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Introduction

In modern conditions, the development of methods for the parametric
identification of artificial neural network models used 1n intelligent computer
systems 1s an urgent task.

However, existing parametric identification methods that obtain approximate
solutions through global search do not guarantee convergence, while methods that
obtain approximate solutions through local search have a high probability of
getting trapped 1n local optima. Furthermore, methods that obtain exact solutions
have high computational complexity. Thus, there 1s a problem of msufficient
efficiency in existing parametric identification methods.

To reduce the probability of getting stuck in a local extremum and to speed up
parametric 1dentification, modern heuristics (or metaheuristics) are used.
Metaheuristics expand the possibilities of heuristics by combining heuristic
methods based on a high-level strategy. Metaheuristics often use the behavior of
one or a group of amimals. Metaheuristics are an approximate and usually non-
deterministic method. Advanced metaheuristics use experience accumulated
during the search, represented in memory, to manage the search process.



Object, subject and goal of the research

The object of the research. The process of parametric identification of an
artificial neural network model.

The subject of the research: Methods of parametric identification of an
artificial neural network model based on metaheuristics.

The goal to enhance the efficiency of the parametric identification of an
artificial neural network model using metaheuristic methods with dynamic
parameters based on the behavior of monkeys.

T'o achieve this goal, it is necessary to solve the following tasks:

1. To develop a numerical optimization method based on the synthesis of the
monkey search algorithm.

2. To develop a numerical optimization method based on the synthesis of the
monkey algorithm.

3. To develop a numerical optimization method based on the synthesis of the
spider monkey optimization algorithm.

4. Conduct a numerical investigation of the proposed optimization methods.



Monkey search with dynamic parameters for optimizing numerical functions

1. Initialization.

1.1. Specitymg the minimum distance between vertex positions (solutions) n
memory ¢, the parameter & that controls the step size for generating a new
solution, subject to the condition that, ¢ >0, 0 <o <1.

1.2. Specitying the maximum number of trees », maximum number of levels
for each tree H , maximum number of vertices for each tree H at a given level

NH , memory size L, length of the vertex position vector M/, minimum and

maximum values for the solution x}nm , x?ax, jel,M.

1.3. Specitying the cost function (objective function)

F(x)— min, where x 1s the vector position of the tree vertex.
X

1.4. Creating the optimal solution randomly as a real vector

X = (X e Xy ), Xy =X (T (0],
where U(0,1) - 1s the function retums a standard uniformly distributed random

number.
1.5. Memory PM -



2. Tree number n =1.
3. Creation of the n-th tree.
3.1. Set of explored node positions V,, =&J.

3.2. Setof edges A, =O.

3.3. Set of node positions H at the level Vf =,
3.4. Exploring the root of the tree.

34.1. 1 |PM ‘ < L, then randomly create a root position, then the root position

1s randomly created.

xroot _ (xroor - XEOI) roor J +( max x}nin )U(O,l),

3421t ‘PM ‘ =L, then from memory, PM a vertex with a number is randomly

selected v = round (1+ (L — DU(0,1)), which becomes a root x %", where round()
— 15 a function rounding a number to the nearest integer.
3.4.3. Add the root position to the set of explored node positions

v, =V, B {x"

3.5. Set the position of the current tree vertex x = x™%



3.6. Ascending to explored tree vertices.
3.6.1. Tree level number m =1.

3.6.2. If 3 < V,  (x, xy e A, and
_ 3y ¢ Ve, (x"", 8y A, then go to step 3.7.

3.6.3. Calculate the probability of ascending to the left vertex

. 1/ F(x'

1/ F(x'9") + 1/ F(x"8")

3.6.4. Select the position of the current vertex
X p<n
xright P>
3.6.5. If m< H , then m=m + 1, go to step 3.6.2, otherwise 3.5.

L=U(0]1), x" = {



3.7. Ascending to unexplored tree vertices.

3.7.1. Create the position of the left vertex x4t by perturbation (e.g.,
mutation).

- .
3.7.1.1. 6 ;(m)= (1 — E)S(x?ax — x;mn),

A =3 6 (mN(O), jelM,

where N(0,]1) — 1s a function returning a standard normally distributed random
number.

3712 X7 =max{x™® "9y ' = min (P, 2T, je LM

’ J J
3.7.2. Create the position of the right vertex x’ ’ght by perturbation (e.g.,
mutation).
" .
3.72.1. 6 ,(m) = (1 - E]a(x;‘?ax — Ny,

x;"ghf = x40, (MN(O,), jel,M

3799 y rzght _ max{x;mn 9x;zght}> x;zghr _ mm{ max )x;zghr}) jelM




3.7.3. If F(x“") < min{F '), F(x""€" )} then go to step 3.7.1.

3.7.4. Add the vertex positions to the set of explored vertex positions

v, =V, {xleft’ xright}

3.7.5. Add the edges to the set of edges

An _ An {(xcur, xleft), (xcur, xright)}

3.7.6. t m< H ,then m=m+1, go to step 3.5.

3.7.7. Add the vertex position to the set of vertex positions H at the level
vl —y g M ety

3.7.8.1f V,f] <N then go to step 3.5.

4. Determine the best vertex position of n-th tree

x,I;eSt =arg min F(x)

xel,



5. Add the best vertex position of n-th tree to the memory.
51.1f |PM | =0, then PM =PM [ {x2%"1 g0 to step 6.

52. 1 [PM|>0 A min Hx—xfjesr < ¢, then go to step 6.

xepM
53.1f |PM | < L, then PM =PM | {x5%"3 g0 to step 6.

5.4. Determine the worst position 1n the memory.

xSt — arg max F(x)

xePM
5.5, It F(xWO?‘ST) ZF(xs&S'f)) then PM :PM \{xworsr}
pM = pM g glesty
6. Stop condition

If n< N, then n=n+1, go to step 3, otherwise — stop.
7. Identification of the best global position

2

X =arg min f'(x)
xePM

The solution 1s x*.



Monkey Algorithm with Dynamic Parameters for optimizing numerical
functions

1. Initialization

1.1. Set the minimum and maximum step lengths a™",a™** for generating the

position vector during the ascent process, and the minimum and maximum step

lengths pmin ,b™** for generating the position vector during the observation-jump

process, meanwhilea™ " > 0,a"* > 0,p™" > 0,5™** > 0.
1.2. Set the maximum number of iterations N, the maximum number of

iterations for local search N, the population size K, the length of the monkey's
position vector A/, and the minimum and maximum values for the position vector

min _ max .
X7 X el,M.
1.3. Define the cost function (objective function):
F(x) > min,
X
where x 1s the monkey's position vector.




1.4. Create the initial population P.
1.4.1. Monkey number £ =1.
1.4.2. Generate a random position vector xj,

X = (gt Xpag s Xgg =X+ (P XU 0,D),
where U(0,1) — 1s a function that returns a standard uniformly distributed random

number.
143 . If x, ¢ P, then P=PHW {x;}, k=k+1.
1.4.4. If k<K, then go to step 1.4.2.
1.5. Determine the monkey with the best objective function value:

* . %
k =arg min F'(x;), x =x «
kel.K k

1.6. Set the mitial step lengths
a(l) =a™, b(1) =™,



2. Number of 1iterations »n =1.
3. Climbing process.

3.1. Monkey number k =1.
32. m=1.

3.3. Create a position vector increment Ax;
Axp =(Axpysen Axgyy ), Axyy = round(1 - 2U(0,1)a(n),
where round() — 1s a function that rounds a number to the nearest integer.
3.4. Calculate the pseudo-gradient of the cost function
Fy () :F(xk +Axp ) — F(x — Axk)j Feld.
2 A%y
3.5. Create a position vector based on mutation
Y=W1uVrr)s ¥y =Xpg + 8801 (xp ))a(n)
3.6.1f V) el,—Mx}mn <y;< xj,nax, then x;, =y.

3.7.1t m< NL, then m =m + 1, go to step 3.3.
38. 1t k<K, then k =k +1, go to step 3.2.



4. Observation-jump process.
4.1. Monkey number £ =1.
4.2. Create a position vector y based on mutation

V= Yag )i ¥y = g5 + (1= 20 O1)b()

43.1f (F(y) <F(x;)) A (\v’j < I,—Mx}nin <y;<xp ) then x;, =y, otherwise

go to step 4.2.
44 It k<K,then k=k+1, gotostep 4.2.
5. Climbing process.
5.1. Monkey number k =1.
52. m=1.

5.3. Create a position vector increment Ax;
Axp =(Axpy ., AxXpg ), Axyy = round(l - 2U(0,1))a(n)
5.4. Calculate the pseudo-gradient of the cost function
F(x, +Ax;.)—F(x;, — Ax
Fi (xp) = (xf )~ F(xg k),jel,M.
& 2Axy,




5.5. Create a position vector based on mutation
Y= (Vo ¥ag)s 7 = X5 +8(m) sgn(Fy (xi. Nan)
56.If Vje I,—ij-nin <y;<x;,thenx; =y.
5.7. It m< NL, then m =m + 1, go to step 5.3.

58 It k<K,then k=k+1, go to step 5.2.

6. Somersault process.

6.1. Monkey number £ =1.
6.2. Create a position vector based on the crossover

H=(HssHps ), By =

6.3. Create a position vector y based on the crossover
6.4. 1t Vj e l,ij,mn <y; < x?ax, then x;, = y.
65. I k<K,then k =k +1, go to step 6.2.



7. Determine the best monkey based on the cost function

k= arg min F'(xy.)
kel K

8. Determine the global best position.

If F(x,) < F(x),then x = X, o

9. Stop condition

If n<NnN, then n=n+l, a(n):amin + (o™ —amin)(

b(n) = h™D 4 (pmax —bmm)(l - ]’;’J g0 to step 3.

. %
The resultis x .



Spider Monkey Optimization with Dynamic Parameters for optimizing
numerical functions

1. Initialization.

1.1. Setting the minimum and maximum probabilities p™™", p™
1.2. Setting the maximum number of iterations N, the maximum number of

groups G, the maximum number of iterations without updating the position of
the local leader N*© (usually N S VN ¢ ), the maximum number of iterations

without updating the position of the global leader N G (usually N G e [K/2,2K]),

the population size K (for integer division of the population into groups we
assume K =60), the length of the monkey position vector M , and the mmimum

and maximum values for the position vector x;nm X7, jelLlM.

1.3. Setting the cost function (objective function)

F(x)—> min,
X

where x — 1s the monkey position vector.
1.4. Number of groups G =1.



1.5. Creation of one group.
1.5.1. Monkey number in the group k =1.

1.5.2. Random creation of a position vector x o

min max min
X = (X X1ig Do Xy =%+, —x,)U(0,D),

where U(0,]1) — 1s a function returning a standard uniformly distributed random
number.

1.53. 1t X1j %Pl, then Pl =P1 I {xlk}, k=k+1.

1.54. If k<|P

1.6. Determine the local leader 1n the group
K =arg min F(xy ), xik =X
kel |R]| 1k

, then go to step 1.5.2.

1.7. Determine the global leader X = X

1.8. Number of iterations without updating the local leader position my =0
1.9. Number of iterations without updating the global leader position m =0
1.10. Probability of preserving the position p° (1) = pmin.

1.11. Probability of a random position p’ (1) = p™**.



2. Iteration number n =1.
3. Local leader phase.
3.1. Group number g =1.

3.2. Monkey number B g-group k =1.
3.3. Component number ;j =1.
3.4. Randomly select the number of the second monkey
s = round (1 + (P | -1} (0.1)).
where round() — 1s a function that rounds a number to the nearest integer.
3.5.If s =k, then go to step 3.4.
3.6. Save the position vector or create a position vector based on the crossover

r=U(0.D),
%k
Xopy FUONxgr = Xgp )+ (1 =2U(0,))(x g5 — X gty ), A2 p°(n)
37.1f j<M ,then j=j+1, goto step 3.4.
38. It k< |Pg ,then k =k +1, go to step 3.3.

39.If g<G,then g =g +1, go to step 3.2.

)I{ —_
Yeki =




4. Modity the position of group members.
4.1. Group number g =1.

4.2. MonkB?y number B g-group k = IE
43 I F(Xg) <F(xgp ), then xop =X

4.4 1f k < ‘Pg ,then k =k +1, go to step 4.3.

45.1f g <G, then g =g +1, go to step 4.2.

5. Calculate probabilities for group members.
5.1. Group number g =1.

5.2. Monkey number B g -group k =1
1/ F(xg)

max 1/F(x
sel,’Pg‘

54 It k< ‘Pg ,then k =k + 1, go to step 5.3.
55.If g<G,then g =g +1, go to step 5.2.

5.3. pgr =0.1+0.9

gs)




6. Global leader phase.
6.1. Group number g =1.

62 ¢c=1.
6.3.1fcz\Pg

6.4. Monkey number B g-group &k =1.

6.5. It U(0,]) 2 pyy, then go to step 6.11.

6.6.c=c+1.

6.7. Randomly select the component number
j=round(l+ (M —1)U(0,1))

6.8. Randomly select the number of the second monkey
s = round (1 + (P, | -1/ (O.1)

6.9.If s =k, then go to step 6.8.

6.10. Create a position vector based on the crossover
X o
Xgij =X gty T UOD(xg; — X o) + 0001 = 2U (O D)(¥ 557 — X g7 )

6.11.Ifk<|Pg ,then k =k +1, go to step 6.5.

, then go to step 6.13.




6.12. Modity the position of group members
xgk ng, kEl,Pg 5 gEl,G
6.13.If g <G, then g=g+1, go to step 6.2.
7. Local leader learning phase.

7.1. Group number g =1.

7.2. Determine the best monkey 1n the g-group based on the objective function
k

k =arg min F(xgr)
keel, Pg]
7.3. Determine the local leader 1n the g-group.

k

*®
IfF(xgk*)<F(xg),then Xg xgk*, me =mg +1.

74.1f g <G, then g=g+1, go to step 7.2.
8. Global leader training phase.

8.1. Determine the best local leader g* =arg min F (x:;)
gel,G
8.2. Determine the global leader.

If F(x ) < F(x).then x = x . otherwise m=m +1.



9. Local leader decision-making phase.
9.1. Group number g =1.

92.Itmg < N then go to step 9.9.
93.mg =0.

9.4. Monkey number B g-group k =1.
9.5. Component number j=1.
9.6. Create a position vector randomly or based on the crossover

O, 5 - {x}?‘if‘ (2 M y(0,1), < p’(n)
—U(01), x gy =

*® k
Xopy TUODx ; =260 ) + U0 X g1 — X g7 ), L= p'(n)
97.1f j<M , then j=j+1, go to step 9.6.
98 It k< ‘Pg ,then k =k +1, go to step 9.5.
99.1f g<G,then g =g +1, go to step 9.2.
10. Global leader decision-making phase.

10.1. If m < N9, then oo to step 11.
10.2. Number of 1iterations without updating the global leader position m =0.




G
10.3. Fuse the group into the population P = |{ P,

g=1
10.4. If G <G™** then G =G +1, fusion the population P into G groups, go
to step 10.6.

10.5. I G>G™** then G =1.

10.6. Determine local leaders m groups
k

Yg

= arg MF(xgk),gel,G
kel,| P, |

10.7. Number of 1iterations without updating the positions of local leaders
mg = 0,g€elG

11. Stop condition
If n<AN, then n=n+1, pr(n):pmin +(pM* —pmm)[l—zl,

n

p (m)=p™" +(p™*" - p™" )(Eja go to step 3.

The result 1s x*.



Numerical study of the proposed methods
The numerical study was conducted on the Ackley function

f(x)=-a exp[— b \/ Z&[ jﬁlsz} — exp{ﬂl/[ Azdr:cos(cx | )J +a +exp(l),

J=1
where a =20,6=0.2,c=2x, x}nin = —32.768,)c3'-flax =32.768, M =30.

In the study, the population size 1s K =60, the maximum number of iterations
or trees N =100 (for monkey search and monkey algorithm) or N =100000 (for

spider monkey optimization) were used, the minimum distance between node

I pmax _ xmin [

8

generating a new solution 6 =0.1, the maximum number of levels for each tree

positions in memory € = , a parameter controlling the step size for

H =100, the maximum number of vertices on H level N H =100, memory size

L =10, minimum and maximum step lengths a™" =0.1,a™ =0.001 for
generating the position vector during the ascent process, minimum and maximum
bmin _1 pmax

step lengths
observation-jump process,

=10 for generating the position vector during the



the maximum number of local search iterations N’ =1000, minimum and

maximum probabilities p™" =0.1, p™** =0.9, the maximum number of groups

G™** =6, the max number of iterations without updating the position of the local

leader N’ =1800, the maximum number of iterations without updating the

position of the global leader N “ =60.
The results of comparing the proposed methods with classical methods are
presented 1in Table 1.

Table 1
Comparison of proposed metaheuristic methods for parametric identification with
existing ones based on mean squared error criterion

Mean squared error

Method of the propgsed method of existing method
with dynamic parameters
Monkey search 0.04 0.08
Monkey algorithm 0.03 0.07
Spider monkey

C 0.02 0.06
optimization




Discussion

The selected parameter values of the proposed parametric i1dentification
methods ensure a high probability of mutation and random solution generation in
the mitial iterations and a low probability of mutation and random solution
generation in the final iterations.

Classical methods based on the behavior of monkeys do not take into account
the 1teration number 1n the mutation operator and the random solution generation
operator, which reduces the accuracy of the solution search (Table 1).

The proposed methods allow for the elimination of these shortcomings.



Conclusions

In the work, the problem of insufficient efficiency of parameter identification
methods for artificial neural network models used in intelligent computer systems
1s considered. To improve the efficiency of parameter identification methods,
metaheuristic methods based on the behavior of monkeys with dynamic
parameters were proposed, which improve upon classical methods (monkey
search, monkey algorithm, spider monkey optimization).. The proposed methods
of parameter identification, due to global search at initial iterations and local
search at final iterations, allow to increase the accuracy of search and does not
require the transformation of the target function. The proposed metaheuristics can
expand the scope of application of parameter identification methods based on
monkey behavior and contribute to the increase of efficiency of intelligent
computer systems. The prospects of further research include the investigation of
the proposed methods for a wide range of artificial intelligence tasks.



