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Abstract Membrane computing is a recently developed research field, whose mod-
els, P systems, are bio-inspired computational models, abstracted from the structure
and the functioning of living cells. Their applications are various and have been
reported in biology, bio-medicine, economics, approximate optimization and com-
puter graphics. However, it is a difficult task to design a P system which solves a
given problem, especially because of their characteristics, such as nondeterminism,
parallelism, possible presence of active membranes. In this paper we propose an
approach to P systems automatic design, which uses genetic algorithms and model
checking. More precisely, we use a type of fitness function which performs several
simulations of the P system, in order to assess its adequacy to realize the given task,
complemented by formal verification of the model.

1 Introduction

Membrane computing is an emergent branch of natural computing, which proposes
and investigates new computational models, namely P systems, initially inspired by
the structure and functioning of the living cell [19]. Later on, other biological entities
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have served as inspiration and have given birth to other computing paradigms, such
as tissue, colony or spiking neural P systems [21]. The key ingredients for basic cell-
like P systems are: a membrane structure consisting of several membranes arranged
in a hierarchical structure inside a main membrane (called the skin) and delimiting
regions or compartments, multisets of objects contained in each region and rules
which are applied in a maximal and parallel mode.

Similarly to other nature inspired computing models or evolutionary strategies,
P systems have been employed to tackle NP-complete problems. The approach, dif-
ferent from the one of evolutionary strategies, is realized by P systems with active
membranes [20]. The main idea behind is to trade time for space: using a division
rule successively n steps, due to the maximal parallelism, 2n copies of the same
membrane are obtained. Furthermore, recent advances in distributed and parallel
computing have motivated an intensive research effort in membrane computing, re-
garding for example their simulation using graphics processing units (GPUs) [3].

A large number of software tools for simulating P systems have been devel-
oped, many of them with the purpose of dealing with real world problems, such
as those arisen from biology [2]. One of the most promising software projects in
membrane computing, the P-Lingua framework [4, 18], proposes a new program-
ming language, aiming to become a standard for the representation and simulation
of P systems. This framework has been continuously developed, in order to accept
more complex variants of P systems and to solve real world problems [2, 15].

In this context, of recent developments in P system simulators and their appli-
cation in solving various problems, it is desirable to obtain P systems models able
to realize given tasks. However, the process of designing a P system fit for solving
a given problem or performing a certain task can be tedious and error-prone. Sim-
ulation tools can help observing whether the P system has some possible incorrect
behaviour, model-checkers can help verifying if the desired properties are main-
tained on all possible computations [8, 14]. But the effort, based on trial and error,
needed to design the P system, still remains an open problem.

In this paper we propose an approach to P system automatic design using genetic
algorithms. The adequacy of the P system for solving a given problem or task is
evaluated based on the results obtained in several simulations using P-Lingua (in
case of nondeterministic P systems), complemented by a model verification realized
with the model-checker Spin. When the P system is nondeterministic, an unknown
number of different computations may exist. Since our algorithm will only perform
the evaluation of a predetermined number of computations (which may be less than
the total number of computations), this will be complemented by model checking,
in order to ensure that the required property holds for all cases - not just for those
for which simulation results are available.

This paper is structured as follows. We introduce the theoretical foundations of
P systems in Section 2; the proposed approach is presented in Section 3. Some ex-
amples and the experimental obtained results are explained in Section 4, the related
work is presented in Section 5 and finally the conclusions are drawn in Section 6.
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2 Background

Membrane Computing

Before presenting our approach to P system verification, let us establish the nota-
tion used and define the class of cell-like P systems addressed in the paper. Ba-
sically, a P system is defined as a hierarchical arrangement of membranes, iden-
tifying corresponding regions of the system. Each region has an associated finite
multiset of objects and a finite set of rules; both may be empty. Given a finite
alphabet V = {a1, ...,ap}, a multiset is either denoted by a string u ∈ V ∗, where
the order is not considered, or by an associated vector of non-negative integers,
ΨV (u) = (|u|a1 , ..., |u|ap), where |u|ai ,1 ≤ i ≤ p denotes the number of ai occur-
rences in u.

The following definition refers to cell-like P systems with active membranes (see
[20] for details).

Definition 1. A P system is a tuple Π = (V,H,µ ,w1, . . . ,wn,R), where V is a finite
set, called alphabet; H is a finite set of labels for membranes; µ is a membrane
structure (a rooted tree), consisting of n membranes injectively labelled with ele-
ments of H; wi, 1 ≤ i ≤ n, are strings over V , describing the multisets of objects
initially placed in the n regions of µ; R is a finite set of rules, where each rule is of
one of the following forms:

(a) [a → v]αh , where h ∈ H, α ∈ {+,−,0} (electrical charges), a ∈ V and v is a
string over V describing a multiset of objects associated with membranes and
depending on the label and the charge of the membranes (evolution rules).

(b) a[]αh → [b]βh , where h ∈ H, α,β ∈ {+,−,0}, a,b ∈ V (send-in communication
rules). An object is introduced in the membrane, possibly modified, and the initial
charge α is changed to β .

(c) [a]αh → []
β
h b, where h ∈ H, α ,β ∈ {+,−,0}, a,b ∈ V (send-out communication

rules). An object is sent out of the membrane, possibly modified, and the initial
charge α is changed to β .

(d) [a]αh → b, where h ∈H, α ∈ {+,−,0}, a,b ∈V (dissolution rules). A membrane
with a specific charge is dissolved in reaction with an object a (possibly modi-
fied).

(e) [a]αh → [b]βh [c]
γ
h, where h ∈ H, α,β ,γ ∈ {+,−,0}, a,b,c ∈ V (division rules). A

membrane is divided into two membranes. The objects inside the membrane are
replicated, except for a, that may be modified in each membrane.

The membrane structure, µ , is denoted by a string of left and right brackets ([l ,
and ]el ), each with the label l of the membrane; the electrical charge e of each mem-
brane is also given.

The rules are applied in maximally parallel mode, which means that they are
used in all the regions at the same time and in each region all the objects to which
a rule can be applied must be the subject of a rule application [20]. However, a
membrane can be subject of only one rule of types (b) – (e) in one computation step.



4 C. Tudose, R. Lefticaru, F. Ipate

In type (e) (membrane division) rules, all the contents present before the division,
except for object a, can be the subject of rules in parallel with the division. In this
case we consider that in a single step two processes take place: first the contents
are affected by the rules applied to them, and after that the results are replicated
into the two new membranes. If a membrane is dissolved, its content (multiset and
interior membranes) becomes part of the immediately external membrane which
has not been dissolved at that computation step. The skin is never dissolved neither
divided. When send-out communication rules are applied in the skin membrane, the
transferred objects will become part of a region outside the skin, called environment.

A configuration of the P system Π is uniquely identified by the current membrane
structure µ ′ and the contents of each region in µ ′. We have a transition step from
a configuration c1 to a configuration c2 if we can pass from c1 to c2 by using the
maximal parallelism mode (as well as the rule restrictions stated above); this is
denoted by c1 =⇒ c2. In the set of all configurations, we will distinguish halting
ones; c is a halting configuration if there is no region i such that its contents can be
further developed.

Model Checking

Model checking is an automated technique that, given a model of a system and
a property to verify, usually expressed as a temporal logic formula, exhaustively
explores the state space and returns yes if the property is true and a counterexample
otherwise. In the last years, a lot of research was done in the field of model checking
based verification of P systems. The tools used so far are Maude [1], Prism [22],
NuSMV [7, 12], Spin [8].

In this paper we use the Spin model checker, considered as the one of the most
powerful model checkers available, to validate a P system obtained using genetic
algorithms. We have previously proved that Spin works better than NuSMV on ver-
ifying P systems [8] and the automatic translation of a P system into Promela, the
language used by the Spin model checker, was briefly described in [8, 14].

Genetic Algorithms

Genetic algorithms (GAs) [17] are a class of evolutionary algorithms, that use tech-
niques inspired from biology, such as selection, recombination (crossover) and mu-
tation, applied on a population of potential solutions, called chromosomes (or indi-
viduals).

Single-point crossover, the recombination operator used in this paper, randomly
chooses a crossover point and exchanges the subsequences before and after that
point between two individuals to create two new offspring. For example, the chro-
mosomes 00000000 and 11111111 could be crossed over at the third locus to pro-
duce the two offspring 00011111 and 11100000. Recombination is applied with
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a probability (crossover rate) pc. Depending on this rate, the next generation will
contain the parents or the offspring.

The mutation operator randomly changes some genes in a chromosome. For ex-
ample, the chromosome 00101101 could be mutated in its third position to yield
00001101. Mutation can occur at each gene in a chromosome with some probability
pm (mutation rate). Its main purpose is to introduce variation in the population.

The codification used in this paper for the P systems representation is binary, i.e.
each gene 0,1 corresponds to a single rule from a larger set, which could be selected
or not in the current P system. All the P systems from the population share the same
membrane structure, alphabet, initial multisets; they differ only by the set of rules,
encoded in the binary chromosome. The chromosomes are created at random, each
gene having an equal chance to be 0 or 1.

In this paper we complement the results obtained for P system generation using
genetic algorithms with model checking. Previous approaches that use genetic algo-
rithms and model checking have been reported in literature [9, 11]. In [11] is pre-
sented an automated finite state based model design strategy, which uses the model
checker NuSMV to evaluate the fitness, taking into account the satisfied/unsatisfied
specifications and the counterexamples provided in the last case.

Similarly, in this paper the fitness of one P system is measuring its adequacy
to perform a given task (for example to compute something and return a certain
result). Unfortunately, due to the nondeterminism of the P systems, some executions
(computations) could produce the expected result, but others do not. Consequently,
P-Lingua simulators are used, but complemented with a P systems verification. If a P
system passes the simulations test, it is translated to Promela, the language accepted
by the model checker Spin, and further verified. The fitness value is based on the
results obtained from both the simulation and verification. The model checker copes
with the GAs in the fitness evaluation phase, as it is further illustrated in Fig. 5.

3 P System Generation Strategy

3.1 Problem formulation

In the followings we will describe the type of P system generation problems aimed
to be solved using this approach.

Given: the alphabet V , the membrane structure µ , the initial multisets in each
membrane w1, . . . ,wn ∈V ∗, a set of possible rules R and some desired properties of
the P system.

Problem: find a P system Π = (V,H,µ,w1, . . . ,wn,R), H = {1, . . . ,n}, such that
R⊆R and the computations of the P system satisfy the given properties.

Problem representation. For solving this problem, the chromosome represent-
ing the P system should only codify whether a given rule is selected or not in the
current set of rules. Each P system Π = (V,H,µ,w1, . . . ,wn,R) is codified using a
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binary chromosome (x1, . . . ,xm)∈ {0,1}m, where m= |R| and each gene xi ∈ {0,1}
is specifying whether or not ri ∈ R.

The expected (desired) properties are expressed in a natural language. The fitness
function encompasses them, more precisely it increases with a certain value corre-
sponding to each unsatisfied requirement (or desired property), as it can be further
observed from Fig. 1-5.

3.2 Fitness evaluation

The fitness function is a key ingredient of the search algorithm, responsible for
guiding the search, so we will consider several ways of computing the fitness and
compare the results obtained in each case. However, some common aspects appear
in all of them, as described below.

The fitness functions proposed in the following section are measuring how far are
the P system computations from satisfying the expected properties. A value 0 corre-
sponds to the case when all the P system computations satisfy the desired properties.
The genetic algorithm will minimize the fitness function in order to find a solution
for the problem.

Consider for example the problem presented in [5], i.e. to find, starting from
an initial configuration (w1 = λ ,w2 = a2bz1, where λ denotes the empty string,
V = {a,b,c,z1,z2,z3,z4}, µ = [1[2 ]2]1), a deterministic P system which provides
in the halting configuration 16 objects of type c in the skin membrane. Naturally,
the fitness function proposed by the authors of [5], later considered in [6], com-
putes the value |number of c objects in the skin membrane−16|. The authors eval-
uate this only for the terminal configuration (or the last configuration obtained after
maxSteps) for a deterministic by construction P system.

Similarly to this evaluation, we can define for two configurations of a P system
(the expected and the obtained one) a metric for the distance between them, which
could be useful in other fitness evaluations.

For a 1-compartment P system (i.e. a P system with only one membrane, the
skin) with V = {a1, ...,ap} and two configurations c1,c2, this can be defined by

| c1− c2 |=
p

∑
i=1

(| |c1|a1 −|c2|a1 |+ . . .+ | |c1|ap −|c2|ap |,

where for a multiset u, ΨV (u) = (|u|a1 , ..., |u|ap).
For a P system with n membranes, given two configurations c1 = (c11, ...,c1n)

and c1 = (c21, ...,c2n), | c1− c2 |= ∑n
i=1 | c1i− c2i |.)

This definition can be extended for two sequences c = c0, . . . ,ck, d = d0, . . . ,dk
of configurations, k ≥ 0, by | c− d |= ∑k

i=0 | ci− di |. (Alternatively, the distances
between configurations can be weighted such that the weight for | ci−di | is larger
than the weight for | ci+1−di+1 |.)
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The type of fitness functions we present in Section 4 can incorporate the metrics
proposed, in case an exact configuration or an exact computation of the P system are
required. By exact configuration we understand that the number of each object in
each region of the current configuration must be the expected one. On the contrary,
in Problem 1 proposed in [5], the target is not an exact configuration, but a config-
uration which contains 16 objects of type c and can contain any number of other
objects. An exact computation will be, similarly, a computation which presents all
the exact configurations, which were expected.

4 Experimental Results

In the following we present the results obtained using a genetic algorithm imple-
mented using the JGAP package [16], the P-Lingua simulator [18] and the Spin
model checker. In these case studies we have considered one and two-membrane P
systems, having evolution, communication and dissolution rules.

Problem 1: Generating a deterministic, halting P system which computes the
square of a given number.

This problem has been used for experimentation in [5, 6] and consists in gen-
erating P systems of the following type: Π = (V,H,µ,w1,w2,R), where V =
{a,b,c,z1,z2,z3,z4}, H = {1,2}, the membrane structure is µ = [1[2 ]2]1, the ini-
tial multisets are w1 = λ ,w2 = a2bz1. The desired properties of the P system are:
(1) determinism; (2) termination, i.e. halting after at most maxSteps; (3) having in
the terminal configuration a number of objects c in the skin membrane equal to 16.

The set of rules R is a subset of R1, defined as:

R1 =



r1 ≡ [a→ ab]2 r7 ≡ [z2→ z1]2 r13 ≡ [a→ λ ]1
r2 ≡ [b→ bc]2 r8 ≡ [z3→ z4]2 r14 ≡ [b→ λ ]1
r3 ≡

[
c→ b2

]
2 r9 ≡ [z1]2→ b r15 ≡ [b→ c]2

r4 ≡ [a→ bc]2 r10 ≡ [z2]2→ a r16 ≡ [c→ λ ]2
r5 ≡ [z1→ z2]2 r11 ≡ [z3]2→ c r17 ≡ [z4→ z1]2
r6 ≡ [z2→ z3]2 r12 ≡ [z4]2→ a r18 ≡ [z4]2→ b


.

The search space of this problem has the size 218 and one aspect which hinders
the search is the nondeterminism of the P systems obtained by randomly selecting
a subset of R1. In this approach we consider also the nondeterministic P systems,
assign them fitness values and let them participate in the reproduction process, de-
pending on their fitness. In the approach presented in [5], the nondeterministic P
systems are replaced in the moment they are created by deterministic P systems:
if two rules have the same left hand side, one of them is randomly dropped. This
makes somehow the search easier.
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Fig. 1 Algorithm describing the computation of the fitness function f1 for a P system solving
Problem 1. The values δ ,η represent some penalty values added when the expected properties
(determinism, termination) are not satisfied. In our experiments for f1 we have considered δ = 25,
η = 1 and maxSteps = 20

f itness← 0
Load the P system corresponding to the current chromosome
NondetPairs← number of rule pairs with the same left hand side
if NondetPairs > 0 then

f itness← δ ∗NondetPairs
return f itness

else
{The P system is deterministic so we need to simulate only one computation}
step← 0
while P system is not in a halting state ∧ step < maxSteps do

evolve one step (move to the next configuration of the P system)
step← step+1

end while
if P system is in a halting configuration then

f itness← f itness+ |number of c obtained−16|
else

f itness← f itness+ |number of c obtained−16|+η
end if
return f itness

end if

Fig. 2 Algorithm describing the computation of the fitness function f2 for a P system solving
Problem 1. The values δ ,η represent some penalty values added when the expected properties
(determinism, termination) are not satisfied. In our experiments for f2 we have considered δ = 1,
η = 1 and maxSteps = 20

f itness← 0
Load the P system corresponding to the current chromosome
NondetPairs← number of rule pairs with the same left hand side
if NondetPairs > 0 then

f itness← δ ∗NondetPairs
end if
step← 0
while P system is not in a halting state ∧ step < maxSteps do

evolve one step (move to the next configuration of the P system)
step← step+1

end while
if P system is in a halting configuration then

f itness← f itness+ |number of c obtained−16|
else

f itness← f itness+ |number of c obtained−16|+η
end if
return f itness



Using Genetic Algorithms and Model Checking for P Systems Automatic Design 9

For a consistent comparison with previous approaches [5, 6] (even if there are
some differences in other aspects), we consider the same parameters of the eli-
tist genetic algorithm: population size = 30, maximum allowed evolutions = 30.
Single-point crossover with the probability pc = 0.8 and mutation with the rate
pm ∈ {0.1;0.5} were applied.

In order to evaluate the adequacy of the P systems, we have proposed two fit-
ness functions, f1 and f2, described in Fig. 1 and Fig. 2, respectively. The main
difference between them is that f2 continues to simulate and evaluate the P sys-
tem even when the nondeterminism has been detected. The numerical values for
the penalties δ ,η were experimentally obtained and they have the following intu-
itive explanation. For the fitness function f1, the value of δ = 25 is much higher
in order to penalize the nondeterministic P systems, because the evaluation is in-
terrupted immediately after f itness←− δ ∗NondetPairs. For the fitness function
f2, the value of δ = 1 is much lower, because the evaluation continues and the
P systems are penalized first with f itness ←− δ ∗ NondetPairs and second by
f itness←− f itness+ |number of c obtained−16|+η , where η = 1 is the penalty
for non-halting computations.

Several P systems that satisfy the given conditions can be obtained, as presented
in [5, 6], for example, having one of the following satisfactory set of rules:

Rsat1 =

 [a→ ab]2 [z2→ z3]2
[b→ bc]2 [z3→ z4]2
[z1→ z2]2 [z4]2→ a

 Rsat2 =

 [a→ ab]2 [z2→ z3]2
[b→ bc]2 [z3→ z4]2
[z1→ z2]2 [z4]2→ b



Rsat3 =


[a→ ab]2 [z3→ z4]2
[b→ bc]2 [a→ λ ]1
[z1→ z2]2 [b→ λ ]1
[z2→ z3]2 [z4]2→ b

 Rsat4 =


[a→ ab]2 [z3→ z4]2
[b→ bc]2 [a→ λ ]1
[z1→ z2]2 [b→ λ ]1
[z2→ z3]2 [z4]2→ a



Rsat5 =


[a→ ab]2 [z3→ z4]2
[b→ bc]2 [a→ λ ]1
[z1→ z2]2 [z4]2→ a
[z2→ z3]2

 Rsat6 =


[a→ ab]2 [z3→ z4]2
[b→ bc]2 [a→ λ ]1
[z1→ z2]2 [z4]2→ b
[z2→ z3]2


Rsat7 =


[a→ ab]2 [z3→ z4]2
[b→ bc]2 [b→ λ ]1
[z1→ z2]2 [z4]2→ a
[z2→ z3]2


Let us illustrate the computation of a solution P system, having for example the

satisfactory set of rules Rsat1. This corresponds to the 110011010001000000 chro-
mosome, expressing that the set of rules contains only the subset {r1,r2,r5,r6,r8,r12}
of R1. For simplicity, we will denote a configuration of the P system by (µ,w1,w2),
i.e. the current membrane structure µ and the multisets w1,w2 in each membrane.
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The P system computation is the following: ([1[2 ]2]1,λ ,a2bz1) =⇒ ([1[2 ]2]1,λ ,
a2b3cz2) =⇒ ([1[2 ]2]1,λ ,a2b5c4z3) =⇒ ([1[2 ]2]1,λ ,a2b7c9z4) =⇒ ([1 ]1,a3b9c16,λ ).
It can be observed that in the last computation step the rule [z4]2 → a is applied.
This rule dissolves the inner membrane and all the objects are transferred in the skin
membrane. The computation halts and the terminal multiset from the skin mem-
brane contains 16 objects of type c.

Similar to this, the computation for the P system corresponding to the sat-
isfactory set of rules Rsat4 is: ([1[2 ]2]1,λ ,a2bz1) =⇒ ([1[2 ]2]1,λ ,a2b3cz2) =⇒
([1[2 ]2]1,λ ,a2b5c4z3) =⇒ ([1[2 ]2]1,λ ,a2b7c9z4) =⇒ ([1 ]1,a3b9c16,λ ) =⇒ ([1 ]1,
c16,λ ). For all the solutions obtained the P systems are deterministic, they halt and
the halting configurations contain c16. The difference is given by other objects that
could also appear in the skin membrane, the desired property in this case is not to
obtain an exact configuration, but a configuration with 16 objects of type c.

For comparison, the experimental results obtained in [5, 6] are provided in Table
2. The success rates reported by the authors of the studies were 1/30 ≈ 3% and
12/30= 40%. It can be observed that a higher rate of mutation increases the success
rate of the genetic algorithm. Also, the fitness function f2 has better results than f1
and the functions used in [5, 6].

Problem 2: Generating a deterministic, never halting P system which
computes all the square numbers.

The aim is to generate a P system which computes sequentially the squares of all
natural numbers, i.e. each configuration from the P system contains a number of
objects c equal to the square of a number. For example, there are 0 objects c in
the initial configuration, but there are c1,c4,c9 or c16 objects after 1,2,3 or 4 com-
putation steps, respectively. Considering known the alphabet V = {s,a,b,c,x}, the
membrane structure µ = [1 ]1, the initial multiset w1 = s and a set R2 of possible
rules, find a P system such that:

• In each configuration, the number of c objects is the square of b, i.e. considering
con f the current configuration, |con f |c = |con f |b · |con f |b. In this case, it can be
observed that b is a counter, representing the current step of the computation.

• The P system does not halt (the computation never ends).
• If step ≥ 1 then in the current configuration the following property is true:

(|con f |s = 0∧|con f |a = 1∧|con f |x = 1).

where

R2 =



r1 ≡ [s→ a]1 r7 ≡ [a→ bc]1 r13 ≡ [b→ bcc]1
r2 ≡ [s→ ab]1 r8 ≡ [a→ ab]1 r14 ≡ [x→ ab]1
r3 ≡ [s→ c]1 r9 ≡ [a→ cx]1 r15 ≡ [x→ ac]1
r4 ≡ [s→ cx]1 r10 ≡ [b→ x]1 r16 ≡ [x→ a]1
r5 ≡ [s→ abxc]1 r11 ≡ [b→ bc]1 r17 ≡ [x→ xc]1
r6 ≡ [a→ b]1 r12 ≡ [b→ a]1 r18 ≡ [x→ bc]1
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.

Fig. 3 Algorithm describing the computation of the fitness function f3 for a P system solving
Problem 2. The values δ ,η represent some penalty values added when the expected properties
(determinism, termination) are not satisfied. In our experiments for f3 we have considered δ = 25,
η = 1 and maxSteps = 20

f itness← 0
Load the P system corresponding to the current chromosome
NondetPairs← number of rule pairs with the same left hand side
if NondetPairs > 0 then

f itness← δ ∗NondetPairs
return f itness

else
{The P system is deterministic so we need only one computation}
step← 0
while P system is not in a halting state ∧ step < maxSteps do

evolve one step (move to the next configuration of the P system)
step← step+1
f itness ← f itness + |number of c − (number of b)2| + |number of b − step| +
|number of s|+ |number of a −1|+ |number of x −1|

end while
if P system is in a halting configuration then

f itness← f itness+η
end if
return f itness

end if

Some examples of distinct solutions found are the P systems with the satisfactory
sets of rules:

Rsat1 =

{
[s→ abxc]1 [a→ ab]1
[b→ bc2]1 [x→ xc]1

}
,Rsat2 =

{
[s→ abxc]1 [a→ cx]1
[b→ bc2]1 [x→ ab]1

}
,

which generate the computation: s =⇒ abcx =⇒ ab2c4x =⇒ ab3c9x =⇒ ab4c16x
=⇒ ab5c25x =⇒ . . . (this computation never halts). In the previous notation for
the P system computation, because the P system has only one membrane, we have
omitted the membrane structure µ = [1 ]1 and have written only the current multiset.
Similar to f1, f2 we have considered f3, f4, which are described in Fig. 3, 4 and were
used with the genetic algorithm to find solutions for the problem.

Problem 3: Designing a nondeterministic P system, that generates the
language L = {a2n

b3n |n > 1}.

This P system is expected to generate various computations, such that in each halting
configuration the multiset a2n

b3n
,n> 1 should be sent to the environment (the region
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Fig. 4 Algorithm describing the computation of the fitness function f4 for a P system solving
Problem 2. The values δ ,η represent some penalty values added when the expected properties
(determinism, termination) are not satisfied. In our experiments for f4 we have considered δ = 1,
η = 1 and maxSteps = 20

f itness← 0
Load the P system corresponding to the current chromosome
NondetPairs← number of rule pairs with the same left hand side
if NondetPairs > 0 then

f itness← δ ∗NondetPairs
end if
step← 0
while P system is not in a halting state ∧ step < maxSteps do

evolve one step (move to the next configuration of the P system)
step← step+1
f itness← f itness+ |number of c −(number of b)2|+ |number of b −step|+ |number of s|+
|number of a −1|+ |number of x −1|

end while
if P system is in a halting configuration then

f itness← f itness+η
end if
return f itness

outside the skin membrane). For the automatic generation we have considered a
two-membrane structure µ = [1[2 ]2]1, the alphabet V = {a,b,z1}, initial multisets
w1 = λ ,w2 = ab and the set R3 of possible rules, defined as:

R3 =



r1 ≡ [a]1→ [ ]1a r7 ≡ [b→ ab]1 r13 ≡ [a]2→ [ ]2b
r2 ≡ [a]1→ [ ]1b r8 ≡ [b→ a]1 r14 ≡ [a→ ab]2
r3 ≡ [a→ ab]1 r9 ≡ [a→ aa]2 r15 ≡ [b→ bbb]2
r4 ≡ [a→ b]1 r10 ≡ [a→ aaz1]2 r16 ≡ [b→ bbbz1]2
r5 ≡ [b]1→ [ ]1b r11 ≡ [z1]2→ λ r17 ≡ [b→ abb]2
r6 ≡ [b]1→ [ ]1a r12 ≡ [a]2→ [ ]2a r18 ≡ [b]2→ [ ]2b


.

Similar to the previous defined fitness functions, f5 described in Fig. 5 evaluates
the adequacy of a P system for solving the given problem. The nondeterminism is in
this case needed (the halting configuration of the P system can contain for example
a4b9 in the environment, as well as a8b27). Consequently, several simulations are
needed to evaluate the fitness of an individual. The fitness function checks if the
properties are satisfied on each possible computation. This is achieved by:

• Simulating a predefined number of computations (maxSimulations) with P-
Lingua and increasing the fitness value when the desired properties are not satis-
fied.

• Verifying the P system with the Spin model checker, only if the current fitness
value is 0 (i.e. the properties were satisfied on all the simulated computations).
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Fig. 5 Algorithm describing the computation of the fitness function f5 for a P system solving
Problem 3. The values δ ,η represent some penalty values added when the expected properties are
not satisfied. In our experiments for f5 we have considered δ = 25, η = 10, maxSteps = 20 and
maxSimulations = 5

f itness← 0
for i = 1→ maxSimulations do

Load the P system corresponding to the current chromosome
step← 0
while P system is not in a halting state ∧ step < maxSteps do

evolve one step (move to the next configuration of the P system)
step← step+1

end while
if step = 0 then

f itness← f itness+2∗δ
end if
if step = 1 then

f itness← f itness+1∗δ
end if
if step > 1 ∧ P system is in a halting configuration then

f itness← f itness+ |number of a obtained−2step−1| + |number of b obtained−3step−1|
else

f itness← f itness+η
end if

end for
if f itness = 0 then

Transform the P system for using it with Spin
Run the Spin model checker against each property
f itness← f itness+number of falsified properties

end if
return f itness

The model checker is called only for well-suited P systems, due to the fact that
the model verification (which involves an exhaustive search in the state space of the
P system) is much more time consuming than a simple simulation of the P system.
For verifying the P system model, each property is transformed in a temporal logic
formula and the model checker is run against it. In case there exists a computation
of the P system which invalidates the formula, it will be returned and the fitness
function will increase accordingly. The properties verified were: (A) Globally, if the
current configuration is halting, then the number of a objects in the environment
is 2step−1; (B) Globally, if the current configuration is halting, then the number of
b objects in the environment is 3step−1. For more details regarding the P system
transformation in Promela, specification of LTL properties and their verification
with Spin, [8, 14] can be consulted.

Some examples of satisfactory set of rules obtained for Problem 3 are:
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Rsat1 =

 [a]1→ [ ]1a [a→ aa]2
[b]1→ [ ]1b [b→ bbb]2
[a→ aaz1]2 [z1]2→ λ

 ,Rsat2 =

 [a]1→ [ ]1a [a→ aa]2
[b]1→ [ ]1b [b→ bbb]2
[b→ bbbz1]2 [z1]2→ λ

 .

Considering in this case a P system configuration described by (µ,env,w1,w2),
i.e. we add information about the multiset of objects in the environment, env, some
possible computations for the satisfactory set of rules Rsat1 are:

• ([1[2 ]2]1,λ ,λ ,ab) =⇒ ([1[2 ]2]1,λ ,λ ,a2b3z1) =⇒ ([1 ]1,λ ,a4b9,λ ) =⇒
([1 ]1,a4b9,λ ,λ ).

• ([1[2 ]2]1,λ ,λ ,ab) =⇒ ([1[2 ]2]1,λ ,λ ,a2b3) =⇒ ([1[2 ]2]1,λ ,λ ,a4b9) =⇒
([1[2 ]2]1,λ ,λ ,a8b27z2

1) =⇒ ([1 ]1,λ ,a16b81,λ ) =⇒ ([1 ]1,a16b81,λ ,λ ).

Discussion about the experimental results obtained

For all three problems presented before and their corresponding fitness functions,
random search and genetic algorithms were applied in order to find a solution.

The results presented in Table 2 are averaged after 100 runs of an elitist ge-
netic algorithm, having the parameter settings similar to the ones from [5], namely:
crossover rate pc = 0.8, mutation probability pm ∈ {0.1;0.5}, population size 30,
maximum allowed generations 30. The GA implementation was realized using
JGAP, a Java Genetic Algorithms Package [16]. The first three rows are taken for
comparison from the papers [5, 6].

The results from Table 1 show the success rates obtained for the same problems
using random search. They are obtained by generating random populations of 30
individuals and letting the search to continue until the maximum number of allowed
generations was reached or a solution was found.

Table 1 Experimental results obtained using random search

Problem 1 Problem 2 Problem 3

Success rates 3% 0% 2%
Search space 218 218 218

It can be observed that the success rates obtained with genetic algorithms are
higher than the results obtained in the same conditions by random search. Figure 4
presents how the evolution progresses across generations. The average best fitness
for each problem is presented versus the current generation.
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Table 2 Experimental results obtained for different fitness functions, averaged over 100 runs

Problem Fitness function Mutation rate Success rate Avg. gen. δ η

Problem 1 from [5] 0.5 0% - - -
Problem 1 from [5] 0.8 3% - - -
Problem 1 from [6] - 40% 20.97 - -

Problem 1 f1 0.1 7% 27.68 25 1
Problem 1 f1 0.5 22% 25.77 25 1

Problem 1 f2 0.1 41% 20.48 1 1
Problem 1 f2 0.5 56% 18.37 1 1

Problem 2 f3 0.1 8% 28.74 25 1
Problem 2 f3 0.5 14% 27.69 25 1

Problem 2 f4 0.1 4% 28.27 1 1
Problem 2 f4 0.5 13% 27.16 1 1

Problem 3 f5 0.1 8% 27.65 25 10
Problem 3 f5 0.5 12% 27.07 25 10

Fig. 6 The convergence characteristics of GAs: average best fitness value versus generationa
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a The x-axis shows the generation, the y-axis shows the average best fitness value. The results were
averaged over 100 runs. Note that the range of the y-axis may be different for different charts, which
correspond to the fitness functions f1− f5, in the order left to right. The results were considered
for a mutation rate of pm = 0.5, the values of δ ,η are given in Table 2.
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5 Related Work

Membrane computing and evolutionary algorithms are both nature inspired para-
digms [10]. The literature concerning both of them could be classified in: (a) appli-
cations of evolutionary algorithms in membrane computing and (b) applications in
evolutionary algorithms inspired by the nature of P systems.

From the first category only a few papers have been reported, to the best of our
knowledge. One attempt is presented in [5] and consists of applying a genetic algo-
rithm in order to obtain a P system which computes the square of a number. Unlike
the work of Escuela et al. [5], in which mutation is used to produce new rules, our
approach considers that the (potentially large) number of allowed rules is known
beforehand. This assumption is in many case realistic and produces much improved
results compared to [5].

A similar approach (regarding the fitness function evaluation) is given in [6], the
difference being the application of a quantum-inspired evolutionary algorithm. A
comparison between the results reported in these two papers [5, 6] suggests that
quantum-inspired evolutionary algorithms are considerably more effective than ge-
netic algorithms in obtaining a P system solution to a given problem. However,
the results produced by our approach are comparable with the results produced by
quantum-inspired algorithms, as reported in [6]. An in-depth comparison between
the two approaches is, however, beyond the scope of this paper and will be the sub-
ject for further work.

Another application of genetic algorithms in membrane computing is realized in
[13], where the structure of the P system and the set of rules are fixed. The search
in this case is focused on determining some parameters which appear in the rules,
such as the given P system to solve a broadcasting problem.

The second type of papers propose evolutionary algorithms which have, apart
from the classical elements, some ingredients inspired by membrane computing.
In [23] a hybrid distributed evolutionary algorithm is employed for continuous op-
timization problems. The strategy presented in [23] is inspired from the way the
evolution rules are used in membrane systems. Other approaches, which combine
particle swarm optimization or ant colony optimization with membrane inspired
strategies, are given in [25] and [24], respectively.

6 Conclusions

This paper presents an approach on P system automatic design using genetic algo-
rithms and model checking. This approach is empirically evaluated by generating
simple P systems which realise some given tasks or have some predefined proper-
ties on their computations. Some fitness functions are proposed for each particular
problem and the results obtained are compared with similar ones presented in the
literature.
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The fitness evaluation is based on a predetermined number of simulations (which
may be less than the total number of possible computations) and, consequently, this
is complemented with model checking, in order to ensure that the required proper-
ties hold for all cases, not just for those for which simulation results are available.

The experimental results obtained are promising and future work concerns ex-
tending this approach, in order to generate more complex membrane systems.
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Pérez-Jiménez MJ (2010) Simulating a P system based efficient solution to
SAT by using GPUs. Journal of Logic and Algebraic Programming 79(6):317–
325
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