PSA - A New Scalable Space Partition Based
Selection Algorithm for MOEAs

Shaul Salomon, Gideon Avigad, Alex Goldvard, and Oliver Schiitze

Abstract. It has generally been acknowledged that both proximity to the Pareto
front and a certain diversity along the front should be targeted when using evo-
lutionary algorithms to evolve solutions to multi-objective optimization problems.
Although many evolutionary algorithms are equipped with mechanisms to achieve
both targets, most give priority to proximity over diversity. This priority is embed-
ded within the algorithms through the selection of solutions to the elite population
based on the concept of dominance. Although the current study does not change this
embedded preference, it does utilize an improved diversity preservation mechanism
that is based on a recently introduced partitioning algorithm for function selection.
It is shown that this partitioning allows for the selection of a well-diversified set
out of an arbitrary given set. Further, when embedded into an evolutionary search,
this procedure significantly enhances the exploitation of diversity. The procedure is
demonstrated on commonly used test cases for up to five objectives. The potential
for further improving evolutionary algorithms through the use of the partitioning
algorithm is highlighted.

1 Introduction

In many problem situations, several objectives must be optimized at the same time,
leading to a multi-objective optimization problem (MOP). Mathematically, a MOP
can be stated as follows:
min{F(x)}, (D
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where Q C R4 is the domain, F is defined as the vector of the k objective functions
F:Q— TRk F(x) = (fi(x),...,fi(x)), and each objective is defined as f; : Q — RR.
The set of optimal solutions of a MOP, the Pareto set &2, typically forms a (k — 1)-
dimensional object. The task of many set-oriented search procedures is to find a
‘suitable’ finite sized approximation of the Pareto front F () (i.e., the image of the
Pareto set), since this front represents the set of optimal compromises measured in
objective space, the most interesting view in many applications.

Of the set-oriented search procedures for the numerical treatment of MOPs, multi-
objective evolutionary algorithms (MOEAs) are widely used due to their global and
universal approach and their high robustness ([6} [5]). Most MOEAs simultaneously
attempt to account both for the proximity of the approximation set to the Pareto front
(also termed as convergence in the community) and for its diversity (also termed as
spread) [3]]. Domination is the predominant approach used to exploit proximity.
Diversity is exploited by different approaches that can be classified into three main
categories. The first treats diversity as a property of a set and evolves sets with good
diversity. The diversity can be measured according to the accumulated distances
between the members of the set (see [12]], [13]]), or indirectly by the hypervolume
measure [20] or the averaged Hausdorff distance [14]]. Algorithms in the second
category treat diversity as a property of each individual according to the density
of solutions surrounding it. Fitness sharing of NPGA [10], crowding distance of
NSGA-II [7], the diversity metric based on entropy and the density estimation
technique used in SPEA2 [22] are examples of this category. Algorithms of the third
category decompose the multi-objective problem into a number of single objective
problems (scalarization). Each of these problems ideally aims for a different zone
on the Pareto front such that the set of solutions to the auxiliary problems form a
diverse set of optimal solutions. MOEA/D [19] is probably the most famous method
within this category.

With respect to both goals (proximity and diversity), selection plays an important
role in evolving individuals towards the Pareto front [1]]. In order to select promising
(i.e., less dominated and less crowded) individuals, proper selection criteria must
be formulated. These criteria are commonly utilized in MOEAs in order to choose
the elite population, thus allowing the best solutions in the current generation to
be copied into the next generation. An elite population may be selected by pure
truncation selection. In truncation selection with threshold 7, the algorithm sorts all
individuals based on their domination level and includes the first 7 individuals as the
elite population. Truncation selection is exploited in many MOEAs, such as NSGA-
I [[7] and SPEA?2 [22]]. In this case, exploitation of proximity takes over exploitation
of diversity. Some efforts to further promote population diversity have been made
over the last decade, among them Balanced Truncation Selection (BTS) [3], epsilon
Dominance Selection [11]], Indicator-Based Selection, IBS [21]].

In this paper, a new algorithm, PSA, is proposed to select a diverse subset from
a given set of points. The proposed algorithm has several advantages that make it
suitable for integration into MOEAs: 1) It has low computational complexity. 2) It
can select a diverse subset, even if the original set is poorly distributed. 3) There are
no limitations on the size of the selected subset.
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The remainder of this paper is organized as follows. The proposed algorithm is
described in Section2] Section[3describes a straightforward method for integrating
the algorithm into NSGA-II in order to improve the diversity of its population. The
proposed algorithm and the original NSGA-II are compared in Section @] Finally,
the paper ends with some conclusions in Section[3l

2 PSA - Part and Select Algorithm

This section proposes an algorithm that aims at selecting m well-spread points from
a set of n candidate solutions. The proposed method is an adaption of the algorithm
for the selection of functions (see [2]]) to the context of multi-objective optimization.
It selects a diverse subset from a set of objective vectors (e.g., the image of the
current population of a MOEA). The procedure has two steps: First, the set is divided
into subsets so that similar members are grouped in the same subset. Next, a diverse
subset is formed by selecting one member from each generated subset.

2.1 Partitioning a Set

The core of the PSA is the algorithm of partitioning a given set of points in the
objective space into smaller subsets. In order to partition a set into m subsets, PSA
performs m — 1 divisions of one single set into two subsets. At each step, the set
with the greatest dissimilarity among its members is the one that is divided. This
is repeated until the desired stopping criterion is met. The criterion can be either
a predefined number of subsets (i.e., the value of m) or a maximal dissimilarity
among each of the subsets. The dissimilarity of a set A is defined by the measure
ZA as follows:

LetA:={f; =[fi1,---, fit] s B0 = [fu1,-- - fux] } € RF (i.e., n objective vectors
f; = F(x;) for points x; € Q), and denote

aj:= min fi;, bj:= max fi, Aj:=b;j—a;, j=1,....k 2)
i=1,..n i=1,..n

ZA ;= max A; 3)
Jj=1,..k

In fact, FA is the diameter of the set A in the Chebyshev metric. The size of ZA is

a measure of the dissimilarity among the members of A, with a large @A indicating

a large dissimilarity among the members of A.

The pseudocode of PSA for a fixed value of m is shown in Algorithm[Il At every
iteration the algorithm finds the subset with the largest diameter, and divide it into
two subsets.

Figure [Tl demonstrates the steps of the algorithm and highlights the results ob-
tained by its use. Consider the set of 24 points in the bi-objective space depicted in
the top left panel of Figure[Il Suppose that the purpose is to partition this set into
m = 5 subsets. The gray rectangle represents the region in the objective space that
contains the solutions of the set. According to Eq. (3), the diameter of the given set
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Algorithm 1 Partitioning a set A into m subsets

Al A
: Evaluate @A according to Eq. (3) and store A, in an archive.
i+2
while i <m do
Find A; and coordinate p; such that gA; = A, = max @A,

I=1,...i-1
PartA; to subsets A; ,A,:

@ kw2

7. Evaluate @A ;; and @A j according to Eq. @3), and replace in the archive
ﬂAj and Dj with the pairs ﬂAj] ,EA]‘Q and Pj1sPj2

accordingly.
8: S<—{A17...7Aj17Aj2,...,Ai}
9. i«+i+l
10: end while

is the length of the horizontal side of the rectangle. Therefore, the first partition is
made by vertical incision (indicated by the vertical line in the middle of the rectan-
gle). The results of this partition are depicted in the top middle panel of Figure[l
The left subset in this panel has the greatest diameter (in horizontal direction). The-
refore, the next partition is made on this subset by vertical incision. The results of
this partition are depicted in the top right panel of Figure[Il The bottom two panels
of Figure[Tl depict the results of the next two iterations of Algorithm![Il

Note that the results of the partitioning are different than the results of using a
common grid in the original space. With a common grid, an initial interval in every
dimension is divided into equal sections, resulting in the division of the hyperbox
into smaller hypberboxes of equal space. Since the original set A does not necessar-
ily ‘cover’ the entire space, each hyperbox in the grid might or might not contain
a member of A. Hence, there is no way to predict which resulting grid will have
the desired number of occupied boxes. In addition, there are certain limitations on
the number of hyperboxes in the grid. For example, in a two-dimensional grid it is
possible to create m = {1,2,4,6,9,12,...} boxes, while only a number of m = n?,
when 7 is a positive integer, will produce an even grid. With PSA, only the occu-
pied space (marked as the gray rectangles in Figure[T) is considered. When a group
A; is divided into two subgroups A;, and A;,, the space considered from now on is
given only by the two hyperboxes circumscribing A;, and A;,. The rest of the space
in A; is discarded. Every partition increases the number of subgroups by one, and
therefore any desired number of subgroups can be created. Moreover, by dividing
the subgroup with the largest dissimilarity, PSA ensures that the members of each
group will be as similar as possible to each other.
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Fig. 1 Partitioning of 24 elements in bi-objective space into m = 5 subgroups (indicated by
the gray boxes)

2.2 Selection of a Representative Subset

Once the set A has been divided into the m subsets Ay,...,A,,, the ‘most suitable’
element from each subset must then be chosen in order to obtain a subset A, of
A that contains m elements. This is of course problem dependent. Since this study
aims for high diversity of the chosen elements, the following heuristic is suggested
(denoted as center point selection): From each set A; choose the member which is
closest (in Euclidean metric) to the center of the hyperrectangle circumscribing A;.
If there exist more than one member closest to the center, one of them is chosen
randomly.

Figure[lillustrates this rule. The original set of 24 elements (compare to Figure[T))
was partitioned by Algorithm[T]into five subsets. The centers of the grey rectangles
are marked with a cross. In each subset the member closest to the center is circled (a
random member is circled in the subset with only two members). The representative
set A, = {a1,a2,a3,a4,as} is the set of all circled points.

Figure [3 illustrates the performance of PSA in selecting a subset from a
randomly chosen (non-dominated) population in a three-objective space. A set of
500 randomly distributed points is depicted in Figure The set is divided into
40 subsets, and the central member of each subset is selected as a representative
point to form the representative subset depicted in Figure[3(F)} According to Eq. (3),
the diameter of the given set is the distance over f,. Therefore, the first partition is
made over f>. At the second partition, the subset of the circles from Figure[3(b) has
the largest dissimilarity and therefore is partitioned (over f1). At the next partition
the subset of gray stars is partitioned over f| to form the four subsets shown in
Figure 3(d)] The final stage of Algorithm [I]is shown in Figure The subset
shown in Figure [3()is obtained by selecting the point closest to the center of each
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Fig. 2 Selection of a representative subset A, out of A using center point selection

of the 40 subsets. Figure clearly shows that the distribution of the points in the
original set is not uniform. Nevertheless, PSA managed to select a subset of fairly
evenly distributed points from it.

2.3 Complexity Analysis of the PSA

The following analysis refers to the procedure given in Algorithm [[l Let A =
(f1,...,£,) C R¥ be the original set of n members, from which a subset of m mem-
bers is to be selected.

The evaluation of @A; (Step[2) requires a comparison O(1) of n values to calcu-
late A; for each of the k coordinates. The complexity of this step is O(nk). To find
ZA| =max;— . xAj, k comparisons of O(1) are required. Thus, the total complex-
ity of Step2lis O(nk). At Step Bli comparisons are required in order to find p; and
#A; =max;—1 . ; FA;, since it uses archiving. Given that i < m, the complexity of
Step[Blis O(m) in the worst case. To partition the set A ; into two subsets A ;; and A j»,
each of the members of A; has to be compared in coordinate p; with a; + gA;/2.
Since |Aj| = w; < n, the complexity of Step[@lis O(n) in the worst case. The evalu-
ation of @A;; and @A j» (Step[Z) is similar to Step 2] but only w 7 members have to
be evaluated. In the worst case, the complexity of Step[7lis O(nk). The complexity
of StepsBlto[lis O(m) + O(n) + O(nk) = O(nk). These steps are performed m — 1
times. Therefore the entire complexity of Algorithm[lis O(nkm). The selection of
one representative member of each set requires calculating the Euclidean distance
of each member from the center of it’s set. The complexity of this stage is O(nk).
The comparison between the distances has a complexity O(n).

We summarize the above considerations.

Proposition 1 Givenaset A= (fy,...,£,) C R, the overall complexity of choosing
m < n elements out of A using PSA and the center point selection is O(nkm).
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(a) original set of randomly distributed points (b) two groups after first partition

(e) final partition - 40 groups (f) the selected subset A(,) containing the
centers of the 40 groups

Fig. 3 Demonstration of PSA in a three-dimensional space: Selection of a representative
subset of 40 points from a randomly distributed set of 500 points
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3 Integration of PSA into NSGA-II

Due to the minimal requirements of PSA—the algorithm needs only a set of candi-
date solutions and returns a subset of cardinality m—the algorithm can basically be
integrated into any MOEA and used as a selection mechanism and/or as a crowd-
ing assignment mechanism. The advantages of such an integration are demonstrated
in the following using the well-known NSGA-II [7]] as a base MOEA. NSGA-II is
commonly used for solving MOPS. Nevertheless, it is known for its incompetence
of finding a well-diversified set of solutions for problems with more than two objec-
tives. It is shown in Section[] that the suggested integration improves this drawback,
and is able to find an approximated set with a better diversity. The purpose of the
following is not to introduce an algorithm which is better than the state-of-the-art,
but to demonstrate the simplicity of improving an existing MOEA by integrating it
with PSA.

The modified NSGA-II will be referred to as "NSGA2-PSA”. For the sake of
simplicity, the implementation will be described using the same notations as in [7],
page 6, "The Main Loop”. Hence, assume that the combined current population
R; = P,UQ; of the size 2N is sorted to the non-dominated fronts .%1,....%,,... and

|Z1|+...+|Fio1|=s <N, |Fi|+...+|F]|>N.

The next parent population P is constructed from all the members of the sets
F1,...,F;_1 and from N — s members of the set .#;. The only difference from the
classical NSGA-II is that instead of selecting N —s members from the last front
. according to the crowded-comparison operator <, selection is according to the
PSA, as follows. .%; is partitioned to N — s subsets according to Algorithm[I] and
the central member of each subset is selected to P .

The crowding assignment of NSGA-II, used for the binary tournament is mod-
ified as well. Each set .%;,i = 1,...1 is partitioned according to Algorithm [l into
|-Z:]/2 subsets, and every member of .%; is assigned a crowding measure equal to
the number of members of its subset.

To highlight the benefits of this integration, no other differences were made
between NSGA-II and NSGA2-PSA. In particular, NSGA2-PSA uses the same
tournament-selection, cross-over, and mutation operators as NSGA-IIL.

4 Comparison of NSGA2-PSA with NSGA-II
In this section, the proposed NSGA2-PSA is compared with the classic NSGA-II.

For a fair comparison, both MOEAs start with the same initial population at every
test, and use the same genetic settings.
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4.1 Test Problems

To demonstrate the scalability of the PSA, both algorithms are tested on the DTLZ
1 — 4 benchmark functions (see [[8]). Each test case was tested for p € {2,3,4,5}
objectives. The design space consists of d = 7 decision variables for all problems.
The Pareto optimal front (PF) of DTLZI is the hyper-plane of all points that satisfy
the equation Y, f; = 0.5,i = 1,...,M, where M is the number of objectives. This
benchmark offers a difficult function for convergence with many local minima. The
PF of DTLZ2 — 4 is the positive eighth of the hyper-sphere of all points that satisfy
the equation fl-2 =1,i=1,...,M. DTLZ3 uses the same function for convergence
asin DTLZ1, and therefore it can check the ability of a MOEA to find solutions close
to the real PF. In DTLZ4 a very small section in the decision space is mapped to a
very large section in the objective space. This property makes it a good benchmark
to test the ability of a MOEA to find a diverse set of solutions. Since the proposed
NSGA2-PSA aims to enhance the diversity of the approximated set, the results for
the DTLZ4 are of major importance.

4.2 Genetic Settings

Both algorithms are given real-valued decision variables. They use the simulated
binary crossover (SBX) operator and polynomial mutation [6], with distribution in-
dexes of 1. = 15 and n,, = 20 respectively. A cross-over probability of p. = 1 and
a mutation probability of p. = 1/d are used. The population size is increased with
the number of objectives. A population size of 100, 300, 600 and 1000 members is
taken for 2, 3, 4 and 5 objectives, respectively. The number of generations for all the
cases is set to 250.

4.3 Performance Metrics

The approximated sets obtained by both methods are evaluated according to
the hyper-volume [20], generational distance and inverted generational dis-
tance [I6]. The generational distance (GD) measures the average distance of
the members in the final approximated set to the real PF. Therefore, GD measures
the convergence of the algorithm. Since the mathematical definition of the fronts of
the test-cases are known, the distances are calculated analytically. The inverted gen-
erational distance (IGD) measures the average distance from a set of well-diversified
points on the real PF to the final approximated set. Since the reference set is well
spread along the PF, IGD provides information about the diversity of the approx-
imated set. Smaller values of GD and IGD are preferred. The hyper-volume (HV)
measures the size of the region dominated by the approximated set. A higher value
of HV is associated with a good spread and convergence.
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Fig. 4 The final approximated set obtained by NSGA2-PSA and NSGA-II on two objectives
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Fig.5 The final approximated set obtained by NSGA2-PSA and NSGA-II on three objectives

DTLZ1 - DTLZ4
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Fig. 6 Box plots of results from 20 independent runs of NSGA-II (denoted as N) and
NSGAZ2-PSA (denoted as P) on the DTLZ 1 — DTLZ 4 test cases for two and three objectives
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4.4 Simulation Results

To compare the methods, 20 independent runs were carried out on each of the prob-
lems. The results of a typical approximated set can be seen for two and three objec-
tives in Figures [ and Bl respectively. The statistical results for two — five objectives
are shown in Figures [f and [7] As seen in Figures ] and NSGA2-PSA has a
slight advantage in convergence for problems with two objectives. That advantage
can be seen in the results for the DTLZ1 and DTLZ3 problems. The differences
between the methods begin to emerge for problems with three objectives and more.
Figure 3] clearly shows that the spread of NSGA2-PSA is much better than that of
NSGA-II for all test cases. The most outstanding difference occurs with the results
of DTLZ4. As stated in [8], the final approximated set for DTLZ4 is highly de-
pendent on the initial population. For three objectives, NSGA-II converged in some
runs to the solutions on the f1-f2 plane, in others to the f1-f3 plane and in some runs
it found solutions on the surface of the hyper-sphere. With the same initial popula-
tion, NSGA2-PSA was able to find solutions on the surface of the hyper-sphere for
almost every run. A good example of this can be seen in Figure[5(d)]

The advantage of NSGA2-PSA over NSGA-II in spreading the approximated set
is depicted in the statistical data in Figures[@land[7l The IGD value of NSGA2-PSA
is always better than that of NSGA-II. However, in problems with more than two
objectives, this advantage comes at the cost of a loss of proximity, as manifested
in the larger GD values of NSGA2-PSA. This highlights the unresolved tradeoff
between proximity and diversity. The combination of small IGD values with large
GD values can be explained by the existence of outliers. The higher HV measure
of NSGA2-PSA indicates that the gain in diversity is more significant than the loss
of proximity. The advantage of NSGA2-PSA makes the largest difference in the
DTLZA4 test case, where a well-diversified set is hard to attain.

5 Conclusions and Future Work

In this paper, PSA (Part and Select Algorithm) has been proposed as a tool to select
m elements from a given set A of candidate solutions such that the resulting subset
A(y) is characterized by high diversity (and hence serves as a good representation
of A). The idea of PSA was first used in [2]] for function selection, but in this paper
it is used and analyzed for the first time as a selection mechanism within MOEAs.
The PSA together with center point selection is capable of choosing a well-spread
subset A, of A for any given value of m. To demonstrate the potential benefit of
the novel algorithm, PSA has been integrated into the well-known NSGA-II. The
purpose of this was to utilize the high competency of the partitioning algorithm
to select a diversified sub-set from an arbitrary set for enhancing diversity along
the Pareto front. The partitioning algorithm has been used to assign a crowding
measure to each of the solutions, and was used within the evolutionary algorithm.
It has been shown that the selection based on the partitioning algorithm evolves a
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front involving higher diversity (based on IGD and on hypervolume). Nevertheless,
the inherent trade-off between proximity and diversity was not resolved.

As future work, the potential of the partitioning algorithm should be tapped to
select a good spread of solutions, e.g., by integrating it in other MOEAs such as
BTS [3] or A,-EMOA [9]). The BTS algorithm aims directly at proximity and diver-
sity while the A,-EMOA is aimed at Hausdorff approximations of the Pareto front
(i.e., a performance measure that is also related to proximity and divesity [14]).
Moreover, due to the advantages of PSA in choosing a representative subset, its
potential for supporting decision-makers should be explored.
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