. 

3. extent: measured as the coverage of the objective space considering boundary 

points. 

The D-metric, ȹ-metric and ɳ -metric have been selected from [17], while the ADRS metric 

has been selected from [18]. Both D-metric and ADRS provide indication of accuracy, ȹ-

metric of uniformity and ɳ -metric of extent. Details on their computation are presented in 

appendix C and can also be obtained from the mentioned references [17] and [18]. 

4.2.1 Experiments settings 

 

A fair evaluation of non-deterministic algorithms requires several repeated runs without 

changing any parameter besides the random generator seed. Notwithstanding the relative 

small search space consisting of only 9,216 designs, very large variations can be observed in 

the algorithms behavior and a rigorous study needs to analyze also this aspect. It was agreed 

that 10 repetitions were a good trade off among statistical issues, purposes of the evaluation 

and significance of the problem. Preliminary tests were performed in order to estimate the 

best choices for the tunable parameters which then have been kept fixed. 

Algorithms parameters are usually problem-dependent. Some 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 evaluations the user can afford. It 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 checking at fixed numbers of explored points the 

quality of the non-dominated front found so far. The steps selected for the evaluation are: 184 

designs (corresponding to about 2% of the design space), 461 (5%), 922 (10%), 1,843 (20%), 

2,765 (30%), 3,686 (40%) and 4,608 (50%). Only the requests of evaluation of new designs 

were counted, since sometimes the algorithms request the evaluation of an already evaluated 

design due to the inherent behavior of their random engines. In any practical application, the 

time needed to retrieve the stored information is incomparably smaller than the time that 
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would be spent by a new evaluation. Besides the fact that in this experiment it is known in 

advance any value thanks to the previous full factorial exploration, the real optimization 

process was simulated by counting each design only once. 

All the plots presented in this section refer to mean values, which explains the use of rational 

numbers for integer quantities like the number of Pareto points in the fronts found by the 

algorithms. However, appendix B presents not only the mean values, but also the standard 

deviation values for all the considered experiments.  

Some algorithms occasionally cannot generate new designs when working with discrete 

problems if some parameters are not set properly. The chosen benchmark problem has a small 

variable space and the exploitation phase (where usually recombination is less effective than 

in the exploration one), and the algorithms may get stuck in the endless repeated evaluation of 

the same designs. This behavior was observed and was overcame by increasing the 

explorative capabilities of the algorithms. The precise values of the parameters employed are 

reported in appendix D. 

A last remark concerns the input variables nature. They are all discrete, 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 investigations will be carried on during the integration and 

validation steps in the project, although preliminarily results are already satisfactory. 

4.2.2 Accuracy results 

The following three indicators provide a measure on accuracy: ADRS metric and the number 

of Pareto designs found by the algorithm so far. 

 

Figure 6: Mean ADRS values plotted against the percentage of evaluated designs 
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With a small variance, all algorithms reach an ADRS value below 2% evaluating 30% of the 

design space (see Figure 6). This result can be considered very promising, as highlighted in 

the conclusions section below. Variations in the slope of the lines for some algorithms are a 

consequence of possible different behaviors in successive phases of the optimization process. 

The most clear example is MOSA with its 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 results are the worst up to 20-30%, while at the 

end it is one of the most effective algorithms. APRS shows a similar behavior. 

 

 

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

 

The variance of these data is quite low, meaning that the algorithms are robust. Anyway, this 

benchmark problem has a very peculiar objective space shape: Figure 4 shows that points are 

clustered into several cylinders elongating along the total_cycle axis and perpendicular to the 

other two. This explains why good results can be observed in terms of accuracy metric (the 

partial front is not too far from the real Pareto front) also when algorithms found only 12-14 

solution designs. Indeed, it is relative easy to reach the top of the cylinder and to be very near 

to the Pareto points, while it is difficult to catch them exactly.  

This could be an explanation also for the higher standard deviation of MFGA data. As 

explained before, this algorithm is designed for improving the uniformity of the front without 

slowing down convergence (as much as possible). Sometimes a quasi-optimal 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 needed to complete 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 itself, since 

the problem is highly discrete both in the search space and in the objective space: 

notwithstanding the real values achievable by the objective functions, it is observed the 

formation of clusters of points with a cylindrical shape (see the description in 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 non-dominated front. Some 

algorithms (MOPSO, MOSA, and APRS) span a wider range than others: they reach values 

higher than 8×10
8
, while all other algorithms scored between 4×10

8
 and 7×10

8
 . This is due to 

a sharper division between exploration and exploitation phase. Indeed, the higher values of -ɳ
metric are achieved when the local front contains points which will be dominated by the 

following generations. These designs may span a wider area in the objective space resulting in 

a higher value of the extent metric. 

 

Figure 8: Mean ɳ -metric values plotted against the percentage of evaluated designs. The length 

scale on the vertical axis is 1×108 
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As Figure 8 highlights, only ES and MOGA-II  differ in the final value (at 50%) for this metric 

(they scored 5×10
8
 and 7×10

8
 respectively, while other algorithms end at approximately 

4.4×10
8
) This reflects the lower number of achieved Pareto points (see Figure 7). 

 

4.2.4 Conclusions 

 

The nature of the chosen benchmark problem does not allow the use of quality metrics as a 

clear comparison indicator among the algorithms. On the contrary, these metrics offer a deep 

insight into the algorithms structure. Efficiency assessments can be drawn in terms of ADRS 

metric and of number of Pareto points found.  

Under this perspective, all algorithms behaved in a satisfactory manner on the proposed 

benchmark problem: as remarked before, starting from 30% of the design space exploration, 

all scored less than 0.02 in ADRS metric. However, the results are not identical. Counting the 

Pareto points found, NSGA-II performance can be considered as the best one (looking at 

figure 7, it outperformed all other algorithms at every percentage of exploration, excluding 

40% when APRS scored 17.7 and NSGA-II 17.3). Notwithstanding the initial promising 7.4 

points found at 10% of evaluations, ES ended the test with only 15.6 and it can be 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 in real-world 

problems the solution set is unknown, this percentage is clearly a good guarantee that the 

algorithms will reach at least a significant part of the Pareto front. 

Although the answers provided by this study are very important, new interesting questions 

arise, encouraging to follow two research directions: 

1. Do categorical variables change the behavior of the algorithms? NSGA-II is not 

designed explicitly for this kind of variables, but it can treat them as discrete ones. 

Would it still be the best choice in a more representative problem? 

2. How many evaluations would the algorithms need to converge considering the whole 

design space without the limitation imposed by the restricted problem definition? A 

Pareto front not too different is expected if preliminary studies are correct. 

Answers to these questions cannot be obtained right now at the end of task T3.2, however 

appropriate answers can be obtained when these algorithms will be applied to the multi-

objective optimization of the MULTICUBE Use Cases during the integration and validation 

steps. It is foreseen that an appropriate answer to question 1 could be provided in Deliverable 

D4.2.4 and an answer to question 2 in deliverable D4.2.2, both to be delivered at month 30. 

Current results allow to conclude that task T3.2 has successfully been able to produce a rich 

set of algorithms that can be applied for the multi-objective optimization of multi-core SoC 

architectures. 
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A Design space definition for the benchmark problem 

 

<?xml version ="1.0" encoding ="UTF- 8"?>  

<design_space  xmlns ="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="lq_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 - equa l>  

          <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 ="uJ"/>   

  <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 presents the complete results obtained for each algorithm from which the 

summary tables and graphics presented in section 4.2 were extracted. For every algorithm, 10 

independent runs where executed changing only the random generator seed. The only 

exceptions were MOPSO and APRS with respectively only 9 and 7 executions. At the 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 

points 

percentage solution 

points 

found 

local 

Pareto 

points 

D-metric ȹ -

metric 
 ɳ-metric ADRS-

metric 

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: 

 

Solution 

points found 

Local Pareto 

points 

D-metric ȹ -metric  ɳ-metric ADRS-

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 1.4 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 

points 

percentage solution 

points 

found 

local 

Pareto 

points 

D-metric ȹ ï

metric 
 ɳ-metric ADRS-

metric 

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 

 

  



FP7- 216693 ï MULTICUBE Project               D3.2 Implementation and Evaluation of the Exploration Algorithms 

 

Pag.30/45 

 

Standard deviation: 

 

Solution 

points found 

Local Pareto 

points 

D-metric ȹ -metric  ɳ-metric ADRS-

metric 

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 1.4 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 Enhanced-MOSA 

 

Mean values: 

 

evaluated 

points 

percentage solution 

points 

found 

local 

Pareto 

points 

D-metric ȹ -

metric 
 ɳ-metric ADRS-

metric 

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 

points found 

Local Pareto 

points 

D-metric ȹ -metric  ɳïmetric ADRS-

metric 

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 3.5553 0.0557 0.0195 343451377.4138 0.0186 

0.8718 1.99 0.0343 0.0382 341112355.5969 0.0096 

1.8547 1.1 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 Enhanced-ES 

 

Mean values: 

 

evaluated 

points 

percentage solution 

points 

found 

local 

Pareto 

points 

D-

metric 

ȹ -

metric 
 ɳ-metric ADRS-

metric 

184 2 1.8 9.7 0.1876 0.12 708792961.072 0.0842 

461 5 3.4 12.4 0.1189 0.1046 532409894.0515 0.0553 

922 10 7.4 14.7 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 

points found 

Local Pareto 

points 

D-metric ȹ -metric  ɳ-metric ADRS-

metric 

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 1.1 0.0154 0.0213 453303634.6522 0.0035 

1.0198 1.118 0.0152 0.0156 429167915.8408 0.0039 

 

 

B.1.5 Enhanced-MOPSO 

 

Mean values: 

 

evaluated 

points 

percentage solution 

points 

found 

local 

Pareto 

points 

D-

metric 

ȹ -

metric 
 ɳ-metric ADRS-

metric 

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: 

 

Solution 

points found 

Local Pareto 

points 

D-metric ȹ -metric -ɳmetric ADRS-

metric 

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: 

 

evaluated 

points 

percentage solution 

points 

found 

local 

Pareto 

points 

D-metric ȹ ï

metric 
 ɳ-metric ADRS-

metric 

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 11.4 13.6 0.0245 0.1197 513573697.5337 0.0219 

1843 20 14.3 15.4 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 

points found 

Local Pareto 

points 

D-metric ȹ -metric ïɳmetric ADRS-

metric 

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 

points 

percentage solution 

points 

found 

local 

Pareto 

points 

D-

metric 

ȹ -

metric 
 ɳ-metric ADRS-

metric 

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 

points found 

Local Pareto 

points 

D-metric ȹ -metric  ïmetric ADRS-

metric 

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 

 

 

Figure 9: Pareto designs found (mean values) 
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Figure 10: Local Pareto front size (mean values) 

 

Figure 11: D-metric mean values 




















