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Several variants of spiking neural P systems (SNPS) have been presented in the literature to perform arith-
metic operations. However, each of these variants was designed only for one specific arithmetic operation.

In this paper, a complete arithmetic calculator implemented by spiking neural P systems is proposed. An

application of the proposed calculator to information fusion is also proposed. The information fusion is
implemented by integrating the following three elements: 1) an addition and subtraction SNPS already
reported in the literature; 2) a modified multiplication and division SNPS; 3) a novel storage SNPS, i.e.,
a method based on spiking neural P systems is introduced to calculate basic probability assignment of
an event. This is the first attempt to apply arithmetic operation SNPS to fuse multiple information. The
effectiveness of the presented general arithmetic SNPS calculator is verified by means several examples.

Keywords: Membrane computing; spiking neural P system; arithmetic calculator; information fusion.

1. Introduction

Membrane computing?* is a research field in com-
puter science that aims at abstracting computing
models from the structure and functioning of liv-
ing cells'. These computing models are usually re-
ferred to as membrane systems or P systems 6% 45,
They can be categorised into three classes:

44; 67; 40; 38; 58.
7
17; 66; 70.
7

o cell-like P systems
o tissue-like P systems

e neural-like P systems %"

Spiking neural networks (SNNs) can efficiently
mimic biological neural networks. These networks
are also called as third generation neural networks
9; 18; 26; 55; 68; 20; 7; 6; 22; 21; 4 and massively parallel
algorithms can be developed using these models
% 153 The neural-like P systems are well-known
as spiking neural P systems which are inspired from
the structure and functioning of biological neurons.

39; 42; 52; 65; 50; 57; 29
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Moreover the concepts of SNNs are incorporated
into these models. Many variants of spiking neural
P systems have been introduced and computational
power 11; 60; 13; 35; 42; 53, applications 50; 57; 64; 65; 37
of these models have been investigated.

Arithmetic is a branch of mathematics dealing
with natural numbers and relations among them.
A popular field of application of P systems is the
modelling of arithmetic operations with natural
numbers, i.e. addition, subtraction, multiplication
and division3% 56: 19 3% 15 Moreover, a new type of
ALU(arithmetic logic unit) can be constructed using
spiking neural P systems which further can be used
for designing of CPU (central processing unit). Fur-
thermore, constructing a complexity-effective ALU
unit is an interesting area of research. This work is
an attempt towards that direction. Another motiva-
tion of this paper is to provide a framework combin-
ing a relatively new variant of spiking neural net-
work, i.e., spiking neural P systems and Dempster-
Shafer (D-S) evidence theory which can be further
used to solve real-world problems. Spiking neural
P systems have been very efficient to solve many
real-world problems such as fault diagnosis, im-
age processing, computational biology etc. Many
authors in 3% & 16: 61 have investigated new frame-
works by combining different variants of neural net-
works and D-S evidence theory to solve real-world
problems. The information obtained from any sin-
gle source can be doubtful. Hence information fu-
sion can reduce inaccuracy and uncertainty in the
information received from neural networks. In this
work, a novel framework combining the SN P sys-
tems and D-S evidence theory is proposed to ex-
pand the scope of application of the bio-computing
models, specifically membrane computing models.

The arithmetic operation models can be di-
vided into two categories:

e arithmetic operation models based on cell-
like P systems 6% 24: 25;

e arithmetic operation models based on spik-
ing neural P systems 03; 69 32; 463 31; 36; 12,

The focus of this paper is on the arithmetic oper-
ation models based on spiking neural P systems
(SNPS). An SNPS is a class of neural-like P sys-
tems which is inspired by the neurophysiological
behavior of neurons sending short electrical im-
pulses (spikes), identical in shape, along axons from
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presynaptic neurons to postsynaptic neurons in a
distributed and parallel manner 2. SNPS can be
viewed as computational model embedding ele-
ments of a spiking neural network?3 28 48: 54,

The basic arithmetic operations models based
on SNPS include two encoding methods. The first
method represents the number as the interval of
elapsed time between two spikes 5% 6% 32, The sec-
ond method uses a spike sequence (spike train %)
to encode the number. Numbers are represented
in binary and at each step, zero or one spike will
be supplied to an input neuron, depending upon
whether the corresponding bit of the binary number
is 0 or 1 3% 361 11 The arithmetic operation models
used in this paper are based on the second encod-
ing method.

In Ref.3%, the operation models based on SNPS
were designed for the addition of N arbitrary natu-
ral numbers, the subtraction of two arbitrary natu-
ral numbers, and the multiplication of an arbitrary
natural number by a fixed arbitrary natural num-
ber, respectively. In Ref.?S, an open problem was
also suggested, that is, how to design an SNPS to
solve the multiplication of any two arbitrary natu-
ral numbers. In Ref.%%, SNPS were designed to solve
the multiplication operation of two natural num-
bers with specified length. But in Ref.%%, there is
only one input neuron, while in Ref.*® there are
multiple input neurons. In Ref.%® and 32, an adder,
subtracter, multiplier and divider based on SNPS
were designed, respectively. But the operation mod-
els based on SNPS in Ref. 3 and 32 encode the in-
terval of elapsed time between two spikes, but the
models in Ref.36 use binary codes, that is, the bi-
nary code “1” represents one spike and the binary
code “0” represents no spike. In Ref.*6, SNPS were
used to solve the operations of addition and mul-
tiplication, but the multiplication could not output
correct results for some numbers. An SNPS for solv-
ing the division operation of two signed integer was
presented in Ref.!2, but it could not output correct
results for some numbers.

Several variants of SNPS have been discussed
in the literature to perform arithmetic operations.
However, each of these variants was designed only
for a specific arithmetic operation. In the previous
studies, no integration of several arithmetic opera-
tions based on SNPS have ever been used to per-
form a complex computation. Also many SNP sim-



A Complete Arithmetic Calculator for Information Fusion Implemented by Spiking Neural P Systems 3

ulators have been introduced 1% 34. Unlike the pre-
vious studies, this paper makes the first attempt to
implement information fusion by integrating sev-
eral arithmetic operations based on SNPS, including
addition and subtraction SNPS reported in Ref.?!,
a modified version of the multiplication and divi-
sion SNPS proposed in Ref.%% 3111 and a novel
SNPS, referred to as storage SNPS. The five types
of operations designed by SNPS cooperate to fulfill
the computation of D-S evidence information fusion
14; 51 - Also, the construction of SNPS simulator and
the information fusion implementation discussed in
this paper can be performed with less number of
neurons because we considered a new variant of
extended spiking neural P systems for performing
the arithmetic operations. Extended spiking neural
P systems are computationally universal and hence
the model considered in this paper is also compu-
tationally universal. One major advantage of con-
sidering this model is that it can perform the arith-
metic operations with less number of neurons, i.e., it
is a good model from the descriptional complexity
point of view.

The remainder of this paper is organized as fol-
lows. Section 2 briefly introduces spiking neural P
systems and the notation used throughout this ar-
ticle. Section 3 presents four arithmetic units (addi-
tion, subtraction, multiplication and division units),
storage unit and their simulator. In section 4, the in-
formation fusion SNPS is proposed to achieve two
instances of D-S evidence information fusion. Fi-
nally, conclusions are drawn in Section 5.

2. Spiking neural P systems

Definition 1. A spiking neural P system of degree
m > 1is a computational model identified by the
tuple?7: 13;

II=(0,01,....,0m, syn, in, out)
where

(1) O = {a}is a singleton alphabet where « is called
spike;
(2) o1,...0., are neurons, where o; = (n;, R;),1 <
i < m, being
(a) n; is the initial number of spikes contained in o;;

(b) R; is the set of rules associated with o; of the
following two types:
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(i) spikingrule: E/a® — a;d

where E is a regular expression over O, and
¢ > 1,d > 0. The spiking rule is applicable if
a neuron o; contains k spikes, with k& > ¢ and
a® € L(E). This rule removes c spikes after a de-
lay of d steps and after a spike is sent to the neu-
rons connected with the neuron where the rule
is applied. If d = 0, then one spike is sent to
the connected neurons immediately after appli-
cation of the rule. Furthermore, if L(E) = {a°}
then the rule can be simply written as a® — a;d.
It is important to note that if d > 1 and the rule
is applied at any time ¢, then during the period
t,t+ 1,t+2,...,t + d — 1 the neuron becomes
closed, i.e., no spike can arrive and no spike can
leave the neuron during this period. However,
the neuron becomes open again at the step ¢ + d.

(ii) forgetting rule: a® — A
with A the empty string and s an integer > 1.
The forgetting rule works with the following re-
striction, i.e., a® ¢ L(E) that for any spiking rule
E/a® — a;d of type (i) from R;. Moreover this
rule is applicable in a neuron o; when it con-
tains s spikes and after application s spikes are
removed from the system.
A generalization of spiking neural P systems is
known as extended spiking neural P systems
where the rules are of the form E/a® — aP;d,
¢ > 1,p > 1and p < c. The above mentioned
spiking rules are special cases of extended spik-
ing neural P systems with p = 1.

B) syn C {o1,09,...,0m} X {01,02,...,0,} with

(0i,04) ¢ syn, 1 < i < m represents the synap-

tic connection between the neurons. In fact, syn is

a directed graph of synapses between the linked

neurons;

in,out C {01, 09,...,0,} indicate the input neu-

ron set and the output neuron set of II, respec-

tively.

)

Note: Forgetting rules used in this paper are of
the form o™ /a™ — X where m > n,a™ ¢ L(E) for
any spiking rule of the form E/a® — aP. Further-
more, after application of this rule n spikes are con-
sumed and (m — n) spikes will remain inside the
neuron.
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3. Arithmetic operation units

In this section, a natural number is coded in bi-
nary and a series of spikes is used to represent the
coded number. For the input and output neurons,
one spike represents the binary bit “1” and no spike
represents the binary bit “0”. The following subsec-
tions outline the four arithmetic operation units (ad-
dition, subtraction, multiplication and division) as
well as the storage unit and their simulator.

3.1. Add unit

The Add unit initially introduced in Ref.3! and used
in this paper, performs the addition operation of
two arbitrary natural numbers (each natural num-
ber is represented by a binary string). The Add unit
is identified with the following SNPS:

HAdd = (07 01,02,03,SYyn, Z.’I'L, OUt)
where
= {a}
=(0,R),Ri={a—a},i=12
= (0,R3), R3 = {a — a,a®/a — \,a3/a — a};
syn = {(01,03), (02,03)};

27 (5) in = {iny,in}, being inq = 01, ing = oy;
28 (6) out = {o3}.
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_/0.2
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I;
Output
L ADD
(b)
Fig.1. Add unit.

The add functioning can be described in the fol-
lowing way. When two binary strings with m and
n bits are given as input to the input neurons from
low to high bits at step ¢, respectively, the neuron
o3 starts to output the sum of binary strings from

246

247

248

249

250

251

252

253
254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

2

[+

9

270

271

272

273

274

275

276

277

278

279

280

low to high bits at step ¢+3. Fig. 1(a) and Fig. 1(b)
show the detailed and simplified structures of the
Add unit, respectively.

In order to illustrate how the Add unit works,
we take (1110)2 + (101)3 = (10011); as an example.
Table 1 shows the changes of the numbers of spikes
for neurons o1, 02, 03, respectively, and the output.

Table 1. Changes of the numbers of spikes in Add
unit
No. of steps o1 o2 o3 output
0 0 0 0 -
1 0 1 0 -
2 1 0 1 -
3 1 1 1 1
4 1 0 2 1
5 0 0 2 0
6 0 0 1 0
7 0 0 0 1

3.2. Sub unit

The Sub unit used in this paper was introduced in
Ref.3!. The Sub unit can perform the subtraction
operations of two arbitrary natural numbers repre-
sented by binary strings under the condition that
the minuend must be greater than subtrahend. The
SNPS of the Sub unit

Mgu = (0,01,...,010, SYn,in, out), where

(1) O ={a};

(2) 0, =(0,R;),Ri ={a—a},1<i<9,i# 303 =
(a,R3),R3 = {a — a};

(3) 10 = (0, R10), R1io = {a — \,a*/a — a,a®/a® —
A a* = a,a® — N a%/a® — a};

(4) syn ={(01,04),(01,05), (01, 06), (02,07), (03, 0%),
(03,09), (08,09), (09,03), (04,010), (05, 010),
(06,010), (07, 010), (08, 010) };

() in = {in1,inz}, being iny = o1, ing = o9;

(6) out = {o10}.

When two binary strings with m and n bits are en-
tered into the input neurons from lower to higher
bits at step ¢, respectively, the neuron oy will start to
output the subtraction of binary strings from lower
to higher bits at step ¢+4. Fig. 2(a) and Fig. 2(b) show
the detailed (10 neurons) and simplified Sub unit
models, respectively.
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a— A
dla—a Output
dlid— A [
a —a
a— A
d’la’—a

(]

Output

L SUB

(b)

Fig.2. Sub unit.

In order to illustrate the functioning of the Sub
unit, the operation (1110); — (101), = (1001), is
taken as an example. Table 2 shows the changes of
the numbers of spikes for Sub unit neurons and the
output of neuron og.

Table 2. Changes of the numbers of spikes in Sub unit

No. ofsteps o1 02 03 04 O35 0O O7 0O 09 o109 output
0 0 0 1 0 0 0 0 0 0 0 -
1 0 1 0 0 0 0 0 1 1 0 -
2 1 0 0 0 0 0 1 1 1 1 -
3 1 1 0 1 1 1 0 1 1 2 0
4 1 0 0 1 1 1 1 1 1 5 1
5 0 0 0 1 1 1 0 1 1 5 0
6 0 0 0 0 0 0 0 1 1 4 0
7 0 0 0 0 0 0 0 1 1 1 1
3.3. Mul unit

The Mul unit used in this paper is a modified
version of the unit presented in Ref.*®. The mod-
ified Mul unit is as shown in Fig. 3 and Fig. 4,
in its detailed and simplified schemes, respectively.
The novel/modified rules are highlighted in Fig. 3
within a dashed frame.

This version extends to any pair of arbitrary
natural numbers the applicability of the Mul unit.
In order to understand the functioning of this unit,
let us consider two natural numbers X and Y ex-
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299

pressed as binary strings

. >xm71)
aynfl)

(xo, 21, ..
(y07y17 o

and they can be represented as sum of m and n
terms in the following manner

m—1 n—1
X=) 2 Y=Y y2.

=0 §=0

The multiplication number Z is
m—1 m—1

Z=X-Y =Y g2+ Y ya2 4.4

i=0 =0

m—1 m—1

+ Z Yn—2w; 2T 4 Z Yn—12;24" 1
i=0 i=0

Hence, the multiplication of Z = X - Y can be ful-
filled by performing n addition operations.
The jth addition operation

m—1

Z Y2t

=0

expresses the product of X and y,;27. If y; = 1, the
computing result of the expression is X - 27, which
means j bits of X are moved left. If y; = 0, the com-
puting result of the expression is 0. Hence we can
conclude that X.Y can be represented as sum of X
copies of number of 1’s in the binary representation
of Y. As shown in Fig. 3, the neurons, 0410, 0411 and
041 can obtain the first addition operation

m—1
> yowi2 0
=0

Similarly, the kth addition operation

m—1
E Ypw; 20T
=0

can be achieved by neurons o0, 0ak1, - - - s Takks Odk-
In Fig. 3, Part 1 with the dashed frame obtains the
input X for n addition operations and Part 2 with
the dashed frame achieves y; input for n addition
operations. The neuron o3 gains the sum of n addi-
tions.

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330



331

332

333

334

335

336

337

338

339

340

341

342

343

344

6 Gexiang Zhang et al.

Fig. 3.

I

Output
L MUL

Fig. 4. Simplified version of Mul unit.

The proposed Mul unit shown in Fig. 3 is gen-
eral and needs to be adjusted according to the
number of binary bits representing different natu-
ral numbers. In our example, the Mul unit is used to
calculate Z = X - Y, where X is the binary string
with m bits and Y is the binary sequence with n
bits. Without a loss of generality, let us assume that
n < m. First of all, we should adjust the Mul unit
according to the general unit which is shown in
Fig. 3. To simplify the Mul unit, the Y which has
the smaller number of binary bits should be used
as the multiplier input2through neuron o». Hence,
the Mul unit includes “—22+2 neurons because the

ala”— A,
i=2k,

Where, .

' Qutput

1<ksfn/2) |28

d/a’ " —q,
J=2k1,
Where,
1<k<[n/2]

q
P

—
G3-

o

Mul unit.
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neurons in Part 1 are associated with position of 1’s
in X. Secondly, X and Y with binary strings from
lower to higher bits are inputted into neurons o;
and o, at step ¢, respectively. Finally, o3 starts to out-
put the product through binary sequence from low
to high bits at step ¢+6.

From the above explanation we know that in
the Mul unit the string with bigger length is con-
sidered as the multiplicand and the other string is
considered as multiplier. In Part 2, if any input is
1,ie,y; = lforany 0 < j < (n — 1), then in
the next step the neurons o, 0c2, ..
two spikes. Subsequently, one spike is sent to the
neurons 0e11,0¢e21,---50enl and Tei2, Uei3(1 < ) <
n). In the next step o;2(1 < i < n) spikes and
one spike is sent to o4j(1 < j < n). Neuron o4
stores the value of the summation Y7 " yoz,; 20
Similarly, 042 stores the value of the summation
Sy 27t Finally the n-th neuron stores the
value "7 0y 20t

In Part 3, the output of the multiplication of any
two binary numbers X and Y is computed, i.e., sum

.,0cn Teceive
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of the binary numbers stored in 041,042, ..., 0an is
calculated. If i = 2k where 1 < k < [§] then the
forgetting rule a’/az — X is applied. After applica-
tion of this rule £ number of spikes are consumed
and § number of spikes remains inside the neuron
o3 (This rule helps us to identify with sum of two
1’s). »

Similarly, the rule o’ /a’= — a where j = 2k—1
is an odd number and 1 < k < [§] helps us to relate
with the sum of 1 and 0.

To clearly illustrate the operation process of the
Mul unit, (1110101)5 x (11101), = (110101000001),
is taken as an example. Table 3 shows the changes
of the numbers of spikes for the key neurons in Mul
unit and the output of neuron o3.

The total number of neurons in the Mul unit
can be derived in the following manner.

Example 1.

Total number of neurons in Part 1 is 1 +
2+3+ ... +n+(n+1) o) (nt2) o
tal number of neurons in Part 2 is 1[o2] + (n +
D)[6b0, .- 0bn] +1[0ct, -y Ten] + 0011y« - Tent] +
2%[{0’61270813}, ceey {Ueng,aeng}] = 5n + 2. Total
number of neurons outside Part 1 and Part 2 is
nlodi, - .., 04n] + 1[os] . So total number of neurons

in Mul unit is W"'&H‘?‘Hﬂ‘l - M_

Table 3. Changes of the numbers of spikes in Mul unit

No. ofstep501 020a110a220a330a440a550d10d20d3 044045 03o0utput

2

0 00 0 0 O 0 o 0 0 o o0 0 o0 -
1 11 0 0 0 0 o o0 0 o0 0 00 -
2 o0 0 0 O 0 o 0o 0 0 0 00 -
3 11 1 0 0 0 o 0o 0 0 0 0 o0 -
4 01 0 1 0 0 0o 2 0 0 0 0 o0 -
5 11 1 0 1 0 o 1 1 0 O O 1 -
6 10 0 1 0 1 0o 2 0 2 0 00 1
7 10 1 0 1 0 11 1 1 2 02 0
8 00 1 1 0 1 o0 2 0 2 1 2 2 o0
9 00 1 1 1 0 1 2 1 1 2 1 4 0
10 00 O 1 1 1 0 2 1 2 1 2 4 0
11 00 0 O 1 1 1 0 1 2 2 15 0
12 00 0 0 0 1 1 0 0 2 2 2 4 1
13 00 0 0 0 0 1 0 0 0 2 25 0
14 00 0 0 0 0 0 0 0 0 0 2 4 1
15 00 0 0 O 0 o 0 0o 0 0 0 3 o
16 00 0 0 O 0 0 0 0 0 0 01 1
17 00 0 0 0 0 0 0 0 00 00 1

3.4. Div unit

The Div unit used in this paper is a modified ver-
sion of the unit proposed in Ref.'?. The Div unit in
Ref.'? has two drawbacks. Firstly, the correct quo-
tient of any two signed non-zero integers cannot be
obtained. Secondly, the output is usually not clear
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because the Div unit returns multiple outputs at dif-
ferent steps. Due to this second drawback, it is nec-
essary to identify the correct quotient from the mul-
tiple sets according to the marked spike of neuron
os. With reference to the notation used for the Add
unit, the simplified scheme of the Div unit high-
lighting the multiple outputs is shown in Fig. 5. In
this case, the lengths of the two binary strings of
both dividend and quotient is the same (m = n).

XT ,Vlnf/ XMI Tz XI fn

DIV

m=n

out, ; out,.» outy

control

Fig.5. Simplified version of Div unit.

The modified Div unit is shown in Fig. 6. The
modified section is highlighted within the dotted
frame where the correct quotient ranks at the top of
the outputted sets. In other words, when the output
neurons have spiking rules to apply, the first output
is the quotient. Thus, the modified version avoids
the identification process of several outputs.

Table 4. Changes of the numbers of spikes in Div unit

No. of Stepsoa00410a20a30510p00p1 Op2Tp3 Tpa 080Uty outs outs outs

0

=
ONOOONODOONOOONOONNOOO
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FNNWOOODODODDODDODODODDODODODO O OO
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OO OR OO0 ODODODOODODODOO OO
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The scheme in Fig. 6 refers to a general model
with 9n + 25 neurons for calculating the quotient
of two numbers z and y, namely z/y, with n bits,
where z = (z,,—1,...,20) and y = (yp—_1,...,y0) are
signed nonzero binary integers. The values z,_1,

., o and Yn_1,...,yo are the inputs of neurons
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Yn-2 Xp-2) eoe
Oxn-1 O-yn-Z a—a, a—a, Oxn-2
Xy}

T S !
) —a, —a, \Ox Oy —a, —a, \Ox
B 650 Gl R Gl et

R={a—a; n-1}

Ooutl)

out

Fig. 6.

Opn—1, - Ogo and oyp_1, ..., 040, respectively. The
result of the computation is collected through neu-
TONS Oout0, - - - Toutn—1 from lower to higher bits.
Note that z,,—1,y,—1 and z,_; are sign bits. More-
over, non-restoring division algorithm has been per-
formed to calculate the quotient in the framework
of SN P systems. This algorithm has advantages in
hardware implementation.

Non-restoring division algorithm contains
three registers @), M and A where initially () = div-
idend = z, M = divisor, A = 0. In the next step, the
sign bit of the register A is checked. If it is 1, AQ) is
shifted left and A is updated as A + M and simi-
larly if it is 0, A is updated as A — M. This task is
performed by the neurons z;(0 <i <n—1),y;(0 <
j<n—-1),040<i<n-1),0,0<i<n-1,
0ai,0 <i<n-1,0.

an—1s 00,01, 02,03, 0p, 03 and
Op4.-

The neurons 0,,(0 < i < n —1)and 7,,(0 <
j < n — 1) are the input neurons. The delays d = 2
and d = 1 are associated with these neurons respec-

tively. After receiving the inputs, these neurons can-

Div unit.
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455

456

457

458

459

460

461

462

463

464

465

466

467

not fire immediately. However, in the next step the
control is activated and it further activates the neu-
ron o, in the next step. Subsequently, o, sends one
spike to the neurons o.;(0 < ¢ < n—1) and o3. At the
same time the rules present in the neurons o, send
one spike to the neurons o.;,0 < i < n — 1. In the
next step, the neurons 0,;,1 < i < n — 1 receive the
spikes from o.; and o, for 1 < i < n — 1. Further-
more, 04 receives spikes from o, 05, and 3. This
process is further continued by sending spikes from
the neuron 049 to 041, 041 to 042, and eventually the
neuron o,,—_2 sends one spike to a;n_l and o451
where these two neurons send spike to each other
using the rule « — a and a® — . Note that the neu-
rons oy, 01 and o are introduced to adjust the delay
d =1 and d = 2 of the neurons y;(0 < j < n — 2)
and z;(0 < i < n — 2) respectively.

In the next step of non-restoring algorithm, the
sign bit of the register A is again checked. If the
bit is 1, then Q0] is 0, otherwise it is 1. Next, N is
decremented by 1, where |Q| = number of bits in
Q = N.If N # 0, then the previous steps are re-
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peated. Otherwise, if the sign beat of A is 1, it is up-
dated by A + M. This task is performed by the neu-
rons  0¢,0¢1,0t2,05,051,052,05t,06,07,08,0b5,0b6
and 0p;,0 <i <n—1

After receiving the inputs in 0, , and o, ,,
one spike is sent to 0, and o, _, sends one spike to
o¢. In the next step, o, spikes according to the rules
present inside it. If it contains 1 or 3 spikes then it
sends one spike to o.;,0 < j < (n—1) and the above
mentioned process is continued.

When the neuron o, receives one spike from
Oz, _., the rule a — a with delay 1 is applied. At
t = 3, it sends spikes to o1 and o42. Next, the neuron
o1 sends one spike to 0. At the same time O 1
sends one spike to 0. Also the supply of spikes to
the neuron o is continued by the neurons o4; and
oty and allmfl and o,,—1 by sending one spike to
each other.

Note that the inputs received in the neurons are
initially processed in 0, (0 < j <n—1)and O 1
Again the processed input is sent to the neuron o,
which further sends it to o, 0p,, - . ., 0p, _, and fur-
ther processed using the rules present in the system.

Finally, in the non-restoring algorithm the reg-
ister () contains the quotient. In the framework of
SN P systems, the neurons ooyut0, Toutl; - - - s Toutn—1
and 0,;,0 < ¢ < n — 1 process the spikes re-
ceived from the neurons in the previous steps and
the output is collected depending on the spik-
ing/ non-spiking of the neurons in the neurons
Tout0d, Ooutl, - - - , Ooutn—1. More specifically, the neu-
rons o7 and 0,;,0 < j < (n — 1) spike at the
same time and send spikes to the neurons o,;,0 <
j < (n — 1). The neurons in these neurons con-
tain three types of rules, ie., a — X, a® — a and
a® — a? and they are applied non-deterministically
and send one, two or zero spikes to the neurons
Oout;;0 < j < (n — 1). Moreover, these neurons
contain only the rules a — X and a® — a and non-
deterministic application of these rules can obtain
the output of the division of two binary numbers.

To clearly illustrate the operation functioning
of the Div unit, (0100)2/(0010)2 = (0010)2 is taken
as an example. At the beginning, y = (0010), and
x = (0100), are considered as the inputs of neurons,
iey=0,y1 =19 =0,y3=0,20 =0, 21 =0,
z2 = 1 and z3 = 0. Table 4 shows the changes of
the numbers of spikes for the key neurons in Div
unit and the output of neurons cout0, Toutl, Tout2
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3.5. Storage unit

Within the process of implementing the information
fusion, the calculation of polynomials often requires
complex arithmetic operations which involves mul-
tiple units. Thus, it is necessary to store the results of
intermediate calculations, which could be regarded
as the inputs to subsequent calculations. This paper
proposes a novel storage unit based on SNPS. The
storage unit can keep a certain number of binary
strings and can update the stored values accord-
ing to the input and control neurons. The simplified
scheme of the storage unit is depicted in Fig. 7.

Fig. 8 displays the detailed model of the stor-
age unit. In the storage unit, n binary bits for a bi-
nary number are considered as the inputs of neu-
rons oy, . . ., on—1 from low to high bits, respectively.
Then, three spikes are inputted into the neurons o,
as the control signal. After two steps, n binary bits
are saved into neurons oy, . . ., 0sn—1, and the num-
ber is outputted at each step.

Control

oo

Fig.7. Simplified version of storage unit.

®
=
&3

3.6. Simulator for SNPS

As described in the Subsections above, Mul, Div
and storage units contain dozens or even hundreds
of neurons which perform a large number of cal-
culations since each unit may contain many steps.
Hence, a manual calculation of the SNPS is ex-
tremely impractical and a proper simulating soft-
ware is required.

Fig. 9 describes the pseudocode of the novel
SNPS simulator developed in this study to auto-
matically accomplish the computation of arithmetic
units. The simulator is made by considering neu-
ron’s behaviors such as receiving spikes, applying
rules, spiking and sending spikes out of the neu-
ron, saving spikes inside the neuron and sending
spikes out of the neuron at every step. Furthermore,
the simulator builds the connection between neu-
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4 B 4
a —a a —a
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a —a a’—a
J
Osn-1 ¢ 0',5,1,1
out,.; outy

Fig. 8. Storage unit.

rons. Thus, the simulator can fulfill a computation
of an arithmetic unit. The simulator discussed in
the paper is different from the simulators present
in the literature because the SN P systems used in
this work contain a special variant of the forgetting
rule of the form a™/a™ — X where after application
of this rule n spikes are consumed and (m — n) re-
main inside the neuron. The neurons in the arith-
metic unit can be divided into three components,
i.e., input, processing and output. The neurons in
the input component receive input in the form of
spikes. After receiving the inputs they are stored
inside the neurons. Next, the neurons process the
inputs (n1,ns,...,n;) in parallel using the spiking
rules E/a® — a; d and forgetting rules a™/a™ — A.

Input: (n1,n2,...,n¢),n; € {0,1},t = Number of input neurons

. Receive the spikes in input neurons o; (1 < ¢ < t)

2: Save the spikes in the input neurons o; (1 < i < t)

3: Perform the steps 4-12 in all the neurons at any time instance in par-
allel

4: while a rule can be applied do

5: if the delay is null: d == 0 then

6

7

8

—_

Apply spiking or forgetting rule and save the new spikes
else

while the delay is not null: d # 0 do
9: d=d-1
10:  end while
11: endif
12: end while
13: Send spikes outside the neuron
Output: (n1,n2,...,ns),n; € {0,1}, s = Number of output neurons

Fig.9. Pseudocode of the SNPS simulator
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At any instance, the applicability of the rules
are checked. If d = 0, then the spiking rules are ap-
plied immediately. When d # 0, then the delay is re-
duced by 1 in every subsequent steps, until d = 0 is
obtained. Furthermore, all these operations happen
in parallel. Finally, at any time instance depending
on the applicability of the rules in output neurons,
the output (ny, ng, ..., ns) is obtained.

4. Information fusion implementation

In this section, the theoretical aspects of informa-
tion fusion are outlined and then, the implementa-
tion of information fusion for the proposed arith-
metic calculator is described in details. More specif-
ically, we constructed a method based on spiking
neural P systems to calculate basic probability as-
signment (BPA) m of an event A where m can be
derived by fusing two BPAs m; and my. The novel
idea of this paper is that the algebraic operations
addition, substation, multiplication and division of
any two binary numbers can be derived using spik-
ing neural P systems, i.e., the spiking neural P sys-
tems constructed in this paper can perform addi-
tion, subtraction, multiplication and division and
for any given input, desired output can be obtained .
Since any integer can be represented as a string over
0 and 1, the value m(A) also can be derived using
the spiking neural P systems. We have also showed
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that BPA m of any event X can be represented as
ml(X)mg X)
14+2m1 (X)m2 (X)—(m1(X)+m2(X))

4.1. Dempster-Shafer evidence theory

Dempster-Shafer (D-S) evidence theory, which was
first proposed by A. Dempster ** and popularized
by his student G. Shafer ®!, is a method for infor-
mation fusion characterised by the following defi-
nition.

Definition 2. Let the set © contains finite number
of elements where the elements can be a hypothe-
sis, an object etc. In this paper, O is a set containing
distinct hypotheses and it is called frame of discern-
ment>!. The set of all the possible subsets of © is said
power set of © and is indicated with 2°.

Definition 3.

Let © is a discernment frame. The Basic Proba-
bility Assignment (BPA) is a function m: 2 — [0, 1],
which satisfies the following conditions:

ACO

m(A) is called basic probability number express-
ing a belief measure of the proportion A. If m(A4) >
0, then A is said focal element.

Definition 4. Let m; and msy be BPA based on the
same frame of discernment ©, and A4,..., A, and
Bi,...,B; be focal elements. The rules of evidence
combination are described as follows:

> ma(Ai)ma(B;)
AiﬁB]‘iA
1-K

m(4) = if A+

0if A = ¢.

> m(4) =1

ACO
where m(A) is the BPA which fuses m; and mq; K =
> a;nB;=p M1 (Ai)m2(B;) represents the amount of
conflict between m; and ms.

In this paper, the fusion of two evidences m;
and my is obtained by using SNPS. m; and m»
represent the basic probability assignment to two
events X and Y respectively. The BPA sum of two
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events equals 1, i.e, m1(X) + m1(Y) = 1, mo(X) +

By applying the rules of evidence combination
in Definition 4 the fused BPA of m; and ms is repre-
sented as

_ my (X)ma(X)
1-— ma (X)mg(Y) - ml(Y)mg(X)

m (X)

_ ml(X)mg(X)
1+ 2m1 (X)ma(X) — (m1(X) + ma(X))’

(using mg(Y) =1- mg(X),ml(Y) =1- ml(X))

4.2. Information fusion with SNPS

In this subsection, the information fusion shown in
Subsection 4.1 is realized by integrating Add, Sub,
Mul and Div units and three storage units. The inte-
gration system is shown in Fig. 10, where m; (x) and
mz(x) are the inputs to Add and Mul units through
the input, and input, at the same time, respectively.

As shown in Fig. 10, the system for implement-
ing information fusion consists of five parts desig-
nated by dashed frames.

e Part 1 is used to calculate the product of
m1(x) and mz(x), and also save the product
by using storage unit Mul_out.

e Part 2 moves one bit to left of the calcu-
lated result of Part 1, that is, the computa-
tion of 2m4 (z)mz(x) is performed by apply-
ing mq (x)ma(x).

e The result of 1 + 2mq(x)mao(x) is gained
by Part 3 and further the result of
1 4+ 2my(z)me(z) is kept in storage unit
rlx2_one_out.

e Part 4 executes two steps operations: the
calculation of the sum of m;(z) and ms(z)
and the receipt of the result of 1 +
2my(x)ma(z) — (m1(z) + ma(z)). In addi-
tion, Part 4 also saves the result in storage
unit add_out.

e Part 5 is a Div unit for calculating the final
division and outputting the fused BPA. It
is worth pointing out that the Div unit in
this paper can only calculate the quotient of
any two signed nonzero integer numbers.
On the other hand, the formula of fused
BPA contains the decimal division. To make
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Part 3 sub_inputl
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Fig. 10. Information fusion implemented by SNPS.

the system shown in Fig. 10 perform dec-
imal divisions, we magnify the dividend  ®?
128 times, that is, we move 7 bits to left of

output neurons outy, outy, ..., out; at step .S, thatis,
0.75 = outy - 2%4outs - 27 1 +outs - 272+, . +outy - 277,
the dividend. At the same time, to reduce ¢ It is worth noting that S is the first step that there
the calculations steps, we discard the lowest 5 ar€ outputs of neurons outy, .. ., outr.

bits of 1 + 2m1 (z)ma(z) — (m1(z) + ma(z)) & As shown in Table 5, the first output values of
and my(z)ms(z). The 16-bits Div unit is 7 outp, ..., outy are correct. At Steps 1 to S — 1, the

used in Part 5. The dividend = and divisor ¢ symbol “-” in Table 5 means that the output neu-
w0 rons do not have spiking rules to apply and there-

70 fore they do not have any output. At Step S, the
71 output neurons output the number (0.11000000)s,

In this study, m(z) Part 5 and mq(x) are rep- 2 as mentioned above, this is the first output values,
resented by ten binary bits and are inputted from 7s so it is the correct result of the information fusion.
lower to higher bits, respectively. For example, 0.75 74 Although at Steps S + 1 and S + 2 and so on, the
can be represented as (0.11000000)2, and the highest ~ 7s output neurons output values, but they are not the
bit is sign bit. The result can be obtained from the s first output numbers of outy, ..., out;. So they are

y are as inputs of o7, gg, ..., 015 and oy, 01,
.., 08.
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not the fusion result.

707

708

Table 5. Outputs of neurons outy, . . ., outr
No. of steps  outr outg outs outy outs outo outy outo

1 Z Z Z Z Z Z Z Z

2 - - - - - - -
5.1 ; N B N , , B N
S 0 1 1 0 0 0 0 0
S+1 0 1 1 0 1 0 0 1
S+2 1 0 1 1 0 0 0 0

4.3. Numerical Examples

Since there are many neurons in the system for in-
formation fusion with SNPS, this paper uses the
simulator described in Section 3.6 to build the
model of information fusion with SNPS and to ver-
ify its correctness. Table 6 shows three cases as ex-
amples. We can easily know that the information fu-
sion results are correct. Moreover, the first example
listed in the first row in Table 6 is taken as an exam-
ple to briefly introduce the calculation process.

First of all, the binary sequence 0000001100 for
representing m (z)= (00.11000000); is inputted by
Input_z and the binary sequence 0100101100 for
representing ms () = (00.11010010); is inputted by
Input_y. Then, from Steps 6 to 21, Mul unit will out-
put binary sequence 1001110110000000, which rep-
resents the value of (1100000) x (11010010),, be-
cause Mul unit can calculate only signed nonzero
integer numbers, so in fact, the outputted binary se-
quence represents my (x)ma(z) x 216

Table 6. Three numerical examples

Data my(x) ma(x) m(x)

First set Decimal 0.75 0.82 0.93
Binary 00.11000000 00.11010010 0.1110111

Second set Decimal 0.3 0.91 0.81
Binary 00.01001101  00.11101001 0.1101000

Third set Decimal 0.82 0.87 0.97
Binary 00.11010010 00.11011111 0.1111100

Considering the system size, the precision 278
is considered, so we save the sequence 0010011101
which represents mq(z)ms(z) to the storage unit
Mul_out. Add unit outputs the binary sequence
0110010010 from Steps 3 to 12, which represents
the sum of m;(x) and ma(x). Part 2 moves one bit
to left of the mq(x)mq(x), which produces the re-
sult of 2my (z)ma(x) from the result of my(x)ma(z).
From Steps 28 to 37, the neuron z1x2_2 outputs
the binary sequence 0100111010, which represents
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2mq(x)ma(z) to Add unit, and the Add unit will
calculate 1 + 2m4(x)mqo(z) and outputs the binary
sequence 1000111010 from Steps 29 to 38. Then,
the Sub unit receives binary sequences from neu-
rons sub_inputl and sub_input2 representing 1 +
2my (z)ma(z) and my(z) + ma(x). Sub unit will out-
put binary sequence 0010101000 of 2m; (z)ma(x) —
(my(x) + mao(z)) from Steps 45 to 54 and save
it to storage unit add_out. Finally, the Div unit
will calculate the quotient of m(z)ms(z) and 1 +
2my (z)ma(z) — (m1(z) + ma(z)), and output the re-
sult 11101110 at Step 1986 by neurons outy, . . ., outr,
which represents the binary number (0.1110111),.

4.4. Applicability of the proposed
Arithmetic calculator in the real-world

The proposed calculator can be viewed as the build-
ing block of complex devices, such as membrane
controllers to perform navigation tasks on board
of autonomous mobile robots in complex environ-
ments 5. Numerical P systems %3/ enzymatic nu-
merical P systems are generally used for this pur-
pose, see Ref. 47. In these cases, the task of robot nav-
igation is performed by the membrane controller
which helps to identify the different environment
classifier for smooth navigation of the robots. One
of the main drawbacks of numerical P systems has
been that the cells can communicate with the only
upper and lower membranes. This feature restricts
the capability of membrane controllers of identi-
fying complex environment classifiers. Unlike Nu-
merical P Systems, SN P systems do not have such
restrictions and arithmetic operations also can be
performed. Hence spiking neural P systems can be
considered as a better framework to model mem-
brane controllers and environment classifiers.

Numerical P systems can perform the simple
arithmetic operations such as addition, subtraction,
multiplication with less numbers of candidates ef-
ficiently and quickly. However, a large number of
cells are required for to perform these operations in
large scale. SN P systems can perform large scale
operations with much lower number of neurons
thanks to its parallel distributed architecture and
communication rules.

In order to have an understanding of the po-
tential of the proposed arithmetic calculator, let us
consider two numbers z; and x2 of n and m digits
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respectively:

lz1] =n
|zo| =m

with n < m. In order to perform the multiplication
the numerical P System requires at least n? cells. On
the other hand, the multiplication unit of Section 3.3
requires at least

n® 4 13n+ 6
2
neurons. We can easily calculate that

n? _ n?+13n+6 S

— s 2

for n > 14. Hence, the SNPS requires a smaller num-

ber of neurons for arithmetic operations with multi-
ple bits.

0

5. Conclusion

This paper proposes a new arithmetic calculator
based on SNPS. This calculator makes uses of ex-
isting Add and Sub units, proposes modified ver-
sions of Mul and Div units and proposes a novel
storage unit based on SNPS. Furthermore this study
implements the information fusion coming by the
five units by applying the Dempster-Shafer evi-
dence theory. Moreover, during the implementation
of information fusion, the framework combining the
SNPS and D-S evidence theory calculates the basic
probability assignment (BPA) of an event. Finally,
we developed a simulator to validate the correct-
ness of information fusion with SNPS. Numerical
experiments verify the corrected of the proposed
calculator.

Future work will include two new designs. The
first is the design of SNPS Mul and Div units with
the capability of changing their sizes in response
to the input numbers. The second is the design of
a simplified Div unit since the current state-of-art
SNPS Div unit is remarkably complex. Finally, the
reset function for the Div unit is also an ongoing is-
sue.
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