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Abstract
Spiking neural P systems have been introduced in 2006 as the first neural-like model of membrane systems.

Similar to spiking neural networks, considered as the third generation of neural network models, they constitute a

computational model inspired by the spiking mechanism of biological neurons. Among the advantages, compared

to traditional neural networks, there is the promise of implementations that are much more energy efficient.

Over the years, spiking neural P systems have been investigated from both the computational power and

applications points of view. In this extended abstract, after recalling what spiking neural P systems are, and how

they work, we will address the problem of designing systems aimed at performing a prescribed computational

task. In particular, we will present a framework that can be used to produce spiking neural P systems from a

specification written in the WHILE programming language, and an evolutionary technique that evolves a family

of spiking neural P circuits that “learn” a partially specified multi-output Boolean function. We will conclude with

some considerations related to the relationship between spiking neural P systems and other models of spiking

neural networks and binarized networks, machine learning algorithms, and will provide some possible research

directions.
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1. Introduction

Spiking neural P systems (SN P systems, for short) have been introduced in [1] as the first neural-like

model of membrane systems [2, 3], abstracted from the spiking mechanism of biological neurons.

Inspired by spiking neurons, SN P systems and variants are considered as the third generation of neural

network models, similar to spiking neural networks [4]. Structurally, an SN P system is a directed

graph composed of several neurons, where the nodes are spiking neurons, and the directed arcs indicate

the synaptic connections between neurons. Depending on predefined conditions, neurons emit spike

objects (which represent the electrical impulses emitted by biological neurons); these spikes are sent

to adjacent neurons via synaptic connections. So doing, a computational model can be defined, that

takes appropriately encoded input values from the environments and computes appropriately encoded

output values.

Over the years, several variants have been studied that are inspired by different biological mechanisms.

These include astrocytes [5], anti-spikes [6], the presence of multiple channels [7], inhibition rules [8],

dendrite mechanisms [9], polarities [10], structural plasticity [11], communication on request [12],

autapses [13], delay on synapses [14], plasmids [15], dynamic threshold [16], and coupling mecha-

nism [17]. Most of these variants have been proven to work as Turing universal devices for generating

or accepting sets of numbers, for computing functions, or for generating languages. Furthermore,

SN P systems and variants have been used for some real-world application problems such as image

fusion [18, 19], image segmentation [20], edge detection [21, 22, 23], medical image processing [24],
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financial time series prediction [25], sentiment analysis [26, 27, 28], recommendation systems [29],

numerical optimization [30, 31], and classification problems [32].

In this extended abstract, after recalling what spiking neural P systems are, and how they work,

we will address the problem of designing systems that perform a prescribed computational task. In

particular, we will present a framework that can be used to produce spiking neural P systems from a

specification written in the WHILE programming language, and an evolutionary technique that evolves

a family of spiking neural P circuits that “learn” a partially specified multi-output Boolean function. We

will conclude with some considerations related to the relationship between spiking neural P systems

and other models of spiking neural networks and binarized networks, machine learning algorithms,

and will provide some possible research directions.

2. Spiking Neural P Systems

Let us start by recalling the basic definition of spiking neural P systems (SN P systems, for short) given

in [1].

Definition 1. A Spiking Neural P system of degree 𝑚 ě 1 is a construct of the form

Π “ p𝑂, 𝜎1, . . . , 𝜎𝑚, 𝑠𝑦𝑛, 𝑖𝑖𝑛, 𝑖𝑜𝑢𝑡q,

where:

1. 𝑂 “ t𝑎u is the singleton alphabet (𝑎 is called spike);

2. 𝜎1, . . . , 𝜎𝑚 are neurons, of the form 𝜎𝑖 “ p𝑛𝑖, 𝑅𝑖q, 1 ď 𝑖 ď 𝑚, where:

a) 𝑛𝑖 ě 0 is the initial number of spikes contained in 𝜎𝑖;

b) 𝑅𝑖 is a finite set of rules of one of the following two forms:

(1) 𝐸{𝑎𝑐 Ñ 𝑎; 𝑑, where 𝐸 is a regular expression over the alphabet t𝑎u and 𝑐 ě 1, 𝑑 ě 0
are natural numbers;

(2) 𝑎𝑠 Ñ 𝜆, where 𝑠 ě 1 is a natural number, with the restriction that for each rule

𝐸{𝑎𝑐 Ñ 𝑎; 𝑑 of type (1) from 𝑅𝑖, we have 𝑎𝑠 R 𝐿p𝐸q, where 𝐿p𝐸q is the regular

language defined by 𝐸;

3. 𝑠𝑦𝑛 Ď t1, 2, . . . ,𝑚u ˆ t1, 2, . . . ,𝑚u with 𝑖 ‰ 𝑗 for all p𝑖, 𝑗q P 𝑠𝑦𝑛, 1 ď 𝑖, 𝑗 ď 𝑚, is the set of

synapses between neurons;

4. 𝑖𝑖𝑛, 𝑖𝑜𝑢𝑡 P t1, 2, . . . ,𝑚u indicate the input and the output neuron, respectively.

The rules of type (1) are called spiking or also firing rules, while those of type (2) are called forgetting
rules. The rules can be applied in each neuron to consume, produce and send spikes, at time steps

marked by a global discrete clock. The system is synchronous, in the sense that at every time the clock

clicks, all neurons having enabled rules must fire one (and only one) of them. We also stress the fact

that synapses are oriented: a synapse p𝑖, 𝑗q allows to send spikes from neuron 𝜎𝑖 to neuron 𝜎𝑗 , but not

the other way round. If we need to send spikes in both directions, then two distinct synapses must be

considered: one from 𝜎𝑖 to 𝜎𝑗 , and another from 𝜎𝑗 to 𝜎𝑖.
The applicability of a spiking rule 𝐸{𝑎𝑐 Ñ 𝑎; 𝑑 of neuron 𝜎𝑖 is determined by the regular expression

associated with it, against which the number of spikes that are present in the neuron is checked. If the

neuron at time 𝑡 contains a number 𝑛 of spikes such that 𝑎𝑛 P 𝐿p𝐸q and 𝑛 ě 𝑐, then the rule is enabled
and can fire. The firing of this rule removes 𝑐 spikes from 𝜎𝑖 (thus leaving 𝑛´𝑐 spikes), and prepares one

spike to be delivered to all the neurons 𝜎𝑗 connected to 𝜎𝑖 through synapses, that is p𝑖, 𝑗q P 𝑠𝑦𝑛, with a

delay 𝑑 specified by the rule; spikes emitted by the output neuron are also sent to the environment. If

𝑑 “ 0, then the spike is immediately emitted, otherwise the process of sending the spike is delayed

by 𝑑 time units. If the rule is fired at step 𝑡 and 𝑑 ě 1, then at steps 𝑡, 𝑡 ` 1, 𝑡 ` 2, . . . , 𝑡 ` 𝑑 ´ 1 the

neuron is idle or closed, so that it is not able to receive new spikes (if a neuron has a synapse to a closed

neuron and tries to send a spike along it, then that spike is lost), and cannot fire new rules. This time



interval is called in neurophysiology refractory period. At time 𝑡 ` 𝑑, the neuron spikes and becomes

open again, so that it can receive spikes (which are added to its current content and can be used starting

from the step 𝑡 ` 𝑑 ` 1) and select rules to be fired.

Analogously, a forgetting rule 𝑎𝑠 Ñ 𝜆, can be applied only if the neuron contains exactly 𝑠 spikes,

that are removed from the neuron; furthermore, the request that 𝑎𝑠 R 𝐿p𝐸q for any expression 𝐸
controlling a spiking rule in the same neuron implies that the forgetting rule can be enabled only if

there are no enabled spiking rules in the neuron.

The rules to be executed at time 𝑡 are chosen following two criteria:

1. sequentiality at single neuron level: if an open neuron contains two or more enabled rules (this

is possible, since two firing rules, 𝑅1 : 𝐸1{𝑎𝑐1 Ñ 𝑎; 𝑑1 and 𝑅2 : 𝐸2{𝑎𝑐2 Ñ 𝑎; 𝑑2, can have

𝐿p𝐸1q X 𝐿p𝐸2q ‰ H, and hence the content of the neuron can be described by both 𝐸1 and 𝐸2)

it can apply only one of them, chosen in a non-deterministic way;

2. maximal parallelism at system level: all neurons evolve in parallel, and if an open neuron can use

a rule at time 𝑡, then it must do it.

The configuration of the system at time 𝑡 is denoted by 𝐶𝑡 “ x𝑘1{𝑡1, . . . , 𝑘𝑚{𝑡𝑚y, where 𝑘𝑖, for

𝑖 “ 1, 2, . . . ,𝑚, denotes the number of spikes contained in the neuron 𝜎𝑖 and 𝑡𝑖 ě 0 indicates the

number of time steps to count down until the refractory period of the neuron ends; in particular, 𝑡𝑖 “ 0
means that 𝜎𝑖 is open. The execution of a set of rules, as defined above, changes the content of the

neurons, removing or adding spikes, and their refractory periods, and hence the system reaches a new

configuration 𝐶𝑡`1 at time 𝑡 ` 1. As usual, we can define a computation as a sequence 𝐶0 ñ 𝐶1 ñ

¨ ¨ ¨ ñ 𝐶𝑡 ñ 𝐶𝑡`1 . . . of transitions from a configuration 𝐶𝑡 to the next configuration 𝐶𝑡`1, starting

from the initial configuration 𝐶0 “ x𝑛1{0, . . . , 𝑛𝑚{0y, where, for every 𝑖, neuron 𝜎𝑖 contains 𝑛𝑖 spikes,

and is open. A computation is halting if it reaches a configuration 𝐶𝑡 in which all the neurons are open

and there are no enabled rules. A computation is considered successful if the output neuron spikes

exactly twice during the computation; in such a case, the output of the system consists of the number of

time steps elapsed between the two spikes of the output neuron. Similarly, we can specify the number

𝑛 as input by sending two spikes from the environment to the input neuron 𝑖𝑖𝑛, in such a way that 𝑛
time steps separate them.

SN P systems can be used to generate numbers (in which case no input is given, and a possibly

different number is generated at each computation due to non-determinism), accept numbers given as

input (the number is accepted if and only if the computation halts), or compute a function 𝑓 : N Ñ N,

using both the input and the ouput neuron. With a more conventional approach, we can also feed the

system with a number 𝑛 of spikes put in the input neuron at time 𝑡0, and read the result (in unary

form) as the number of spikes contained in the output neuron when the computation halts. In some

papers, the result of a halting computation is instead defined as the total number of spikes sent into the

environment by the output neuron during the computation.

As already proved in [1], the computational power of SN P systems is equivalent to that of Turing

machines. The proof relies on the simulation of register machines, and has since then become a classic

way to prove computational completeness of P systems variants.

A register machine is a tuple 𝑀 “ p𝑚,𝐿, 𝑙0, 𝑙ℎ, 𝐼q, where 𝑚 is the number of registers, 𝐿 is the set

of instruction labels (one label per instruction), 𝑙0 is the label of the first instruction, 𝑙ℎ is the halt label,

and 𝐼 is the set of instructions. Registers contain non-negative integer values, and the instructions in 𝐼
are of the forms:

• 𝑙1 : pADDp𝑟q, 𝑙2, 𝑙3q: increment register 𝑟 by 1, then go to instruction 𝑙1 or 𝑙2 chosen in a

non-deterministic way;

• 𝑙1 : pSUBp𝑟q, 𝑙2; 𝑙3q: if the value of register 𝑟 is positive then subtract 1 and go to instruction 𝑙2,

otherwise go to instruction 𝑙3;

• 𝑙ℎ : HALT: ends the computation.

Computations start by executing the first instruction of 𝑀 , and terminate when they reach the

instruction 𝑙ℎ. The result of the computation is the number contained in register 1 when the computation



Figure 1: Left: module ADD, simulating 𝑙1 : pADDp𝑟q, 𝑙2, 𝑙3q. Right: module SUB, simulating 𝑙1 : pSUBp𝑟q, 𝑙2, 𝑙3q.

Figure 2: Left: module FIN, ending the computation of a generarive SN P system. Right: module INPUT, starting
the computation of an accepting SN P system.

halts. Without loss of generality, this register is never decremented during the computation. Register

machines provide a simple universal computational model, as proved in [33].

Figure 1 illustrates modules made of spiking neurons that simulate the register machine instructions

𝑙1 : pADDp𝑟q, 𝑙2, 𝑙3q and 𝑙1 : pSUBp𝑟q, 𝑙2, 𝑙3q, respectively. By appropriately composing these modules,

SN P systems can simulate any register machine. Like SN P systems, also register machines can work in

generative, accepting, or computing mode. In the generative case, the FIN module illustrated in the

left part of Figure 2 can be used to send the result (the number of spikes contained in register 1) to the

environment, encoded as the number of time steps elapsed between two emitted spikes. Similarly, in

the accepting case, the input number is encoded as the number of time steps between the spikes sent

from the environment to the input neuron; the INPUT module illustrated in the right part of Figure 2

converts this temporal sequence into the corresponding number of spikes. When computing a function,

SN P systems employ both modules.
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Figure 3: Compiling programs written in a high-level programming language to SN P systems (or other P system
models), passing from register machines.

Some simplifications can be performed when simulating specific register machines, such as the small

universal register machines proposed by Korec [34], producing as a result corresponding small universal

SN P systems. As stated above, several extensions of SN P systems have been proposed in the literature;

usually, their Turing equivalence is proved by simulating register machines.

3. Designing Spiking Neural P Systems: the WHILE compiler

Suppose we want to design a spiking neural P system that computes a certain function, say 𝑓p𝑛q “ 𝑛2
.

It is certainly possible to build the system by working directly, adding and modifying neurons, but to

do this requires a certain amount of experience, which only those who have been working with SN P

systems for a long time have.

Another possibility is that we first write a program for a register machine that computes the desired

function, and then build the SN P system by composing the ADD and SUB modules that simulate the

register machine. This is certainly a simpler way to proceed, and it also has two desirable features:

(1) the transformation from register machines to SN P systems can be done mechanically, and (2) the

principle applies not only to basic SN P systems, but in general to all bio-inspired computational models

for which Turing equivalence has been proved by simulating register machines.

However, working with register machines is also uncomfortable (although simpler than working

directly with SN P systems), and so we ask: is it possible to write the definition of the function to be

computed in a high-level programming language, which is then compiled into an equivalent program

for a register machine, and subsequently into a SN P system? This process is illustrated in Figure 3, and

it involves at least two compilers: (1) from programs written in the high-level programming language to

equivalent programs running on register machines, and (2) from programs written for register machines

to equivalent SN P systems (or another P systems-based computing model). Of course, both compilers

would run programmatically, without human intervention. The output of the second compiler could be

provided in a format that is suitable for running the computation via a simulator of SN P systems, for

example, in the P-Lingua format [35].

Writing these compilers is an ongoing project, carried out with Lorenzo Rovida, a post-doc at the

Polytechnic University of Turin. The WHILE language was chosen as the high-level programming

language due to its simplicity, being an educational language adopted in a famous book on theoretical

computer science by Martin D. Davies, Ron Sigal, and Elaine J. Weyuker [36]. The choice fell on this

language to avoid the practical problems associated with writing a compiler for a sophisticated language.

Indeed, the language is very simple. It allows to define variables 𝑥𝑗 , for 𝑗 P N, each containing a

non-negative integer value, and there are only three kinds of commands:

• assignment commands, of the type:

𝑥𝑘 :“ 0 𝑥𝑘 :“ 𝑥𝑗 ` 1 𝑥𝑘 :“ 𝑥𝑗 ´ 1 (truncated decrement)

• while commands:

while 𝑥𝑘 ‰ 0 do 𝐶

where 𝐶 is an arbitrary command;



Figure 4: The grammar used to parse WHILE programs.

• compound commands:

begin 𝐶1;𝐶2; . . . ;𝐶𝑚; end p𝑚 ą 0q

where 𝐶1;𝐶2; . . . ;𝐶𝑚 are arbitrary commands.

Finally, a program is a compound command.

Of course, the WHILE language is Turing-complete. The language can be extended through macros

of the kind 𝑥𝑖 “ 𝑂𝑝p𝑥𝑗 , 𝑥𝑘q, which make it easier to write programs; for example, 𝑂𝑝 can be Sum,

Product, TruncatedSum, IntegerDivision, Mod, CantorPairingFunction, etc.

Figure 4 shows the grammar used to parse WHILE programs. Each command then has its translation

into a sequence of instructions for a register machine. As an example, Figure 5 shows the translation of

the assignment command 𝑥𝑖 :“ 𝑥𝑗 ` 1, for 𝑖 ‰ 𝑗, and a while loop.

The proposed method allows to obtain an SN P system in a few minutes. Of course, the system will be

far from optimized, but it can be used to quickly perform tests, even by those who are not particularly

experienced in SN P system design. On the other hand, for those who are experienced the produced

system will be a good starting point for hand-made optimizations.

4. Evolving Spiking Neural Circuits

Another possibility for designing SN P systems is obtaining them via evolutionary algorithms. While

some attempts have been made in the literature applying neuro-evolution techniques on basic SN P



Figure 5: Left: compilation of the WHILE assignment command 𝑥𝑖 :“ 𝑥𝑗 ` 1, with 𝑖 ‰ 𝑗. Right: compilation of
a while command.

systems (see, for example, [37]), especially to solve computationally hard combinatorial problems, here

will focus on the model of SN P circuits recently introduced in [38].

Differently from traditional SN P systems, SN P circuits are acyclic, that is, composed of layers,

each one made of SN P gates. Similarly to what happens with traditional Boolean circuits made of

and/or/not gates, a 𝑛-input/𝑚-output SN P circuit computes a 𝑛-input/𝑚-output Boolean function

𝑓 : t0, 1u𝑛 Ñ t0, 1u𝑚. In general, given a Boolean function, there may be several SN P circuits that

compute it. This depends also on the fact that the Boolean functions we are interested in are only

partially defined; that is, not all input/output px,yq pairs will be specified. This makes SN P circuits

suitable for solving some machine learning problems, as a partially defined Boolean function can be

seen as the training/testing dataset for a classification problem. Hence, finding a SN P circuit that

correctly computes the given input/output pairs of a Boolean function corresponds to finding a circuit

that solves a given classification problem. In [38], we have investigated how difficult is to automatically

find one of these circuits, using genetic algorithms (GA).

An SN P circuit is a circuit composed of SN P gates. A spiking neural P gate (SN P gate, for short) is a

spiking neuron that contains a subset of the following spiking rules:

𝑎𝑖 Ñ 𝑎 for all 𝑖 P t0, 1, . . . , ℓu

for a fixed integer value ℓ ě 1. Note that a SN P gate is a symmetric gate
1
, defined by the set

𝐺 Ď t0, 1, . . . , ℓu such that the neuron contains a rule of the kind 𝑎𝑖 Ñ 𝑎 if and only if 𝑖 P 𝐺. Clearly,

the value of ℓ may differ among SN P gates. As recalled above, the SN P gates of a SN P circuit can

be arranged in layers, such that each gate takes its input values only among the output values of the

previous layer (from the input nodes, for the first layer). A layer is made up of SN P gates that are not

connected to each other. That is, if two SN P gates belong to the same layer, then the output of one of

the two gates is not used as input by the other gate. Evaluating a circuit thus amounts to computing the

Boolean vector produced by each layer, starting from the first layer and proceeding up to the output

layer. Precisely, suppose that an SN P circuit computes a function 𝑓 : t0, 1u𝑛 Ñ t0, 1u𝑚, and that it

is made up of 𝑘 layers. First, we prepare an input vector for the circuit, consisting of 𝑛 binary values.

The SN P gates of the first layer take their inputs from this input vector, according to their own input

lines. The number of spikes arriving at an SN P gate through its input lines are summed, and possibly

activate a firing rule or an (implicitly defined) forgetting rule. Consequently the gate fires or just cancels

its spikes, thus producing one or zero spikes as output, corresponding to the Boolean value 1 or 0,

respectively. All the Boolean values produced in this way by the gates of the first layer form a vector of

binary values, which constitute the input values for the SN P gates of the second layer. All the SN P

gate layers of the circuit are evaluated in this way, one after the other, until the 𝑘-th layer is evaluated,

which produces the circuit’s vector of output Boolean values.

1

That is, the output value only depends upon the number of 1s given as input. An 𝑛-input symmetric gate can be defined by

specifying the subset 𝐺 Ď t0, 1, . . . , 𝑛u such that the output value is 1 if and only if the number of 1s given as input is in 𝐺.



Algorithm 1 Genetic Algorithm for finding a SN P circuit that computes a given Boolean function 𝑓

1: procedure Evolve(𝑓 )

2: Ź 𝑓 is (possibly partially) defined by a list of pairs px,yq P t0, 1u𝑛 ˆ t0, 1u𝑚

3: 𝑃 Ð initial population of randomly generated SN P circuits

4: Fit Ð fitness values of each circuit in 𝑃
5: save the maximum and average fitness values in a list

6: while stopping criterion is not verified do
7: Ź 𝑃 1

and Fit
1

constitute the new generation

8: 𝑃 1 Ð best 𝑝 percent circuits from 𝑃 Ź 𝑝 typically is in r0, 10s

9: Fit
1 Ð fitness values of circuits in 𝑃 1

10: for 𝑖 Ð 1 to p1 ´ 𝑝{100q ¨ |𝑃 | do
11: parent1, parent2 Ð FitnessProportionateSelectionp𝑃 q

12: child Ð Crossover(parent1, parent2) Ź only the fittest among

the two children is kept

13: add Mutation(child) to 𝑃 1

14: add the fitness of child to Fit
1

15: end for
16: save the maximum and average fitness values

17: 𝑃 Ð 𝑃 1 Ź substitute 𝑃 with 𝑃 1

18: end while
19: end procedure

A Boolean function 𝑓 : t0, 1u𝑛 Ñ t0, 1u𝑚 is said to be partially defined if we only know some

pairs px,yq such that x P t0, 1u𝑛, y P t0, 1u𝑚, and 𝑓pxq “ y. For the input values x P t0, 1u𝑛 not

comprised in this list of pairs, the function may assume any output value. As said above, our aim is to

apply genetic algorithms (GA) to find SN P circuits that compute a given (partially defined) Boolean

function. Notice that the fewer the pairs that partially define the Boolean function to be calculated, the

more Boolean functions will be consistent with it, and the easier it will therefore be to find an SN P

circuit that calculates it. Conversely, the more pairs there are that partially define the Boolean function

to be calculated, the more difficult it will be to find an SN P circuit that calculates it.

Algosithm 1 illustrates the pseudocode of the GA. The algorithm maintains a population of SN P

circuits, which at the beginning of the execution is initialized with randomly generated individuals.

The fitness of each circuit 𝑐 is defined as:

fitnessp𝑐, 𝑓q “ 1 ´
1

𝑘

ˆ 𝑘
ÿ

𝑖“1

`

𝑐px𝑖q ‰ y𝑖

˘

̇

(1)

where px1,y1q, . . . , px𝑘,y𝑘q are the pairs that (partially) define the Boolean function 𝑓 : t0, 1u𝑛 Ñ

t0, 1u𝑚, and 𝑐px𝑖q is the output produced by circuit 𝑐 on input x𝑖. The sum counts the number of times

the output of circuit 𝑐 differs from the expected output y𝑖. Such a number is averaged over the number

𝑘 of input values, and the result is subtracted from 1, so that the fitness value is always between 0 and

1, with 1 indicating that the circuit always gives the correct answer, and 0 indicating that the circuit

gives the wrong answer every time.

To build the population for the next iteration of the algorithm, we first apply elitism: the next

generation will contain a percentage 𝑝 (10%, in our implementation) of the highest-fitness individuals

of the current generation. The rest of the new generation is populated by new individuals, obtained

through crossover and mutation operators. To apply the crossover operator, first two circuits are chosen

from the current population, according to fitness proportionate selection. That is, each individual has a

probability of being selected equal to the value of its fitness divided by the sum of the fitness values of

all individuals in the current population. Having chosen the two parent circuits, inspired by one-point
crossover, we cut each circuit before a randomly chosen layer; we then combine the first piece of the first



circuit with the second piece of the second circuit, and the second piece of the first circuit with the first

piece of the second circuit. So doing, the two parents produce two circuits; however, at the end of the

process we will keep only the one that has the highest fitness value, discarding the other. Notice that if

the layers where the two parent circuits were cut do not have the same number of gates, there might be

an invalid input connection to some neurons in one of the layers of the new circuits. In such a case

we apply a Clean procedure, that iteratively checks whether all neurons have connections to existing

neurons; if a pending connection is found, it is removed. If, after executing this procedure, the neuron

has no edges left, it is removed. Eventually, if a layer remains without neurons, it will be removed, too.

After the crossover operation, and before computing the fitness, the newly produced individuals

undergo a mutation phase, implemented as the following types of random changes:

• Adding or removing a rule to the set of rules in a randomly chosen neuron;

• Adding/removing a new gate in a randomly chosen layer;

• Adding/removing a new input line to a randomly chosen gate;

plus two more “drastic” changes:

• Adding/removing a new random layer of gates.

Notice that, after the application of some mutations (e.g., removing an existing gate), the Clean

procedure must be executed in order to fix invalid edges, gates or layers. Each mutation is applied

according to a corresponding value of probability. It is well known that applying mutations with

high probabilities may lead to random search behavior, while applying a small number of mutations

may cause premature convergence to sub-optimal solutions. Fine-tuning the mutation rate and the

type of mutation operators is often an important part of optimizing a genetic algorithm for a specific

problem. For this reason, during the experiments we have adopted a grid-search approach to find

optimal probability values for each mutation. The same technique was applied to the other parameters

that rule the behavior of the GA, such as population size, the number of layers and gates in randomly

generated circuits, and crossover probability.

In [38], we performed some preliminary experiments, trying to learn (or fit) the completely defined

xor functions of 𝑛 “ 5 and 𝑛 “ 8 inputs, and two 5-input Boolean functions having a high non-linearity

degree, expressed in Algebraic Normal Form. For each experiment, we tested several combinations of

population size, minimum and maximum allowed number of layers, number of iterations to be used as

the stopping criterion, crossover probability, and mutation probabilities. Encouraging results have been

obtained, for which we refer the reader to [38]. Of course, many more experiments and investigation

are needed to fully understand the potentiality and utility of this approach.

5. Related Models and Machine Learning

As we saw in the previous section, spiking neural P systems can also be used in machine learning tasks.

Of course, the one described above is not the only possible approach. In particular, several learning

models for SN P systems have been proposed in the literature. Here we just mention a few of them, just

to whet the reader’s appetite and encourage him/her to delve deeper into literature.

For example, in [39] a variant called SN P systems with learning functions is defined, which can

dynamically strengthen and weaken connections among neurons during the computation. Starting from

this, a class of SN P systems with a simple Hebbian learning function is constructed to recognize English

letters. In [40], the authors introduce Convolutive Kernel-Guarded Spiking Neural P systems (CK-SNP

systems), as a trainable framework in which the applicability of spiking rules may depend on local kernel

responses computed over ordered neighborhoods of spike multiplicities. In particular, they connect

the discrete symbolic formal model to machine learning by introducing differentiable surrogate gates

(sigmoid approximations) during training, which transition to hard-threshold rules during inference.

This is a very important topic, since SN P systems are discrete models, and the equations describing their

dynamics are not differentiable. This same problem is encountered in the more general model of Spiking



Neural Networks (SNN), for which some gradient descent and backpropagation-based algorithms have

already been proposed, to allow perfoming supervised learning tasks. These algorithms usually rely on

techniques such as Surrogate Gradient Descent, that approximate activation functions, thus allowing to

calculate the gradient and enabling the use of the backpropagation algorithm. After the network has

been trained, if the number of inputs is not large then an interesting option is to transform the network

into a Boolean circuit, hence going back to a discrete model, which allows to save computational power

and also energy when performing inferences. Similar ideas are also pursued in models inspired from

Binarized Neural Networks [41], where only binary inputs, outputs, and weights are used.

We conclude this section by reporting the existence of models of continuous SN P systems [42], in

which each neuron is associated with a real numerical value rather than a discrete number of spikes, and

in which the number of spikes consumed and produced by the firing rules are replaced by non-linear

functions. These models have been used to build different architectures of neural networks, and have

been applied to several problems of classification, regression, image segmentation, etc.

6. Conclusions

In this survey we reviewed spiking neural P systems, a very interesting neural-like model of computation.

After seeing how the basic model is defined, we recalled some of its computational properties, in

particular its equivalence to Turing machines.

We then explored two very different ways of designing SN P systems that compute a desired function.

In the first case we write this function in a high-level programming language and then, using two

compilers, we transform the program into an SN P system, passing from register machines. In the

second case we use evolutionary algorithms (in particular, the genetic algorithm) to evolve a population

of SN P circuits in search of a circuit that calculates a partially specified Boolean function.

Both of these approaches already suggest several possible lines of future research. For example,

instead of using the educational WHILE language we could use a programming language more similar

to those used in the real world. To exploit the inherent parallelism of SN P systems, it would also be

interesting to start from a parallel programming language. The extension of the second compiler to

different models of SN P systems is another possibility, as is producing a description of the model that

can be simulated using one of the simulators present in the literature.

Concerning the evolutionary approach, many possibilities arise. In [38] only few initial experiments

have been performed, many more are needed. For example, evolving many-output Boolean functions,

functions with more inputs, and functions having cryptographic properties such as correlation immunity,

non-linearity, and so on. Last but not the least, GA is not the only possibility: many more evolutionary

algorithms exist, each with its own behavior and hyperparameters that drive the dynamics. A lot of fun

is waiting for us!
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