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Summary. Spiking neural P systems, namely SN P systems, are a class of distributed
and parallel neural-like computation models, inspired from the way neurons communicate
by means of spikes. It has been shown that SN P systems have powerful computation
capability and significant potential in real-life applications, and they have received more
and more attraction from the scientific community. This paper firstly introduces the
formal definition of standard SN P systems and some notions which are often used in
this field. Then, the theoretical results about the computation power and efficiency of SN
P systems are surveyed. The applications of SN P systems are recalled by summarizing
the literature about the real-life applications of SN P systems. Finally, some hot topics
and further research lines on SN P systems are provided.
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1 Introduction

Natural computing is the computational version of the process of extracting ideas
from nature to develop computation systems, or using natural materials (e.g.,
molecules) to perform computation. Typical examples of natural computing in-
clude well-known neural computing inspired by the functioning of the brain, evo-
lution computing inspired by Darwinian evolution of species, swarm intelligence
inspired by the collective behavior of groups of organisms, and so on.
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Membrane computing is a new branch of natural computing, which was ini-
tiated by Gh. Păun in 1998. The area of membrane computing aims to abstract
computing ideas from the structure and the functioning of the living cell as well
as from the cooperation of cells in tissues, organs, and other populations of cells
[34], e.g., constructing computation models and designing algorithms for optimiza-
tion. The abstracted parallel and distributed computation models in the area of
membrane computing are called membrane systems, also called P systems. Since
membrane computing have powerful capability in parallel processing and signif-
icant potential in various applications, this area has attracted more and more
people’s interest. The area of membrane computing was listed by Thompson In-
stitute for Scientific Information (ISI) as an emerging research front in computer
science in 2003.

According to the membrane structure, membrane systems fall into three main
categories: (1) cell-like P systems which have a hierarchical arrangement of mem-
branes as in a cell; (2) tissue-like P systems which have several one-membrane cells
as in a tissue; (3) neural-like P systems which have several neurons as in a neural
net. This paper will introduce a kind of neural-like P systems, called spiking neural
P systems (SN P systems, for short), which emphasize on a specific type of cell,
i.e. the neuron.

The human brain is a complex information processing system, where more
than a trillion neurons work in a cooperation manner to perform various tasks.
Therefore, the human brain structure and functioning, from neurons, astrocytes,
and other components to complex networks, is a gold mine for inspiring efficient
computing devices. Inspired by the neurophysiological behavior of neurons sending
electrical impulses (spikes) along axons from presynaptic neurons to postsynap-
tic neurons in a distributed and parallel manner, Ionescu et al. proposed SN P
systems in 2006 [16]. SN P systems have become an attractive and promising
research direction in the community of membrane computing [56]. Since the intro-
duction of SN P systems, much attention has been paid to various topics, such as
the establishment of SN P systems variants from different biological inspirations,
computation power, computation efficiency, and applications.

In the past twelve years, there are lots of theoretical results and applications
published in journals or conference proceedings, however, a few papers ([31] is one
of them in Chinese) focused on the survey of the main results of SN P systems in
theory and applications. This paper is to briefly summarize the development and
main results achieved in computation models, computing power and efficiency of
SN P systems, and the applications in fault diagnosis of electric power systems,
combinatorial and engineering optimization, signal classification, etc.

The organization of this paper is as follows. Section 2 reviews the standard
SN P system and its various variants. Section 3 summarizes the theoretical results
of SN P systems reported in literature. Main applications of SN P systems are
presented in Section 4. Future research lines are listed in Section 5.
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2 Spiking neural P systems and variants

A standard spiking neural P system (shortly, SN P system), of degree m ≥ 1, is a
construct of the form

Π = (O, σ1, . . . , σm, syn, out),

where:

(1) O = {a} is the singleton alphabet (a is called spike);
(2) σ1, . . . , σm are neurons, of the form

σi = (ni, Ri), 1 ≤ i ≤ m,

where:
a) ni ≥ 0 is the initial number of spikes contained in the neuron;
b) Ri is a finite set of rules of the following two forms:

E/ac → a; d, where E is a regular expression over {a}, c ≥ 1, and dge0
is the delay time, that is, the interval between applying the rule and
releasing the spike;
as → λ, for some s ≥ 1, with the restriction that as /∈ L(E) for any
rule E/ac → a; d of type from Ri;

(3) syn ⊆ {1, 2, . . . ,m}×{1, 2, . . . ,m} are synapses between neurons, with (i, i) /∈
syn for 1 ≤ i ≤ m;

(4) in, out ∈ {1, 2, . . . ,m} indicate the input and output neurons, respectively.

The rules of type are called spiking rules (also called firing rules). A spiking
rule E/ac → a; d in neuron σi is eanbeld if the following conditions are satisfied:
(1) the content of neuron σi is described by the regular expression E associated
with the rule, e.g., if neuron σi contains k spikesthen ak ∈ L(E); (2) the number
of spikes in neuron σi is not less than the number of spikes consumed by the rule,
i.e., k ≥ c. The application of this rule means that neuron σi comsumes c spikes,
and produces one spike after a delay of d steps. If d = 0, then the produced one
spike emitted by neuron σi is replicated and sent immediately to all neurons σj
such that (i, j) ∈ syn. If d ≥ 1, assume that the rule is applied at step t, then at
steps t, t+1, . . . , t+d−1, the neuron is closed, so that it cannot receive new spikes
from neurons which have synapses to the closed neuron (if any of these neurons
tries to send a spike to the closed neuron, then the particular spike is lost). At
step t+ d, the neuron fires and becomes open again, so that it can receive spikes
(which can be used at step t+ d+ 1, when the neuron can apply rules again)

The rules of type are called forgetting rules. A forgetting rule as → λ in neuron
σi is eanbeld only if the neuron contains exactly s spikes. The application of such
a rule means that neuron σi removes all s spikes, but produces no spike.

If a rule E/ac → a; d has E = ac, then it can be written in the simplified form
ac → a; d.

If a rule E/ac → a; d has d = 0, then it can be written in the simplified form
E/ac → a.
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In standard SN P systems, only one spike can be produced by a spiking rule
in one time, which is always called a standard spiking rule. With the goal of
simplifying the results about universality of SN P systems, Chen et al. proposed
extended SN P systems [6], where several spikes can simultaneously be produced by
a spiking rule in one time, which is called an extended rule. Specifically, extended
rules are of the form E/ac → ap; d, where E is a regular expression over {a},
c ≥ 1, and p, d ≥ 0, with the restriction c ≥ p. The meaning of such a rule is that
if the content of the neuron is described by the regular expression E, then c spikes
are consumed and p spikes are produced. Because p can be 0 or greater than 0,
extended rules are a generalization of both standard spiking and forgetting rules.

It is assumed that a global clock exists in an SN P system, marking the time for
the whole system (for all neurons of the system). In each time unit, if a neuron σi
have enabled rules, then it must apply (at most) one of the enabled rules. In this
way, a situation may appear: neuron σi contains two enabled rules E1/a

c1 → a; d1

and E2/a
c2 → a; d2, and these two rules have E1 ∩ E2 6= ∅. If so, one of them is

nondeterministically chosen to be applied. Thus, the rules are used in a sequential
manner at the level of each neuron, but neurons function in parallel with each
other.

The state of an SN P system at a given time is described by the number of
spikes present in each neuron and the number of steps to count down until it
becomes open (this number is zero if the neuron is already open). That is, the
configuration of system Π is of the form 〈r1/t1, . . . , rm/tm〉 for ri ≥ 0 and ti ≥ 0,
where ri indicates that neuron σi contains ri spikes, and it will become open after
ti steps, i = 1, 2, . . . ,m. With this notation, the initial configuration of system Π
is 〈n1/0, . . . , nm/0〉. By using the rules as described above, one can get a sequence
consecutive configurations. Each passage from a configuration C1 to a successor
configuration C2 is called a transition and denoted by C1 =⇒ C2. Any sequence
of transitions starting from the initial configuration constitutes a computation. A
computation halts if it reaches a configuration where all neurons are open and no
rule is enabled. With any computation, halting or not, one associates a spike train,
that is, a binary sequence with occurrences of digit 1 (resp., 0) indicating that the
output neuron sends one spike (resp., no spike) out of the system.

When an SN P system works as a number generator, the result of a computa-
tion can be defined in several ways. With any spike train containing at least two
spikes, the time interval between the first two being emitted is considered as the
computation result [16]. This way of defining the result of a computation has been
extended in [33]: generalizing to the first the time intervals between the first k
spikes of a spike train, or the time intervals between all consecutive spikes, or only
alternately the time intervals between all consecutive spikes, etc.

The way of defining the result of a computation in membrane computing can
also be introduced in SN P systems. That is, one can also consider the result of a
computation as the total number of spikes sent into the environment by the output
neuron when the computation halts [3].
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An SN P system can also work as a number acceptor [16]. In general, a number
is introduced in the form of the time interval between two spikes entering the
system. If the computation eventually halts, then this number is said to be accepted
by the system.

Moreover, the result of a computation can be also defined as the spike train
itself [4]. In this way, an SN P system is used as a binary string language generator
defined on the binary alphabet {0, 1}.

3 Theoretical Results of Spiking Neural P systems

These results mainly concern two aspects: computation power and computation
efficiency. We start by briefly presenting some results of the first type.

For standard SN P systems, Ionescu et al. proved that these systems are Tur-
ing universal (also say computationally complete), that is, equivalent with Turing
machines, when they are used as number generators or number acceptors [16].
Moreover, If a bound is given on the number of spikes present in any neuron along
a computation, then a characterization of semilinear sets of numbers is obtained;
and a characterization of finite sets can be obtained by standard SN P systems
with one neuron.

From both mathematical and computer science points of view, it is always
desirable to make the construction of SN P systems as simple as possible without
the loss of computation power. Ibarra et al. first investigated that the influence
of some ingredients of SN P systems on the computation power of these systems,
such as the regular expressions used in spiking rules, the delay in spiking rules, and
forgetting rules [15]. It was proved that in the case of removing the delay in spiking
rules or forgetting rules, standard SN P systems are Turing universal. Afterwards,
Pan et al. improved these results and proved that standard SN P systems are still
Turing universal with the restrictions: (1) the delay in spiking rules and forgetting
rules are not used, (2) each neuron contains at most two rules, and (3) the rules in
the neurons using two rules have the same regular expression which controls their
firing [24].

The resource (here, in terms of the number of neurons) needed for constructing
universal computing devices of various types has been heavily in computer science,
e.g., Songtag et al. constructed a universal recurrent neural network by using 886
neurons [40]. Gh. Păun et al. This issue was also considered in SN P systems.
Gh. Păun et al. constructed a universal SN P system having 49 neurons in the
case of using extended rules and having 84 neurons in the case of using standard
rules for SN P systems used as a device of computing functions; as a number
generator, a universal SN P system with standard rules having 76 neurons, and
one with extended rules having 50 neurons were obtained [32]. The comparison
result shows that SN P systems have a “desired” computation power while using
less resource. Following the research line of small universal computing devices,
some bio-inspired features and mathematical strategies have been introduced into
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universal SN P systems for computing natural numbers and functions, in order to
reduce the number of neurons. Some known results are shown in Table 1.

Table 1. The known results of Turing universal SN P systems with small numbers of
neurons.

Bio-inspired features
Number of neurons for

computing functions

Number of neurons for

computing natural numbers
Type of rules

Weighted synapses [30] 38 36 Standard

Rules on synapses [43]
30 - Extended

39 - Standard

Rules on synapses with

high capacity neurons [46]
- 6 Extended

Request rules [42] 28 4 Extended

Colored spikes [45] - 3 Extended

Mathematical strategies
Number of neurons for

computing functions

Number of neurons for

computing natural numbers
Type of rules

Combined modules [60]
41 41 Extended

67 63 Standard

Cooperating rules
59 [21] - Standard

- 8 [41] Extended

High capacity neurons - 10 Extended

“Super” neurons with an

infinite numberof rules [22]
- 4 Extended

Besides used as number generators/acceptors and function computing devices,
SN P systems can also be used as language generators. In a standard SN P system,
the output neuron sends at most one spike into the environment in one time, thus
the time instances when one spike exits the output neuron are marked with the
digit 1, and the time instances when no spike is emitted by the output neuron
are marked with the digit 0. In this way, the system can generate the binary
string languages defined on the binary alphabet {0, 1}. In this definition, it was
proved that the generative capacity of standard SN P systems is rather restricted,
even some finite languages cannot be generated by these systems. However, by
using morphism and projection, standard SN P systems can generate recursively
enumerable languages [4].

For extended SN P systems, because several spikes can exit at the same time,
the time instances when the output neuron emits i spikes are marked with the
symbol bi. In this way, extended SN P systems can generate any language defined
on an arbitrary alphabet. It was proved that extended SN P systems can directly
generate recursively enumerable languages [6].

In standard SN P systems, all neurons function in parallel at the level of the
system (i.e., the system works in the synchronous manner), while at most one rule
can be applied at the level of each neuron (i.e., the system works sequentially)
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[16]. Inspired by some biological phenomena and computer science theories, SN P
systems working in different modes were investigated, such as non-synchronized
(i.e., asynchronous) mode [3], that is, a neuron can apply or not apply its rules
in any step; sequential mode: at each step of a computation, one (resp. all) of
the neurons with the maximum/minimum number of spikes among the neurons
that are active will fire [14, 19]; exhaustive mode: whenever a rule is enabled in
a neuron, it is used as many times as possible for the number of spikes from that
neuron [17, 29].

With the inspirations of different biological phenomena, various new types of
SN P systems were proposed. For example, inspired by the functioning of in-
hibitory impulses among biological neurons, Pan et al. introduced anti-spikes and
inhibitory synapses into SN P systems, and proved a series of normal forms of
SN P systems with anti-spikes [23, 44]. Inspired by the fact that astrocytes play
an important role in the functioning and interaction of neurons, and astrocytes
have excitatory and inhibitory influence on synapses, Hoogeboom et al. proposed
SN P systems with astrocytes [27]. It was proved that SN P systems with astro-
cytes using simple neurons (all neurons have the same rule, one per neuron, of
a very simple form) can achieve Turing universality. With the goal of identifying
an easy way to determine the applicability of rules, Wang et al. proposed SN P
systems with weights, which are inspired by the fact that a biological neuron can
fire only when its membrane potential reaches or exceeds its threshold potential
[47]. It was proved that SN P systems with weights are universal. Motivated by
the excitatory or inhibitory nature of Ranvier nodes in biological neurons, Chen
et al. constructed axon P systems [7]. Afterwards, Zhang et al. proved that four
nodes (respectively, nine nodes) are enough for axon P systems to achieve Turing
universality as number generators (respectively, function computing devices) [59].
Based on such a neurobiological fact that in the chemical synapse transmitting,
there are multiple ion channels in a synapse, Peng et al. proposed SN P systems
with multiple channels, and proved that such systems are universal [37].

Moreover, with mathematical and computer science motivations, many new
types of SN P systems were also proposed. Based on the self-organizing and self-
adaptive feature of artificial neural networks, Cabarle et al. introduced structural
plasticity into the framework of SN P systems [2]. SN P systems with structural
plasticity were proved to be universal. Afterwards, Song et al. proved that SN
P systems with structural plasticity without any synapse at the beginning of a
computation can also achieve Turing universality [53]. Incorporating ideas from
nonstatic (i.e. dynamic) graphs and networks, Cabarle et al. proposed SN P sys-
tems with scheduled synapses, where synapses in such systems are available only
at a specific schedule or duration [1]. SN P systems with scheduled synapses were
proved to be universal. With mathematical motivation, Wu et al. consider a combi-
nation of basic features of cell-like P systems and of SN P systems, that is, consider
cell-like P systems with only one kind of objects and spiking rules as those in SN
P systems. called cell-like SN P systems [55]. It was proved that cell-like SN P
systems with four membranes can achieve Turing universality. In order to simplify
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the integration-and-fire conditions of SN P systems, Wu et al. exploited polariza-
tions +, 0,− to control the application of rules instead of regular expressions [54].
It was proved that SN P systems with three kinds of polarizations are universal.
Inspired by the way that components communicate with each other by a request-
response pattern in parallel-cooperating grammar systems, Pan et al. proposed SN
P systems with communication on request [26]. It was proved that SN P systems
with communication on request are universal when two types of spikes are used.

Another topic on SN P systems is to study their computation efficiency, that
is, to study whether SN P systems can solve computationally hard problems in a
feasible time. Under the assumption that P 6= NP , Leporati ea al. proved that
a deterministic SN P system of a polynomial size cannot solve an NP-complete
problem in a polynomial time, i.e., Milano theorem for SN P systems [11]. Hence,
some features need to be introduced into SN P systems in order to enhance the
efficiency of such systems. Generally, there are three kinds of features introduced
into SN P systems to solve computationally hard problems as follows.

(1) Pre-computed resources (here, in terms of exponential number of neurons):
Chen et al. first exploited SN P systems with pre-computed resources to solve
in a constant time the NP-complete problem SAT in a semi-uniform way [5].
Leporati et al. provided semi-uniform and uniform solutions to the numerical
NP-complete problem Subset Sum by using SN P systems with exponential
size pre-computed resources [20]. Afterwards, Ishdorj et al. shown that the two
PSPACE-complete problems QSAT and Q3SAT can be solved in a polynomial
time by SN P systems with pre-computed resources in a uniform way. All the
systems constructed above work in a deterministic way [18].

(2) Nondeterminism: Leporati et al. provided the solutions to SAT problem and
Subset Sum problem in a semi-uniform or uniform way by using nondetermin-
istic SN P systems but without pre-computed resources [11]. In [10], standard
SN P systems without the delay feature and having a uniform construction
were obtained.

(3) Neuron division and neuron budding: Inspired by neural stem cell division, Pan
et al. introduced the features of neuron division and neuron budding into the
framework of SN P systems, which can generate exponential workspace in linear
time. It was shown that SN P systems with neuron division and neuron budding
solve computationally hard problems by means of a space-time tradeoff in a
polynomial time, which is illustrated with an efficient solution to SAT problem
[25]. Afterwards, Wang et al. exploited SN P systems only with neuron division
to provide a uniform solution to SAT problem in a polynomial time [48].

4 Applications of Spiking Neural P systems

This section presents an overview of SN P systems from the perspective of real-life
applications with respect to engineering optimization, fault diagnosis of electric
power systems, image processing, and signal identification.
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The design of optimization algorithms can build a bridge between SN P systems
and real-life applications. In [57], an extended SN P system (ESNPS) was proposed
by introducing the probabilistic selection of evolution rules and multi-neurons
output and a family of ESNPS, called optimization SN P system (OSNPS), were
further designed through using a guider to adaptively adjust rule probabilities
to approximately solve combinatorial optimization problems. In [50], OSNPS was
used to solve the fault section estimation problem in an electric power system by
formulating it into an optimization problem. Thus, OSNPS can search output fault
sections in an automatical way when the status information of protective relays
and circuit breakers coming from a supervisory control and data acquisition system
is considered as the input. Several types of fault cases consisting of a single fault,
multiple faults and multiple faults with incomplete and uncertain information in an
electric power system can be accurately diagnosed in the simulation experiments.

The application for diagnosing the faults in an electric power system is an
attractive research direction and is well investigated in the past years through in-
troducing an algebraic fuzzy reasoning approach into SN P systems called fuzzy
reasoning SN P systems (FRSNPS) [35, 51]. The most attractiveness of FRSNPS
is that they can offer an intuitive illustration based on a strictly mathematical
expression, a good fault-tolerant capacity due to its handling of incomplete and
uncertain messages in a parallel manner, a good description for the relationships
between protective devices and faults, and an understandable diagnosis model-
building process [52]. Until now, FRSNPS have been successfully used to diag-
nose the faults existing in transformers [35], power transmission networks [52, 36],
traction power supply systems of high-speed railways [49], metro traction power
systems [13], fault classification of power transmission lines [39] and fault lines
detection in a small current grounding system [38].

As many problems in the processing of digital images have features which
make it suitable for techniques inspired by nature, in [9], a novel link between SN
P systems and Digital Imagery was presented, by providing an implementation of
the parallel Guo and Hall algorithm in SN P systems to solve the skeletonization
problem.

The learning ability for SN P systems is the fundamentals to be used for clas-
sification. In [12], the first attempt was made by using the framework of SN P
systems to implement Hebbian learning. In [8], SN P systems were used to iden-
tify nuclear export signals and the promising experimental result with accurate
rate 74.18 % was obtained.

5 Concluding Remarks and Future Research Lines

By introducing some further biologically-inspired features into SN P systems, it is
worth developing new computation models which are “more realistic” to get closer
to the brain. Moreover, to bring enough further biologically-inspired features to SN
P systems may possibly model and simulate processes taking place in the “real”
brain.



10 H. Rong et al.

Most of the aforementioned SN P systems were proved to be Turing universal.
In the area of SN P systems, an challenge and interesting problem is to look for
classes of SN P systems which are not equivalent with Turing machines, but also
not computing only semilinear sets of numbers. From the point of view of theory,
such classes of systems are rather significant, because of the possibility of finding
classes of systems with decidable properties. Moreover, from the point of view of
applications, these classes of systems are also attractive, because of the possibility
of finding properties of the modeled processes by analytical, algorithmic means.

The computation efficiency of SN P systems deserves further efforts. It is in-
teresting to introduce new ingredients in the area of SN P systems to generate an
exponential workspace in polynomial time, by trading space for time in solving
NP-complete problem and PSPACE-complete problem.

There are many ingredients of usual P systems which were not considered for
SN P systems, e.g., promoters, inhibitors, membrane creation. Thus, with mathe-
matical motivation, considering these ingredients in the framework of SN P systems
might also make sense.

Future application work on SNP systems could be focused on the killer real
applications [58]. There are many possibilities like fault diagnosis with FRSNPS,
OSNPS for enigneering optimization and classification with the SNP systems with
learning ability. Several important topics on FRSNPS were listed in [52]. The
extension of OSNPS to numerical oprimization problems is an ongoing task. How
to develop a learning netowrk with SNP systems is also a challenging topic.
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33. Păun, G., Pérez-Jiménez, P.J., Rozenberg, G.: Spike trains in spiking neural P sys-
tems. International Journal of Foundations of Computer Science, 17(04), 975–1002
(2006).
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