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Abstract. In this paper, we combine two variants of Spiking Neural
(SN) P systems: we use a non-singleton alphabet of spikes (colored
spikes), and we use multiple channels that can be used in the rules of
the neurons. The completeness of the proposed model is shown by the
simulation of register machines. We also show the equivalence between
the proposed model and other different ones, such as virus machines
and neural-like P systems with plasmids. We show the simulations of
the latter models by our proposed one. Hence, we can consider that our
proposed model is a unifying one that can achieve two main properties:
different encodings for the information (spikes), and different communi-
cation topologies (channels).
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1 Introduction

Membrane computing is a research area founded by Gheorghe Păun at the end
of the last century [24], and it is a significant part of the natural computing
paradigm [11]. The source of inspiration for membrane computing is the eukary-
otic living cell whose internal structure allows regions separated by membranes,
where different molecular reactions are carried out by the biomolecular machin-
ery of the cell. Membrane computing models are known as P systems. Initially,
P systems were proposed as cell-like transition P systems [23]. Then, tissue P
systems were proposed through the association and abstraction of cell-like P
systems [15]. A very few years later, the spiking neural (SN) P system was pro-
posed [10] that allows rate and pulse encoding [8]. It was proposed by introducing
artificial spiking neural networks in the framework of membrane computing.

Interest on SN P systems has increased in the last years, both when it comes
to proposing new variants or new features to the basic model [12, 2], and when
it comes to applying it to solve problems in many different areas [6] . Among the
proposals that have been made during the last years, we could mention fuzzy
reasoning spiking neural P systems (FRSNP) [28], Optimization Spiking neural
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P Systems (OSNPS) [39], Spiking neural P systems with structural plasticity
[3], electrical synaptic transmission-based spiking neural P systems (ESTSNPS)
[36], Spiking Neural P Systems with budding rules [9], Spiking neural P systems
with neuron division and budding [19], time-free Spiking Neural P Systems [21],
and Spiking Neural P Systems with Astrocytes [20]. Two recent references on
spiking neural P systems, and its variants and applications are [26, 40].

In this work, we use SN P systems that allows the sending/receiving of differ-
ent spikes through different channels. The use of different channels in the rules
is not novel: it was first proposed by Alhazov et al. [1], and referred again in [38].
It has been proposed again in [27], where the authors use different spiking chan-
nels to connect the neurons in the network. An increasing interest on the use of
multiple channels has been shown in the last years [14]. So, for example, Miao et
al. proposed the use of multiple channels with dynamic adjustment of the rules
[16], while in [18], Ning et al. propose a combination of multiple channels with
autapses [35].

The use of a non-singleton alphabet to define the spikes of the system (colored
spikes) is not novel given that it was proposed in [34], and it has been recently
used to solve NP-complete problems [22].

In this work, we combine the two previously referred features: multiple chan-
nels and colored spikes. We integrate them in the rules of the SN P system. So,
the rules can manage different spikes at every moment, and the spikes can be
sent to other neurons through different channels. These characteristics, when
combined appropriately, provide us with an efficient way to simulate other mod-
els proposed in the field of membrane computing, such as virus machines [5],
and neural-like P systems with plasmids [4]. As far as we are aware, the use
of SN P systems to simulate these models is non-existent or has never even
been considered. Furthermore, we believe that our proposal could become a gen-
eral computing framework in which several networks operate simultaneously,
influencing one another, with nodes (neurons) specialising in different types of
information.

The structure of this work is as follows: In section 2, we provide the basic
concepts and definition for membrane computing and spiking neural P systems.
In section 3, we propose our model that combines a non-singleton alphabet for
spikes, and multiple channels in the rules. We establish the completeness of
the proposed model by simulating register machines. In section 4, we propose
efficient simulations of other computational models by our model. We propose
a simulation for virus machines, and a simulation for bacterial computing with
plasmids. Finally, in section 5, we outline some conclusions of our work, and we
point out to future research works.

2 Basic concepts and definitions

In the following, we assume that the reader is familiar with the basic concepts of
formal language theory [32]. Nevertheless, we will introduce additional concepts
on multisets, strings and languages.
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Let N denotes the set of natural numbers. Given a set V , a multiset M over
V is defined as a mapping M : V → N, where for every a ∈ V , M(a) denotes the
multiplicity of the element a in M . Given two multisets over V , M1 and M2, we
will say that M1 ⊆M2 iff (∀a ∈ V ) M1(a) ≤M2(a). Given an alphabet Σ, and
the string x ∈ Σ∗, we denote the number of symbols a ∈ Σ in x by |x|a. Given
the alphabet Σ = {a1, a2, . . . , an}, the Parikh projection of a string x ∈ Σ∗,
is the vector ΨΣ(x) = (|x|a1 , |x|a2 , . . . , |x|an). Given any language L ⊆ Σ∗, the
Parikh projection of L in Σ is the set ΨΣ(L) = {ΨΣ(x) : x ∈ L}. For any set
V = {a1, a2, . . . , an}, any multiset M over V can be represented by the string
x = a1

M(a1)a2
M(a2) . . . an

M(an) (observe that any permutation in the symbols
of x represents the multiset M).

Now, we introduce the definition of a register machine, that is a universal
model of computation proposed in [17].

Definition 1. A register machine is defined by M = (m,H, l0, lh, I), where:

1. m ≥ 1 indicates the number of machine registers. Every register holds a
positive integer value, and all the registers are initialized to zero.

2. H is a set of instruction labels.
3. l0 is the label corresponding to the initial instruction.
4. lh is the label corresponding to the halt instruction.
5. I is the set of instructions such that |I| = |H| and each label from H refers

to an instruction in I. Each of the instructions of I is in one of the following
forms:
– li : (ADD(r), lj , lk) add one to the register r, and then non-deterministically

jumps to instruction lj or lk.
– li : (SUB(r), lj , lk) subtract one if the contents of register r is greater

than zero, and jump to lj . Otherwise, jump to lk.
– HALT finishes the computation.

�

The register machine begins its execution by the instruction labeled l0, then
it executes the instruction and it jumps to the next one according to the type
of instruction and the value of the registers. This process is repeated until it
reaches the halt instruction lh. There is a predefined register where the result of
the computation is stored when the machine halts. Usually, the first register is
taken as the output register.

Basic concepts and results about P systems and membrane computing can
be consulted at [25], while basic definitions related to Spiking Neural P systems
can be taken from [10].

Definition 2. A spiking neural P system (SN P system, for short) of degree
m ≥ 1 is defined by Π = (O, σ1, σ2, . . . , σm, syn, in, out), where:

1. O = {a} is a singleton alphabet of spikes
2. σ1, σ2, . . . , σm are neurons of the form σi = (ni, Ri), 1 ≤ i ≤ m, where

(a) ni ≥ 0 is the initial number of spikes in σi.
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(b) Ri is a finite set of rules in one of the following two forms:
– firing or spiking rules: E/ac → a; d where E is a regular expression

over O, and c ≥ 1, d ≥ 0 are integer numbers. We omit E whenever
it be equal to ac, and we omit d whenever it be equal to 0.

– forgetting rules: as → λ, for s ≥ 1, with the restriction that for
each spiking rule E/ac → a; d then as /∈ L(E) (L(E) is the regular
language defined by E)

3. syn ⊆ {1, 2, . . .m} × {1, 2, . . . ,m} with (i, i) /∈ syn for 1 ≤ i ≤ m, is the
directed graph of synapses between neurons

4. in, out ∈ {1, . . . ,m} indicate the input and the output neurons of Π.

�

Observe that we can omit the definition of the input neuron in order to define
the SN P system as a generator model.

At neuron σi, the firing rules E/ac → a; d are applied as follows: if the neuron
contains k ≥ c spikes and ak ∈ LE (the language denoted by the expression E)
then c spikes are removed from σi and one spike is delivered to all the neurons
σj connected to σi with (i, j) ∈ syn. If d = 0 the spike is immediately emitted,
otherwise it is emitted after d computation steps (during these computation
steps, the neuron is closed, so it cannot receive spikes, it cannot apply the rules
and, subsequently, it cannot send new spikes). At neuron σi, the forgetting rule
as → λ is applied as follows: if the neuron σi contains exactly s spikes and no
firing rule can be applied then all the spikes of the neuron are removed.

A configuration of the system at time t during a computation is defined by
the tuple (i1/t1, . . . , im/tm) that denotes the number of spikes that are at every
neuron together with the computation time needed to open the neuron. The
initial configuration of the SN P system is (n1/0, . . . , nm/0). During a computa-
tion, the step when a spike is emitted by the output neuron can be marked by
’1’ while the other steps are marked by ’0’. The binary sequence that is obtained
in such a way during the computation is called the spike train of the system.
It should be noted that there are multiple ways to read the system output. For
example, in generator systems, if the computation does not finish, the output
is the number of spikes in the neuron out at each computation step. The to-
tal number of spikes that the system has sent out to the environment during a
computation (which must be finite) can also be considered as output.

Example 1. In the figure 1 we show an example of a SN P system with three
neurons. The output neuron is neuron 3. The input neuron is neuron 1. Neuron
1 has n initial spikes and one firing rule. Neurons 2 and 3 have no initial spikes
and one firing rule.

In the first iteration, only the rule a+/a → a of neuron 1 can be applied. It
consumes one spike and sends a spike to neurons 2 and 3. In the following n− 1
iterations, the three neurons will be active. Observe that along the time, neuron
3 receives 2×n spikes that will be sent to the environment. Once all these spikes
have been consumed the system halts and it has generated 2× n spikes.

�
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Fig. 1. An example of an SN P system that generates 2 × n.

Once we have defined the SN P system, we introduce two variants of it:
multiple channels [27], and a spike alphabet with more than one symbol (colored
spikes) [34].

Definition 3. [27] A spiking neural P system with multiple channels (SNP-MC
system, for short) of degreem ≥ 1 is defined byΠ = (O,L, σ1, σ2, . . . , σm, syn, out),
where:

1. O = {a} is a singleton alphabet of spikes
2. L = {1, 2, . . . , N} is the alphabet of channel labels
3. σ1, σ2, . . . , σm are neurons of the form σi = (ni, Li, Ri), 1 ≤ i ≤ m, where:

(a) ni ≥ 0 is the initial number of spikes contained in σi.
(b) Li ⊆ L is a finite set of channel labels used in the neuron
(c) Ri is a finite set of extended rules in the form E/ac → ap(l) where E is

a regular expression over O, and c ≥ 1, p ≥ 0, l ∈ Li.
4. syn = {(i, j, l)} ⊆ {1, 2, . . .m} × {1, 2, . . . ,m} × L with (i, i, l) /∈ syn for

1 ≤ i ≤ m, and l ∈ L (synapse connections);
5. out ∈ {1, . . . ,m} is the output neuron.

�

Observe that the rules of the system are defined in a similar way as they
have been described in the definition 1. The forgetting rules can be established
as those extended rules with p = 0 and no channel reference. Every rule estab-
lishes the channels that it uses to send the spikes. The spikes are only sent to the
connected neurons by the channel established in the rule. In addition, in each
computation step there can be some competition between different rules at the
neuron. Provided that more than one rule can be applied, then the system se-
lects only one of them non-deterministically. So, the neurons work in sequential
manner, that is they apply only one rule at every computation step.

It has been proved that SNP-MC systems are universal, even if they work in
a sequential manner [14].
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Definition 4. [34] A spiking neural P system with colored spikes (SNP-CS sys-
tem, for short) of degreem ≥ 1 is defined byΠ = (C,O, σ1, σ2, . . . , σm, syn, in, out),
where:

1. C = {1, 2, . . . g} is a finite set of colors to mark the color of a spike. Every
spike is associated with a unique color

2. O = {a1, a2, . . . , ag} is an alphabet of g colored spikes
3. σ1, σ2, . . . , σm are neurons of the form σi = (< ni1, n

i
2, . . . , n

i
g >,Ri), 1 ≤ i ≤

m, where:
(a) nih ∈ N is the number of spikes ah ∈ O initially placed in neuron σi.
(b) Ri is a finite set of spiking and forgetting rules in the form:

– Spiking rule: E/ac11 a
c2
2 . . . a

cg
g → ap11 a

p2
2 . . . a

cg
g ; d where E is a regular

expression over O, and ci, pi ≥ 0;
– Forgetting rule: as11 a

s2
2 . . . a

sg
g → λ where as11 a

s2
2 . . . a

sg
g /∈ L(E) for

any regular expression E associated with a spiking rule;
4. syn ⊆ {1, 2, . . .m} × {1, 2, . . . ,m} with (i, i) /∈ syn for 1 ≤ i ≤ m;
5. in, out ∈ {1, . . .m} are the input and the output neurons

�

Observe that the SNP-CS systems are a generalization of the SN P systems.
The functioning of the rules in the neurons, the behavior of the SNP-CS sys-
tem and its output are generalizations of the SN P systems. Hence, the model
is computationally complete. Note that, in this case, the membership problem
associated with any regular expressions E in the spiking rules should be replaced
by a membersip problem within the Parikh projection ΨO(LE).

3 Spiking neural P systems with multiple channels and
colored spikes

We introduce a new model of SN P systems that combines the use of multiple
channels, together with a non-singleton alphabet of spikes. We define different
ways of obtaining the system outputs, and we will prove the completeness of the
model by proposing a simulation of any register machine program.

Definition 5. A spiking neural P system with multiple channels and colored
spikes (SNP-MC-CS system, for short) of degree m ≥ 1 is defined by Π =
(O,L, σ1, σ2, . . . , σm, syn, in), where:

1. O = {a1, a2, . . . , ag} is an alphabet with g colored spikes
2. L = {1, 2, . . . , k} is an alphabet of channel labels
3. σ1, σ2, . . . , σm are neurons of the form σi = (wi, Ri), 1 ≤ i ≤ m, where:

(a) wi ∈ O∗ is a string that denotes the initial multiset of spikes in the
neuron.

(b) Ri is a finite set of rules in the forms:
– Firing rules: E/wc → w1 (l1)w2 (l2) . . . wn (ln) ; d where E is a regu-

lar expression over O, and wc, wi ∈ O∗ 1 ≤ i ≤ n, li ∈ L, d ≥ 0.
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– Forgetting rules: wc → λ, where wc ∈ O∗.
4. syn ⊆ {1, 2, . . .m} × {1, 2, . . . ,m, out} × L is the synapse connections with

channels where (i, i, l) /∈ syn for 1 ≤ i ≤ m and ∀ l ∈ L. Observe that
(i, out, l) denotes that the neuron σi sends the spikes out to the environment
by the channel l.

5. in ∈ {1, . . . ,m} is the input neuron. Observe that the input neuron can be
omitted whenever the system is a generator.

�

The firing rules E/wc → w1 (l1)w2 (l2) . . . wn (ln) ; d of the neuron σi can be
applied whenever ψO(xi) ∈ ΨO(LE) and wc ⊆ xi, where xi denotes the spikes
in the neuron σi and LE is the language denoted by the regular expression E.
In such a case, the spikes denoted by wc are removed from the neuron, and the
spikes denoted by wi are sent to the connected neurons (or to the environment)
by the channel li according to the synaptic connections of the neuron. If the
delay d = t > 0, then the neuron is blocked, and it can neither send nor receive
spikes after t computation steps.

The forgetting rules of the neuron σi in the form wc → λ, can be applied
whenever no firing rule is applicable and wc ⊆ xi, where xi denotes the spikes
in the neuron σi. In such a case, the spikes denoted by wc are removed from the
neuron.

The system runs in a maximally parallel manner, that is, at each compu-
tational step, every neuron that has some applicable rule applies it. A rule is
applicable iff the spikes in the neuron meet the regular expression in the rule,
and the number of spikes are greater or equal to the number of spikes to be
removed. In the case of forgetting rules, the regular expression condition is not
considered. If there are more than one applicable rule, the firing rules will have
priority over those of forgetting. If there are more than one applicable firing rule
in conflict, it means that they require common spikes, then, only one of them
is non-deterministically selected to be applied. If a rule with a delay is applied,
the neuron will be blocked just as in SN P systems. If several rules with delays
are applied at the same computational step, the neuron will be blocked for the
maximum delay value of the applied rules. Finally, it should be noted that the
computation finishes whenever there is no blocked neuron, and no rule can be
applied in any neuron.

Regarding the output of the system, we will propose four different ways to
obtain it, as follows:

– halting mode: The result of the computation is the number of spikes that
have been sent to the environment during the computation, no matter their
colors. The output is defined only when the system halts.

– multi-channel halting mode: As in the halting mode, the output of the model
is the set of spikes sent to the environment during the computation. The
output spikes are defined for the channels through which they have been
sent. In this case, the output is a vector of natural numbers.
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– temporary mode: This mode is the one used for generating systems, since it
is not necessary reaching a halting configuration, the system output will be
read as the sequence of spikes sent to the environment at every computation
step (a spike train).

– multi-channel temporary mode: It can be used for signal processing, as it
allows reading the output as the sequence of spikes (a spike train) sent to
the environment at every computation step for each of the channels.

Example 2. In the figure 2, we show an example of an SNP-MC-CS system with
two neurons, 1 (left) and 2 (right). The system uses three channels, and it does
not use any input neuron, so it is a generative model. In the first computation
step, the system can only execute the rule in the neuron 2, sending a spike a to
the neuron 1 through channel (1). In the second computation step, the following
rules can be chosen non-deterministically: a→ a(0), ab(2), so spikes a and b will
be sent to the environment through the channel (2), and a spike a is sent to the
neuron 2 through the channel (0). So in the next computation step the system
will repeat the initial configuration, the second rule, a→ ab(2) sends the spikes
a and b to the environment and the system halts, given that no rule can be
applied again. The system outputs in a halting mode the multiset defined by
Ψ{a,b}({anbn : n ≥ 1}).

�

Fig. 2. An example of an SNP-MC-CS system.

3.1 Completeness

In the following, we show that the SNP-MC-CS systems are complete models
of computation. It is important to highlight that SNP-CS systems are universal
[34], and they are a particular case of SNP-MC-CS with a single channel. On
the other hand, SNP-MC are also universal [27], and they are a particular case
of SNP-MC-CS with a single color. So, the completeness of the SNP-MC-CS
system is trivially deduced from the referred previous works, as established in
the following theorem.

Theorem 1. SNP-MC-CS systems are universal models of computation.

Proof. Trivially deduced from [27] and [34]. �
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Nevertheless, we propose the simulations of the basic instructions of register
machines by SNP-MC-CS systems. In the following, we associate a neuron with
label li with each instruction with a label li, and a neuron with label r with
the register r in the machine. If the contents of any register is a natural number
p, the multiset cp will be stored in its associated neuron. The activation of any
instruction will be triggered by the spike a. In addition, other spikes are used
to simulate the SUB instructions in the registers. The HALT instruction will be
managed by using an additional spike h.

Now, we will define a scheme to implement every basic instruction of the
register machine as a SNP-MC-CS sub-system.

– Simulation of the instruction li : (ADD(r), lj , lk)
The ADD instruction can be simulated by the system proposed in the figure
3. The simulation works as follows: upon receiving a spike a in neuron li
(which represents the instruction with the same label), one of the two rules
is executed non-deterministically. Observe that in both rules a spike c is sent
to the neuron r through the channel (1). It adds one unit to the contents of
the register r. A spike a is sent to the neurons to lj or lk in order to activate
the following instruction in a non-deterministic manner.

Fig. 3. An SNP-MC-CS system to simulate li : (ADD(r), lj , lk).

– Simulation of the instruction li : (SUB(r), lj , lk)
The SUB instruction can be simulated by following the scheme of the figure
4. Upon receiving a spike a, the neuron li consumes it and it sends a spike d to
the neuron r that represents the register r. In the neuron r, the subtraction
is carried out by the proposed rules. Observe that the first rule is applied
only if the contents of the register is greater than zero, while the second
rule is reserved for the zero case. A spike a is sent to activate the following
instruction lj , or lk.
Now, we must analize the case where at least two SUB instructions operate
over the same register r. In such a case, additional rules and colored spikes are
needed. For example, let us consider that, in the register machine program,
the instructions li : (SUB(r), lj , lk) and lm : (SUB(r), ln, lp) are used. Then,
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Fig. 4. An SNP-MC-CS system to simulate the instruction li : (SUB(r), lj , lk).

we can apply the scheme proposed in the figure 5. In such a case, we use
different spikes to differentiate the two instructions: the spike d is used to
activate the first SUB instruction, while the spike e is used to activate the
other SUB instruction.
The scheme of the figure 5 can be enlarged as many times as necessary to
simulate different SUB instructions applied to the same register.

Fig. 5. An SNP-MC-CS system to simulate two instructions li : (SUB(r), lj , lk) and
lm : (SUB(r), ln, lp).

– Simulation of a HALT instruction
The simulation of a HALT instruction can be carried out by following the
scheme of the figure 6. Upon receiving a spike a, the neuron lh sends a spike
h to the output register r whose contents is the output of the simulated
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register machine. The neuron r receives the activating spike, and it con-
sumes sequentially all the spikes c that are used to represent the value of the
register. For every consumed spike, a copy is sent out to the environment.
Finally, the forgetting rule consumes the remaining spike h and the compu-
tation halts since there is no spike that could activate another instruction.
Observe that the output is obtained in a halting mode

Fig. 6. An SNP-MC-CS system to simulate the HALT instruction.

4 Simulating other computation models by SNP-MC-CS
systems.

Once we have proposed a new SN P system model, and we have shown its
completeness, we will see in this section how the proposed model is able to
simulate other ones that have been proposed in the field of membrane computing.
In this way, the SNP-MC-CS model aims to be a unifying framework for other
alternative models.

In the previous section, we have already seen that the model generalizes to
models with multiple channels (SNP-MC systems), and, also, to models with
multiple types of spikes (SNP-CS systems). Now, we will see how the model
simulates virus machines [5] and neural-like P systems with plasmids [4].

4.1 Virus machines

Virus machines were first introduced in [37], and they have been used to com-
pute recursive functions [31]. They have been proposed to generate, compute or
recognize complex sets [29] and, recently, some characterizations of the number
sets generated by the model have been studied [30].
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In order to propose a simulation for virus machines by SNP-MC-CS systems,
we provide a basic definition about the model as follows.

Definition 6. [5] A virus machine (VM, for short) of degree (p, q), with p, q ≥ 1,
is a tuple Π = (Γ,H, I,DH , DI , GC , n1, . . . , np, i1, hout) where:

1. Γ = {v} is a singleton alphabet;
2. H = {h1, . . . , hp} and I = {i1, . . . , iq} are ordered sets such that v /∈ H ∪ I

and H ∩ I = ∅;
3. DH = (H ∪ {hout} , EH , wH) is a weighted directed graph, where EH ⊆
H × (H ∪ {hout}) , (h, h) /∈ Eh for each h ∈ H, out-degree(hout) = 0, and
wH is a mapping from EH onto N\{0} (the set of positive integer numbers);

4. DI = (I, EI , wI) is a weighted directed graph, where EI ⊆ I × I, wI is a
mapping from EI onto N\{0} and, for each vertex ij ∈ I, the out-degree of
ij is less than or equal to 2;

5. GC = (VC , EC) is an undirected bipartite graph, where VC = I ∪EH , being
{I, EH} the partition associated with it. In addition, for each vertex ij ∈ I,
the degree of ij in GC is less than or equal to 1.

6. nj ∈ N (1 ≤ j ≤ p) and i1 ∈ I
7. hout /∈ I ∪ {v} and hout is denoted by h0 in the case that hout /∈ H.

�

In the figure 7, we can see the structure of a virus machine.

Fig. 7. The structure of a virus machine. In the top side we have an execution layer,
in the bottom side we have a control layer, and both layers are connected by control
executions.

We explain how a virus machine works: The nodes of the upper graph DH

represent the hosts that contain viruses. The transmission and replication of
viruses is done through the connections between these nodes. The weights of
these connections represent how many copies of the virus are transmitted to the
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receiving host (i.e., the weight ws,t means that whenever the host s sends a copy
of the virus to the host t, it replicates ws,t viruses in t). The connections between
the nodes from DH are transmission channels that can be activated depending on
the configuration in the DI graph, which is a graph of instructions. Each node in
the DI graph activates the transmission channel of the DH graph depending on
the connections that are specified in the GC graph. Once an instruction from DI

has been executed, the next instruction to be executed will depend on whether
viruses have been transmitted in the DH graph, and it will also depend on the
out-degree of the last executed instruction. If there is more than one possible
following instruction, provided that weights that connect the instructions are
equal, the next instruction will be chosen non-deterministically. Otherwise, the
next instruction will be selected according to the highest weight (if the viruses
have been transmitted) or the smallest weight (if the viruses have not been
transmitted). If there is no following instruction, then the next instruction will
be interpreted as a halting instruction. The output of the system will be the
number of viruses collected in the output host of the DH graph at the halting
configuration, or in the environment if this had been predefined. For a greater
level of detail on virus machines, we suggest the reader consult [5].

It has been proved that virus machines are a universal model of computation
given that they can simulate the register machines [5].

Now, we provide a result that allows VM simulation by SNP-MC-CS systems.

Theorem 2. For every virus machine there exists an equivalent SNP-MC-CS
system.

Proof. Let Π = (Γ,H, I,DH , DI , GC , n1, . . . , np, i1, hout) be a VM. We can apply
the following steps to obtain an equivalent SNP-MC-CS system:

1. Create a spike v that represents a virus and three auxiliary spikes s, f and
ai.

2. For all hi ∈ H create a neuron hi
3. For all ij ∈ I create a neuron ij
4. For each edge (hs, ht) ∈ EH associated with an instruction ik:

(a) Create a channel chs,ht
that represents the communication channel be-

tween hosts hs and ht.
(b) Create a channel cik that represents the control relationship between

(hs, ht) and the instruction ik.
(c) Add a synapse from neuron hs to neuron ht within a channel chs,ht

.
(d) Add a synapse from neuron hs to neuron ik within channel cik , and

another one in the opposite direction.
(e) Create a spike ahs,ht that represents the activation signal for the channel

chs,ht
.

(f) Add to the neuron hs the firing rules of the form:

ahs,ht
v+/vahs,ht

→ vwhs,ht (chs,ht
)s(cik)
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This rule means that if an activation signal is received and there are
viruses in the host, it consumes a virus and the activation signal, and it
sends whs,ht virus spikes to neuron ht and a spike s to the instruction
that triggered the transmission channel.

ahs,ht/ahs,ht → f(cik)

This rule means that if an activation spike is received and there are no
viruses in the host, it consumes the activation signal spike and it sends
a spike f to the instruction that triggered the transmission channel.

5. For each instruction ik:

(a) If the output degree of ik is equal to 2 then there are two different
instructions ik1and ik2 such that (ik, ik1) ∈ EI and (ik, ik2) ∈ EI .
If the instruction ik is connected to a channel (hs, ht):

– Create a rule ai/ai → ahs,ht
(cik), which upon receiving an activation

spike instruction ai, consumes it and sends an activation spike to the
channel.

– Create two channels cik,ik1
and cik,ik2

– If wI(ik1) = wI(ik2) then create the following firing rules:

s/s→ ai(cik,ik1
)

f/f → ai(cik,ik1
)

s/s→ ai
(
cik,ik2

)
f/f → ai(cik,ik2

)

According to the previous rules, the following instruction is non-deterministically
selected.
Otherwise, we take

imax = argmaxi∈{ik1
,ik2
}wI((ik, i))

imin = argmini∈{ik1
,ik2
}wI((ik, i)).

The following two firing rules are created:

s/s→ ai(cik,imax)

f/f → ai(cik,imin
)

So, if there was a virus in the host, the next instruction is selected
according to the maximal weight channel and, otherwise, it is selected
according to the minimal weight channel.
If the instruction ik is not connected to any channel:

– Create two channels cik,ik1
and cik,ik2
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– Create the following firing rules:

ai/ai → ai(cik,ik1
)

ai/ai → ai(cik,ik2
)

So, the next instruction is non-deterministically selected.
(b) If the output degree of ik equals to one, and (ik, ik′) ∈ EI , a rule of the

form ai/ai → ai(cik,ik′ ) is created.
(c) If the output degree of ik is equal to 0, a forgetting rule ai → λ is created.

In the proposed construction, the structure of the graphs in the virus machine
is virtually simulated through the different communication channels. Further-
more, the dynamics of virus transmission, the activation of control instructions,
and the opening of transmission channels based on those instructions are mod-
eled by the different firing rules that we have defined.

We can formally prove that the complete simulation of a virus machine com-
putation can be carried out on the SNP-MC-CS system.

�

Fig. 8. A virus machine (left) and its equivalent SNP-MC-CS system (right).

Example 1. In the figure 8, we can see a very simple virus machine with two host
nodes, and three instruction nodes. In the same figure, we can see the equivalent
SNP-MC-CS. The rules in every neuron are the following:

– Neuron h1
• ah1,h2V

+/v ah1,h2 → v2(ch1,h2), s(ci1)
• ah1,h2

→ f(ci1)
– Neuron i1
• ai → ah1,h2

(ci1)
• s→ ai(ci1,i2)
• f → ai(ci1,i3)
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4.2 Neural-like P systems with plasmids

Neural-like P systems with plasmids were proposed in [4] inspired by the bacterial
conjugation of genetic plasmids. In that work, the plasmids are objects of the
system. This is a different approach to the recently computing by plasmids model
[33], where the plasmids are finite sets of rules that can be moved in the region
space of a P system. The use of multiple channels within neural-like P systems
with plasmids has also been proposed [13].

In this section, we propose a simulation of neural-like P systems with plasmids
by SNP-MC-CS systems. First we provide a basic definition of the model as
follows.

Definition 7.[4] A neural-like P systems with plasmids (NP P system, for short)
of degree m ≥ 1, is a construct of the form Π = (O, b1, . . . , bm, link, in, out)
where:

1. O = {p1, . . . , pw} is an alphabet of plasmids
2. b1, . . . , bm are bacteria of the form bi = (Ni, Ri) for 1 ≤ i ≤ m where
Ni = 〈n1, n2, . . . , nw〉 is a vector and nj ≥ 0 is the initial number of plasmids
pj inside bacterium bi for 1 ≤ j ≤ w; and Ri is a finite non-empty set of
plasmid rules of the form C/r1, r2, . . . , rn where condition C is a multiset
over O, and, each rk for 1 ≤ k ≤ n is either one of two forms:

(a) A transmit operation: P → out, where P is a submultiset of C;
(b) A kill operation: P → λ, where P is a submultiset of C;

3. link ⊂ {1, 2, . . . ,m} × {1, 2, . . . ,m} with (i, i) /∈ link for 1 ≤ i ≤ m (the
links between bacteria);

4. in, out indicates the input and output bacterium of the system, respectively.
They can be omitted, depending on whether the system is generating outputs
or accepting inputs.

�

We explain how a NP P system works. At every time, the system executes
a rule in each bacterium (whenever possible), this rule will be chosen in a non-
deterministic way among the applicable rules. A rule C/r1, r2, . . . , rn in bacteria
bi is applicable if at least each plasmid in C is in bi. When a rule is executed, all
its operations are executed sequentially starting from r1 up to rn. The transmit
operations (P → out ) send a copy of every plasmid in P to every linked bac-
terium bj , that is (i, j) ∈ link. On the other hand, the kill operations (P → λ)
remove all the plasmids defined in P . Observe that the transmit operations do
not remove any plasmid in the bacteria. The computation halts whenever no
bacteria can apply a rule.

It has been proved that NP P systems are a universal model of computation
given that they can simulate the register machines [4].

The NP P systems with multiple channels (NPMC P systems) [13] have
been proved to be universal, and they can achieve universality by using less
computational resources than NP P systems (the number of plasmids and rules
decreases).
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In the following, we will prove the equivalence between NP P systems and
SNP-MC-CS systems. The proof can be easily adapted to NPMC P systems.

Theorem 3. For every NP P system there exists an equivalent SNP-MC-CS
system.

Proof. Let Π = (O, b1, . . . , bm, link, in, out) be an NP P system. We can apply
the following steps to obtain an equivalent SNP-MC-CS system:

1. Create three spikes ap, sp and hp.
2. Create three channels ch, cp and cc.
3. Create the neuron nhalt with the rules hmp → hp(ch) and hp → λ.
4. For each pi ∈ O define a spike pi.
5. For each bacterium bi = (Ni, Ri) (1 ≤ i ≤ m):

(a) Create three neurons: bi, cbi and gbi . Initially, every neuron has a spike
ap. The neuron cbi also has a spike sp.

(b) Add the synapses (bi, cbi), (cbi , bi), (cbi , gbi) and (gbi , cbi) connected by
the channel cc.

(c) Add the synapse (cbi , nhalt) connected by the channel ch.
(d) For all nj ∈ Ni add nj spikes of type pj to the neuron bi.
(e) Add the rule ap → ap(cc) to the neuron gbi .
(f) Add the rules apsp → ap(cc), and ap → ap(cc)hp(ch) to the neuron cbi .
(g) For every rule of the form C/r1, r2, . . . , rn ∈ Ri define a rule such that:

i. The regular expression is defined as c1c2 . . . cnp
∗
1p
∗
2 . . . p

∗
w where c1c2 . . . cn

is the multiset C.
ii. The spikes that consume the rule is the sum of all the multisets of

plasmids consumed by the kill operations plus the spike ap.
iii. The right-hand side of the rule is defined by the multiset result-

ing from adding all the multisets of the transmit operations by the
channel cp, and the spike sp by the channel cc.

(h) Add the rule ap → λ to the neuron bi.

6. For each (i, j) ∈ link add a synapse (bi, bj) connected by the channel cp.
7. The input neuron is defined by in.
8. Given the output bacteria out, add the synapses (nhalt, bout) and (bout, out)

connected by the channel ch.
9. Add to the neuron out the rules hpp

∗
1p
∗
2 . . . p

∗
w/pi → pi(ch) for all 1 ≤ i ≤ w

and hp → λ

The system works as follows: As only one rule can be applied to each bac-
terium at a time, there is a single spike ap in the neuron representing the bac-
terium, and all the rules consume it; therefore, once one rule is applied, the
others can no longer be applied.

To maintain a constant number of ap spikes per bacterium, each bacterium
has a control neuron cbi and a generation neuron gbi which, at each execution
step, send a spike ap to the bacterium bi. To prevent ap spikes from accumulating
in the bacterium if it does not execute a rule, a forgetting rule ap → λ is added.
However, this presents a new problem: when the NP P system reaches a halting
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state (no bacterium is applying any rules), the system as a whole will not reach
a halting state, because the generators continue to apply rules.

To solve this, we have the spikes sp, hp and the neuron nhalt. All control
neurons are connected to the neuron nhalt; when a rule is applied to a bacterium,
a spike sp is sent to its control neuron. Therefore, if that neuron does not receive
a spike sp at a specific point in time, this means that its bacterium has not
applied any rules, so it sends a spike hp to the neuron nhalt.

If, at a given moment, the neuron nhalt receives a number of hp spikes smaller
than the number of bacteria in the system, this means that not all of them have
stopped, so it applies a forgetting rule and everything continues to function
normally. However, if, on the other hand, the number of spikes hp received is
equal to the number of bacteria in the system, this means that all of them have
stopped; consequently, it sends a spike hp to all the control neurons, which blocks
them and causes them to stop generating spikes, thereby reaching the halting
state.

We can formally prove that the complete simulation of a NP P system with
plasmids computation can be carried out by the SNP-MC-CS system.

�

Fig. 9. A neural-like P system with plasmids (left) and its equivalent SNP-MC-CS
system (right).

Example 2. In the figure 9, we can see a very simple neural-like P system with
three bacteria. In the same figure, we can see the equivalent SNP-MC-CS.

The rules in the bacteria b1 are the following:

– p1p2/p2 → out, p1 → λ
– p1p3/p3 → out, p1 → λ

The rules in the main neurons of the SNP-MC-CS system are the followings:

– Neuron cb1 with the spikes apsp
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• apsp → ap(cc)

• ap → ap(cc), hp(ch)

– Neuron gb1 with the spike ap

• ap → ap(cc)

– Neuron b1 with the spike ap

• p1p2p∗1p∗2p∗3/p1ap → p2(cp), sp(cc)

• p1p3p∗1p∗2p∗3/p1ap → p3(cp), sp(cc)

• ap → λ

– Neuron nhalt

• h3p → hp(ch)

• hp → λ

5 Conclusions

In this work we have presented a new model that combines two previously pro-
posed features of Spiking Neural P systems: the use of multiple channels in the
rules and in the network topology, and the use of a multi-spike alphabet. Ini-
tially, we demonstrated the completeness of the new model through simulations
of register machines. This is not a novel aspect, since each variant used sepa-
rately already exhibited this universality property. However, in our proposal, we
present new simulations that incorporate both characteristics of the model.

Subsequently, we have demonstrated that the proposed model is capable of
directly simulating other computational models of interest in the field of mem-
brane computing: virus machines and neural-like P systems with plasmids. In
both cases, we have proposed a direct construction of the model from the defi-
nitions of VM and NP P systems.

In section 3.1, we have provided different schemes for simulating register ma-
chine programs. However, the simulation is fundamentally sequential. In future
works, we will explore the ability of this model to simulate other intrinsically
parallel models, such as parallel random access machines (PRAM) [7].

Furthermore, as we mentioned in the introduction to this work, our proposal
can be formulated as a general-purpose computing environment in which dif-
ferent neural networks must coexist, cooperate and influence one another, and
in which neurons can specialise in different types of information. This general
framework will be explored in future works.
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neural P systems with structural plasticity. Neural Computing and Applications 26
pp 1905–1917.

4. F.G.C. Cabarle, X. Zeng, N. Murphy, T. Song, A. Rodŕıguez-Patón, X. Liu. (2021)
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22. P. Paul, P. Sośık (2024) Solving the SAT problem using spiking neural P systems
with coloured spikes and division rules Journal of Membrane Computing Vol. 6,
Issue 3, pp 222-233.
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25. Gh. Păun, Gr., Rozenberg, A. Salomaa, A. (eds.) (2010) The Oxford Handbook of

Membrane Computing. Oxford University Press, NY
26. H. Peng, J. Wang (2024) Advanced Spiking Neural P Systems. Models and Appli-

cations. Springer.
27. H. Peng, J. Yang, J. Wang, T. Wang, Z. Sun, X. Song, X. Lou. (2017) Spiking

neural P systems with multiple channels. Neural Networks, Vol. 95, pp 66-71.
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