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Abstract

Based on P systems, this paper proposes a new multi-objective optimization algorithm (PMOA). Similar to P systems,

PMOA has a cell-like structure. The structure is dynamic and its membranes merge and divide at different stages. The key rule of a mem-
brane is the communication rule which is derived from P systems. Mutation rules are important for the algorithm, which has different
ranges of mutation in different membranes. The cooperation of the two rules contributes to the diversity of the population, the conquest of
the multimodality of objective function and the convergence of algorithm. Moreover, the unique structure divides the whole population into
several subpopulations, which decreases the computational complexity. Almost a dozen popular algorithms are compared using several test
problems. Simulation results illustrate that the PMOA has the best performance. Its solutions are closer to the true Pareto-optimal front

and distributed well. Moreover, it converges fast.
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Many real-world problems must be optimized si-
multaneously on several incommensurable and con-
flicting objectives. In such a framework, there is no
single optimal solution but rather a set of alternative
solutions. The multi-objective optimization problems
are too complex to be solved by exact methods, such
as gradient search and linear programming, since the
output of classical search and optimization methods is
a single optimized solution. The ability of an evolu-
tionary algorithm (EA) to find multiple optimal solu-
tions in one single simulation run makes EAs unique
in solving multi-objective optimization problems. The
numerous applications and the rapidly growing inter-
est in the area of EAs take this fact into account'!).

Since Schaffer suggested the first multi-objective
evolutionary algorithm, the vector-evaluated genetic
algorithm ( VEGA Y21, a2 number of researchers
across the globe have developed different implementa-
tions of multi-objective EAs. Zitzler et al. compared
eight existing multi-objective evolutionary algorithms
(MOEAs) on six test problems ZDT1 to ZDT6!%!.
The results showed that the Strength Pareto Evolu-
tionary Algorithm (SPA)!*! and the Non-dominated
Sorting Genetic Algorithm (NSGA)!! are superior to
other algorithms. They have become popular
MOEAs. However, they are criticized for their disad-
vantages. This paper attempts to suggest a new pow-
erful algorithm based upon other researchers’ current
studies. Specifically, the new algorithm adopts the

idea of P systems.

In 1998, Gheorghe Paun introduced P systems
(Membrane computing) (6,7]
research area. As a powerful computing device, P
systems have a significant potential to be applied to

» which became a popular

various problems of biclogy as well as to computer sci-
ence!® .
more investigation. This paper investigates this kind

of application of P systems, which considers the basic

However, the practical applications need

framework of P systems to implement the multi-ob-
jective optimization.

By using standard P systems it is difficult to di-
rectly solve multi-objective optimization problems
(MOOPs). The new algorithm incorporates ideas
from current seminal work on multi-objective evolu-
tionary algorithms. It is called P systems based Mul-
ti-objective Optimization Algorithm (PMOA).

PMOA has two unique characteristics. Firstly,

l6—8], Secondly, sev-

it has the structure of P systems
eral subsystems exist in an algorithm. Some are single
objective optimization subsystems, while others are
multi-objective optimization subsystems. These fea-
tures assure that the algorithm works well. The fol-
lowing experiments show that PMOA outperforms al-
most a dozen popular current MOEAs. Moreover,
this paper reports experiments about test problems
with a large number of parameters, which are absent

in Zitzler’s study.
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The remainder of this paper is organized as fol-
lows. In Section 1, the multiobjective optimization
problem is briefly mentioned. Then, in Section 2,
the PMOA is proposed in detail. Experimental de-
signs and their results are the subject of Section 3 and
Section 4. Section 5 indicates the conclusions.

1 The multi-objective optimization problems

Multi-objective optimization problems involve
multiple, conflicting objectives which are to be mini-
mized or maximized. In the following, MOOPs are
stated in their general form:

Minimize/ Maximize: f, (x), m=12,M

subject to: g (x) =0, j =127
h,(x) = 0, E=1,2,,K ()
xf’<1i<1y, i = 1,2, ,n

A solution x is a vector of n decision variables:

T .
x=(xy 25 "y ,) . The last sets of constraints
are called variable bounds, restricting each decision

. L
variable x; to take a value between a lower x; and an

upper in bound. Theses bounds constitute a decision

variable space D, or simply the decision space. There
are M objective functions f(zx) = (f,(z), f,{x),
o fm(x )7 considered in the above formulation.
Each objective function can be either minimized or
maximized. Without loss of generality, only mini-
mization problems are considered in what follows.

The multi-objective optimization problems have
two goals:

1. to find a set of solutions as close as possible to
the Pareto-optimal front;

2. to find a set of solutions as diverse as possi-

ble.

The first goal is mandatory in any optimization
task. The second goal is entirely specific to multi-ob-
jective optimization, and it asks to find solutions
which are sparsely spaced in the Pareto-optimal re-
gion.

2 The PMOA algorithm

PMOA incorporates the idea of P systems and
the basic operator of EAs. First, inspired by the idea
of P systems, PMOA has a special structure which
consists of many membranes. Each membrane has its
own subpopulation which evolves locally in the mem-
brane. Therefore, each membrane works as an evolu-

tionary algorithm. These subpopulations keep in ~

touch by means of the communication rule and the
dynamic structure. In addition, the communication
rule, the mutation rule, and other rules are similar to

H

their counterparts in P systems as well as to their cor-
responding operators in EAs. Secondly, the algorithm
pays attention to the ends of the Pareto front. The
ends constitute the skeleton of the Pareto front, so it
has never drawn any more attention than necessary.
In other words, PMOA emphasizes the optimization
of each single objective. In fact, many real-world
problems require that one special objective is opti-
mized and other objectives do not turn for the worst.
On the other hand, the emphasis on the single objec-
tive makes the set of solutions a faster and more effec-
tive approximation to the Pareto front.

2.1 The dynamic structure

As in standard P systems, the structure of
PMOA consists of several membranes. The number of
membranes is different according to the number of
objectives and the difficulty of the optimization prob-
lem. As is shown in Fig. 1, membranes m, ;, m, ,,
*+, my N, form the subsystem Sub,. The outermost
membrane, skin, contains several subsystems. Ex-

cept the skin, all membranes merge into one m at

instar
a certain time. Then, it divides into the same struc-
ture as it was previously reported. The dynamic
course of structure evolution is described in Fig. 1.
While the subsystems merge into the membrane

M ,,..» the objects (strings or solutions) of all sub-

systems will enter into the membrane m . During

instar
the process of division, the copies of objects which
have the best value on the objective f, will form the
subpopulation of subsystem 1, and the copies of ob-
jects which have the best value on the objective f,
will form the subpopulation of subsystem 2 and so on.
The copies of objects which have the best Pareto value
on all objectives will form another subpopulation.
Some objects may be copied several times and some
will be deleted without letting behind any copies.
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Fig. 1.
2.2 The function of subsystems

Each subsystem has its own preference order of
the objectives. Often, the subsystems have a unique
objective which they will optimize. Specifically, some
subsystems optimize one of the objectives and do not
care about other objectives. In fact, locally we have a
single objective optimization system. For example,

Skin

Divide
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Evolution of structure.

taking a problem with two objectives, the population
of subsystems distribute as shown in Fig. 2. Around
the ends of the Pareto front, there are more objects.
Most of the objects come from single optimization
subsystems. The subpopulation of subsystem 1 speeds
up the decrease of objective f;.The subsystem 2 con-

tributes the convergence of solutions on the objective
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Therefore, a complete set of solutions will ap-
proach the Pareto front faster. On the other hand,
there is another subsystem which keeps the entire
population varied.

2.3 The evolution of subpopulations

As shown in Fig. 1, a subpopulation has one or
more membranes. The following experiments study
the subsystems with three membranes, the outer
membrane, the middle membrane, and the inner
membrane. Each membrane has its own subpopula-
tions. The evolution of the subsystem consists of the
evolution of its subpopulation.

The evolution of the subpopulation can incorpo-
rate ideas from most of the popular EAs. However,
one key rule must be adopted from P systems, i.e.,
the  communication rule. In fact, there are several
communication rules that can be selected. The fol-
lowing experiments adopt the antiport and symport
rules. In Fig. 1, subsystem 3 is taken as an exam-
ple. If the whole system is used for an optimization
problem with two objectives, the third subsystem is a
multi-objective optimization one. Its best objects of
the outer membrane are its current Pareto front.
When the communication rule is used, the outer
membrane m; | sends its best objects into the skin
membrane. However, the copies of the solutions of
Pareto front remain in the membrane m,,. On the
other hand, when the outer membrane sends the
same worst objects into the middle membrane 5 ,,
the same number of best solutions of the latter enter
into the outer membrane. At the same time, the mid-
dle membrane uses several of its worst solutions to ex-
change for the same number of the best solutions of
the inner membrane m ;.

The mutation rule of PMOA is also unique. It
might be described as follows:

S5 (2)
where
{S = xxyay 3)
S/ = ylyz"'y[
Y =X
ory, = z; + (4)

i=1,2,,1; I is the length of the strings or the
number of variables of a problem and x;, y, are the
variables of the problem; these I variables compose a
string S, which is an approximate solution of the
problem. 7, is a random number with normal distri-
bution. Its range of distribution is different in differ-

ent membranes. According to the rule, several genes

x; in a string S turn into y; = x,; + 7; at random. The

selection of their ranges is important for the conver-
gence of the PMOA.

With the above two main rules, the algorithm
can efficiently implement the multi-objective opti-
mization. In order to improve it, some operators or
methods of evolutionary algorithms should be utilized
according to different problems. Similar to the (u +
A) — ES in evolutionary strategy, the offspring popu-
lation C, is first created in a membrane by using its
parent population P,. Then the two populations are
combined together to form R, of size (x + 1). The
non-dominated front of the entire population R, is
taken out as a part of the population of the next gen-
eration P,, . If the number of solutions of the off-
spring population is less than p, another front is
adopted from the remaining population R, — P, , .
While the last front is considered, there may exist
more solutions in the last front than the remaining
slots in the offspring population. Then, we should
use a niching strategy to choose the objects of the last
front, which reside in the least crowded region. The
PMOA adopts the crowding distance assignment pro-
cedure like the elitist non-dominated sorting genetic
algorithm (NSGA-2)!1%1 " When the entire popula-
tion converges to the Pareto-optimal front, the con-
tinuation of this algorithm will ensure a better spread
among the solution. Therefore, the second goal of the
MOOPs is implemented.

Suppose the initial subpopulation is denoted by
P,. The evolution of the subpopulation is outlined as

follows;

1. The communication rule is applied. The
membrane sends out some objects and adopts the ob-
jects which come from other membrane to form the
population P, .

2. Create the offspring population C, from P: by
using the mutation rule. Other operators of evolution-
ary algorithm can be considered. In the following ex-
periments, the cross and crowded tournament are ex-
plored.

3. Combine the parent and offspring population
R,=P UC,.

4. According to the Pareto selection and the
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crowding distance, choose the best u objects from R,

to form the offspring population P, , .
2.4 Elitism in skin

At each generation, each subsystem sends their
front into the skin. Therefore, there are a mass of so-
lutions, some of which are dominated by the other.
In the skin, the dominated solutions are deleted and
only the non-dominated solutions are stored at each
generation. Many seminal works report that the in-
corporation of elitism improves the performance of
EAs. However, the elitism in the skin never takes in-
to evolution. The function of such strategy is not ob-
vious in the early stages of evolution. When non-
dominated solutions exceed the size of the offspring
population, some of them will be deleted. If the
Pareto front of the problem is wide and its shape is
complex, the front with little solutions coming from
the subsystems makes it difficult to represent the real
front. The store of the elitism can increase the number
of the Pareto solutions and improve their distribution.

3 Experiments
3.1 Design for the experiment

With the availability of many multi-objective

evolutionary algorithms, it is natural to ask which of
them performs better when compared to other algo-
rithms on various test problems. Zitzler et al. con-
structed six difficult test problems, and investigated
the performance of various popular multi-objective
EAs. They are Fonseca and Fleming’s multi-objec-
tive EA (FFGA), the Niched Pareto Genetic Algo-
rithm (NPGA), Hajela’ s weighted-sum based ap-
proach (HLGA), the Vector Evaluated Genetic Algo-
rithm (VEGA), the Non-dominated Sorting Genetic
Algorithm (NSGA), a single-objective evolutionary
algorithm using weighted-sum aggregation (SOEA),
and the Strength Pareto Evolutionary Algorithm
(SPEA). The PMOA is compared with these algo-
rithms on ZDT1, ZDT2, ZDT4, and ZDT6. The
same parameter settings are adopted. The population
size is 100 and the stopping criterion is 250 genera-
tions. In the following experiments, the PMOA has 3
subsystems and each subsystem has 3 membranes.
The 9 membranes share the population with 100 ob-
jects as shown in Table 1. The ranges of mutation
which belong to different membranes are different ac-
cording to the different decision spaces. As is shown
in the following table, the ranges on ZDT6 are differ-
ent from those of other test problems.

Table 1. The parameters of each membrane
Membranes myq my2 my3 Mo M2,2 2,3 m3 ™3 ms3
Subpopulation size 2 3 5 5 10 5 5 30 35
Mutation range 0.2 0.02 1073 0.05 0.01 1073 0.1 0.05 0.005
Mutation range (ZDT6) 0.1 0.005 10°¢ 1074 10°° 1077 0.05 5x10°* 10 ¢

3.2 Test problems

In our study, only ZDT1, ZDT2 and the most
difficult problems ZDT4, ZDT6 are used for the com-
parisons'®).  These problems have two objectives
which are to be minimized:
f1 ( I)
folzx) = glo)h(fi(x),g(x))

(5)
These problems are different according to the differ-
ent definitions of the three functions f(x), g(x),
and h(x) as follows:

f1(11) =T

Minimize:

Minimize:

ZDT15g(xy, v x,) = 1+ 92> 2,/ (m = 1)
i=2
h(fl’g) =1- \/(f1/g)
(6)

where m =30 and x, € [0, 1]. This is the easiest

problem with a convex Pareto-optimal front.

filz) = x4

ZDT24g(xys v x,) = 1+ 921,./(m -1)

i—2
h(fg) = 1-(f1/g)

(7)
where m =30 and x; € [0, 1]. The difficulty with
this problem is that the Pareto-optimal region is non-
convex.

filay) = =
glx, v x,) =1+10(m - 1)

ZDT4 (8)

+ 92 (13 ~ 10cos(4nax;)

i=2
h(fpg) =1~ N (f1/g)
where m =10, x,€ [0, 1], and x, ", x, €[ -5,

5]. This contains 21° local Pareto-optimal fronts.
The sheer number of multiple local Pareto-optimal
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fronts produces a large number of hurdles for an algo-
rithm to converge to the global Pareto-optimal front.

filzy) =1 - e *sin®(6nz,)

g(Ila .“’xm)

i 0.25
IO s ( e fm - )
h(fpg) =1- (f1/g)2
(9)

where m =10 and ;€ [0,1] .

The difficulties are that the problem has a non-
convex Pareto-optimal set, the density of solutions
across the Pareto-optimal region is non-uniform, and
the density towards the Pareto-optimal front is also
thin.

4 Results and discussions

Figs. 3—7 illustrate the comparison between the
simulation result of PMOA and the results of other al-
gorithms!®). Elitism is an important factor in evolu-
tionary multi-objective optimization. The perfor-
mance of the algorithms improved significantly when
SPEAs elitist strategy was adopted. The algorithms
with an asterisk adopted the elitism. As the figures
show, the solutions of PMOA reside at the bottom of
the figures. Therefore, the performance of PMOA is
better than that of other algorithms on ZDTI,
ZDT2, and ZDT4.

MO A
FF(; A
HLUA

NSGA

e o SOEA
» SPEA
® o VEGA

— Pareto Frontier

Fig. 3. Results on the test function ZDT1.

ZDT4 seems to be the most difficult test prob-
lem, since even the NSGA with a population size of
10000 was not enough to converge to the optimal
trade-off front after 250 generations. The PMOA
with a population size of 100 after 250 generations
obtains the result which is better than the solutions
found by the elitism variants of NSGA with a popula-

tion size of 500 after 1000 generations.

£

PMOA
FF(

e HLGA
NPGA
NSGA
SOEA
SPEA
VEGA

PMOA

;& FFGA
, [\ & HLGA
).98 |

\\ NPGA

.96 F N NSGA
\'-\ SOEA
94 N SPEA

i NGt VEGA

0.88 TS

0.86 —ts .

Fig. 5. Results on the test function ZDT4.

The performance of PMOA on ZDT6 surpasses
that of other algorithms except SPEA. However, the
distribution of solutions is better with PMOA. More-
over, the maximum of variables except x, is opti-

mized to less than 5.0 X 10 "%, This is probably due
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converges faster in terms of generations. In fact, it
runs faster due to less computational complexity.

NSGA has been criticized for its computational

complexity O (MN”), where M represents the ob-
jectives and N represents the population size. The
NSGA-2 and SPEA needs at most O (MN?) compu-
tations in each generation. The PMOA only required
at most O(M_,N>,), where the M_,, is the number
of objectives of the maximum subsystem and N_, is
the size of the maximum subpopulation. Because the
whole population is divided into several small subpop-
ulations and there are some single objective optimiza-
tion subsystems, the computational complexity de-
creases and therefore the algorithm runs faster. The
population size strongly influences the algorithms ca-
pability to converge towards the true Pareto-optimal
front. Obviously, the small subpopulations of PMOA
are not enough to keep diversity among the individu-
als. By increasing the population size properly, it can
solve more difficult MOOPs. However, the range of
mutation and size of subpopulations should be adjust-
ed according to different problems in order to obtain
best performance on difficult problems.

to the mutation strategy where the value of variable
fails to decrease continually. If the depth of the sub-
system increases, i.e., the number of the membranes
increases, the performance on the ZDT6 is improved.

Ho et al. suggested the intelligent multi-objec-
tive evolutionary algorithm (IMOEA) for large pa-
rameter optimization problems
of several algorithms are compared with extended test
problems on a large number of parameters (63 vari-
ables). The same stopping criterion and size of popu-
lation are used as before.

On the multimodal test problem ZDT4, only
PMOA can obtain the best Pareto front, which is
much closer to the Pareto-optimal front when com-
pared with the other algorithms in Fig. 8. Its perfor-
mance is worse than that of IMOEA on the ZDT6
with 63 variables. As is shown in Fig. 9, however,
it performs better than NSGA-2, SPEA2, and other
algorithms. As shown by the figures above, The

PMOA performs well according to the two goals of

multi-objective optimization problems. In addition, it

08 :
‘ 300/ PMOA
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200 SPEA
SPEA2
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Fig. 8 Results on the test function ZDT4 with 63 variables
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Fig. 9. Results on the test function ZDT6 with 63 variables.



Progress in Natural Science

Vol.17 No.4 2007 www. tandf. co. uk/journals 465

5 Conclusion

Inspired by the theory of P systems, a well-per-
forming multi-objective optimizer is proposed in this
paper. First, this paper extends the applications of P
systems. Second, it proposes a new strategy for the
multi-objective optimization problems. As shown by
the experiments above, the quality of non-dominated
solutions obtained by PMOA is superior to those of
other EAs: the distance between the obtained Pareto
front and the true Pareto-optimal front is small, and
the distribution of non-dominated solutions is nearly
uniform. The relative performance of PMOA demon-
strated that PMOA may be well qualified to join the
current set of “best performers” in the multi-objective
evolutionary algorithm community.
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