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ABSTRACT

Context. To enhance the performance of numerical optimization techniques, hybrid approaches integrating probabilistic model-
ing algorithms with annealing simulation have been introduced. These include Bayesian optimization, Markov-based strategies, and
extended compact genetic algorithms, each augmented by annealing mechanisms. Such methods enable more precise search trajecto-
ries without requiring fitness function transformation, owing to their ability to explore the global search space in early iterations and
refine the directionality of search in later stages.

Objective. The research aims to improve the effectiveness of parameter identification within approximation models of financial
indicators by applying metaheuristic algorithms that incorporate probabilistic modeling and annealing-based simulation in intelligent
computing systems.

Method. This study employs metaheuristic techniques grounded in probabilistic modeling and annealing-based simulation to en-
hance the accuracy and efficiency of parameter estimation within economic indicator approximation frameworks. Specifically, it
introduces three hybrid strategies: Bayesian-based optimization integrated with annealing simulation, Markov-driven optimization
enhanced by annealing, and an extended compact genetic algorithm coupled with annealing mechanisms. These methods enhance the
accuracy of the search process by exploring the entire search space in initial iterations and refining the search direction in final itera-
tions. The Bayesian optimization method employs a Bayesian network for structured search and solution refinement. The Markov
optimization method integrates Gibbs quantization within a Markov network to improve search precision. The extended compact
genetic algorithm utilizes limit distribution models to generate optimal solutions. These methods eliminate the need for fitness func-
tion transformation, optimizing computational efficiency. The proposed techniques expand the application of metaheuristics in intel-
ligent economic computer systems.

Results. The implemented optimization strategies significantly enhanced the precision of parameter estimation within intelligent
financial computing frameworks. The combination of probabilistic models and annealing simulation enhanced search efficiency
without requiring fitness function transformation.

Conclusions. The proposed method expands the application of metaheuristics in economic modeling, increasing computational
effectiveness. Further research should explore their implementation across diverse artificial intelligence problems.

KEYWORDS: probabilistic optimization frameworks, hybrid metaheuristic techniques, adaptive search algorithms, annealing-
based simulation, computational parameter estimation, parametric identification, economics approximation model.

ABBREVIATIONS
GDP ss a gross domestic product;
ICT is an information and communications
technology;
BOA is a Bayesian optimization algorithm;

is a maximum number of iterations;
is a population size;
is a middle population size;

NN Z

is a descendants’ number;

MOA is a Markov optimization algorithm; Ama.x is an edges maximum count;

BIC is a Bayes information criterion; M is a length of chromosome;

BD is a Bayes-Dirichlet; E is bits count for gene of each chromosome;

ECGA is an Extended Compact Genetic Algorithm; ijnin’ X" are the minimum and maximum values

MDL is a Minimum Descriptive Length.
P £ for a chromosome;

NOMENCLATURE X %s a chromosome re?al vector;
b is a chromosome binary vector;

A" is a reproduction operator; . . . .
procu P ’ U(0,1) is a function returning a standard uniformly

Cr . oge . . .
A" is a probabilistic model creation operator; distributed random value:

n . . . . . .
Ag is a descendant generatlon operator; N 1s an iteration number;
A" s a reduction operator; G is a Bayesian network;
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G is an ordered Bayesian network;

G}n is the set of vertices that preceding the vertex
num .
Gj s

G?Ut is the set of vertices that following the vertex
num ,
Gj s

o is a significance parameter;
04 is a natural parameter;

equal() is a function returning the matched element

count;
round() is a function returning rounded number;

B is a specifying the cooling coefficient;
To is an initial temperature;

T™ is a maximum temperature;

N; is an iterations maximum count;
N, is an iterations maximum count for Gibbs quanti-

zation;

P is a population;

P is a middle population;

P is a descendant’s population;

w is a vector of weights;

Pij» Plij, P2jj are a probability;
a®? is a joint information matrix average value;
S1 is a disjoint set (set of clusters);

S2 is two different clusters set of unions;
B is a joint information symmetric matrix;

C1PP, C2P° are a compressed population complex-

ity;
cimodel " comodel are 2 model complexity;

Cl;, C2; are a combined complexity.

INTRODUCTION

The post-industrial era is marked by the expansion of
electronic environments and the shift toward an informa-
tion-driven society. In recent years, digitalization has
emerged as a central challenge within the broader context
of economic development, particularly in the information
and communication technology sector. Digital transfor-
mation influences both economic progress and societal
acceleration through complex, interconnected mecha-
nisms, highlighting the need for standardized frameworks
and reliable metrics to assess the digital economy and
facilitate data exchange across industries. In this context,
the implementation of parametric identification tech-
niques for economic indicator approximation models —
utilized in intelligent financial computing systems in-
formed by digitalization metrics — has become increas-
ingly significant. A key objective is to advance such iden-
tification methods to enhance model accuracy and system
performance. Traditional random search algorithms lack
convergence guarantees, while exact optimization tech-
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niques are computationally intensive. Local search-based
methods, although more efficient, are prone to entrapment
in local optima, underscoring the need for more effective
optimization strategies.

Advanced heuristic approaches — commonly known as
metaheuristics [1-3] — are utilized to expedite the search
process for near-optimal solutions in numerical optimiza-
tion tasks while reducing the likelihood of convergence to
local extrema. These techniques extend classical heuris-
tics by incorporating multiple strategies into a higher-
order framework [4—6]. Population-based variants, in par-
ticular, are employed to enhance search speed and solu-
tion accuracy through collective and adaptive mechanisms
[7-9]. The focus of this study is the parametric identifica-
tion process applied to economic indicator approximation
models. The research specifically investigates metaheuris-
tic-based techniques designed to enhance the accuracy
and efficiency of such identification methods.

The present research aims to enhance the efficiency of
parametric identification applied to approximation models
of economic indicators. To achieve this objective, a meta-
heuristic optimization method is proposed, integrating
probabilistic modeling techniques with simulated anneal-
ing.
To fulfill the research goal, the following tasks were
undertaken:

1) the development of a hybrid optimization method
combining Bayesian optimization algorithms with anneal-
ing simulation;

2) the creation of a Markov-based optimization strat-
egy supported by simulated annealing principles;

3) the formulation of an extended compact genetic al-
gorithm integrated with annealing mechanisms; and

4) the execution of a numerical study to evaluate the
proposed optimization techniques.

In parallel with these developments, contemporary
trends reveal a growing prevalence of automated image
analysis systems powered by machine learning algo-
rithms. These technologies, widespread across domains
such as diagnostics, remote sensing, and economic model-
ing, offer enhanced accuracy and adaptability, reinforcing
the relevance and applicability of intelligent computa-
tional methods within financial systems.

1 PROBLEM STATEMENT
The core challenge addressed in this research involves
enhancing the efficiency of solving numerical optimiza-
tion tasks by employing probabilistic, multidimensional,
and discrete evolutionary metaheuristic frameworks.
Formally, the problem is defined as constructing a struc-

tured set of operators { AP, A" A9 AT }, whose re-
peated application leads to a solution X satisfying the

conditions F(x") — min and T — min .

2 REVIEW OF THE LITERATURE
Existing metaheuristic frameworks have been ob-
served to exhibit several limitations:
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— many approaches provide descriptions tailored to
specific problems or rely on abstract generalizations
without broader applicability [10-12];

— they often lack support for non-binary candidate so-
lution representations [13—15];

— the influence of iteration count on the search process
is frequently overlooked [16-18];

— convergence to an optimal solution is not consis-
tently guaranteed [19-21];

— there is limited capability to address constrained op-
timization problems [22-24];

— accuracy levels may be insufficient for complex or
sensitive optimization tasks [25-27];

— parameter value determination procedures are typi-
cally non-automated and require manual tuning [28].

This highlights the ongoing challenge of developing
robust and efficient metaheuristic optimization tech-
niques. Among the widely adopted approaches are the
Bayesian optimization algorithm [29], the Markov-based
optimization framework [30], and the extended compact
genetic algorithm [31], each offering distinct advantages
in solving complex numerical problems.

3 MATERIALS AND METHODS

The extent of digital technology advancement across
countries is primarily shaped by a set of indicators and
influencing factors that collectively provide a multidi-
mensional profile of each nation’s socioeconomic land-
scape. These metrics serve to reflect both the degree of
digital integration and the overall performance of digital
systems within diverse national contexts.

A comprehensive dataset was compiled for the pur-
pose of this study, encompassing macroeconomic indica-
tors that reflect national economic performance — specifi-
cally, GDP per capita (final annual values in US dollars,
denoted as Y). The dataset also integrates metrics related
to digital technology development, which serve as ex-
planatory variables. These include: X; — Frontier Tech-
nology Readiness Index (ICT component), annual; X, —
Frontier Technology Readiness Index (Research and De-
velopment component), annual; X; — Share of ICT goods
in total trade, annual percentage; X4 — International trade
in digitally deliverable services, annual value in millions
of US dollars. All indicators were collected for the period
spanning 2012 to 2022, covering 159 countries within the
global economy.

The Bayesian optimization method incorporating an-
nealing simulation was developed to enhance search effi-
ciency and solution quality. The Bayesian Optimization
Algorithm (BOA) [29], originally introduced by Pelikan,
Goldberg, and Canti-Paz [29], operates through a multi-
phase process: reproduction, probabilistic model construc-
tion via Bayesian networks, offspring generation based on
the learned network, and a subsequent reduction phase.
The underlying probabilistic graphical model employed in
this approach is illustrated in Figure 1.
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Figure 1 — Probabilistic BOA Graphical Model [29]

The methodology is structured into the following se-
quential phases:

1. Initial setup.

1.1. Defining the N, K, K, K, A™* integrated

into a specific vertex of the Bayesian structure: M, E,
x‘j“m,xmax, jel,M.
1.2. Defining a fitness function F(X) - min
X

1.3. Generation each source population chromosome
k, kel,K
a) generation each binary vector component j,

jeLM-E
L=U(,).
by =4 b A<0.5
ki =)0, A>05

b) creation of a real vector

E
32k B (j-nE+ET1-€)

min max min \ e=1
ij=Xj +(Xj —Xj )

2F 1
je I,_M
¢) when (b, x ) e P, P=PU{(by,X)}-
1.4. Finding the best chromosome

* . *
k :argmkmF(Xk), X =X,

2. The count of iteration n=1.

3. Replication and generation middle population P.
3.1. To organize P Dby fitness function,

F ) <F(in) -
3.2. A new population P= {(Bk,Yk)} of defined size

K is generated through a hybrid approach that combines
simulated annealing with linear order-based selection.

Calculation the choosing each i-th chromosome
probability:

p(Xi) = %eXp(—l/T(n))Jr

+%(a—(2a—2)%)(1—exp(—l/T(n))),

T(n)=pT(n-1), 0<P<1, T(0)=Ty, Tp>0.
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At both the initial and final phases of the genetic algo-
rithm, distinct selection strategies are employed to bal-
ance exploration and exploitation. During the early itera-
tions, equiprobable selection is applied, enabling broad
coverage of the search space through random chromo-
some sampling. In contrast, the later stages utilize a line-
arly ranked selection mechanism that prioritizes high-
performing chromosomes, thereby guiding the search
toward promising regions. This dual-phase approach
eliminates the need for fitness function transformation
while maintaining search efficiency.

4. To develop a Bayesian network G .

4.1. Creating elements of Bayesian Network.

_/cin ~out ~num
GJ_(G ’G] 3GJ )9

Gl'=2,68"=2,G]""=j, jeLME.
4.2. Directed connection in the Bayesian structure

count m=1.

43 Wmax:_l Vfrom:O vt0:0

4.4. The size of the vertex set defining the Bayesian
network count i=1.

4.5. Creation each viable descendant nodes |,
jelLM -E, for the i -th parent node.

a) initialization of the visited vertices empty set
\/ Viable =, set a vertex | in the empty vertex stack
sV.

b) when the vertex i is on the sV , PE=1, move to
stage j).

c) to pop a vertex from sV and set it v°U" .

d) when v e Visited , move to stage b)

e) Vvisited :Vvisited U {chr}

when |G =0, move to stage h
VCUI’ g
g) for each I, | el,|G\?clfjtr |, when g\?clttrl g\ Visited ,
move SV at the top g\?clfjtrl.

h) when the sV is not empty, move to stage b)
i) fP=0.
Hwhen  GMMzja jeGM A FP¢=0,

Vviable :Vviable U{j}
4.6. To calculate each weights vector component j,

jel,M-E , based on K2 or BIC or BD.
When [G) |= A™ or jeVV% w;=—1 then
a) C=1{G"™ UG U{j}.
b) element sets Qy,...,Q

then

| are derived, consisting of

Ek chromosomes, where the gene values are defined with
values derived from the specified set C (that is, the val-
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ues assigned to individual genes Bk,cl ,...,Ekﬁ‘q ) match set

Qg with value s for Ek chromosome was defined as

[C|
Cl-eny .
S= 22| | by.cg,, . » for chromosomes in Qs 1,Qos
e=1
sets, the values assigned to individual genes from C set

(genes values is Bk,cl =---=5k,c‘c‘ ) different corresponding to
a single gene.
c) to assign a weight w;j to an edge(i, j), the follow-
ing basis is applied:
— BD metric
(0tgs1 +0ys —1)!

(051 —D!(arps —1)!
| Qos 051 —1[!|Qps +aps — 117

(1Q2s-1 [+1Qas [ +025y + 05 =1)!
when og =1, BD matches with K2.

2€l2

wi= ]

s=1 -

— K2 metric
22
o | Qas—1 ' Qs !
J - B
so1 (1 Qas—p [+]Qpg [ +1)!
— BIC metric
| Qo1 |

2Cl/5] Qg | IN——=———
W;: = |Q23—1|+|Q25|

i=
s=1 +|Q25 |1n |Q25|

| Qas1 [ +1Qas |
1. ~
~| =K .
2
4.7. Determination a Best Edge (v ™™, v')
For each Bayesian network vertex count j,
jelL,M-E, when w™* <wj, then wmax =Wwj,
Vfrom:i’ Vtozj.

4.8. When i <M -E, perform i=i+1, move to stage
4.5.

4.9. When W™ >0, move to the most informative

from

edge (v ,Vto) for enhancing the Bayesian model:

G\l/rg0 :Vfrom’G\cl)zgm o

4.10. When m< A" K | perform m=m+1, move to
stage 4.8.

5. Creation of a descendant P population P guided
by the Bayesian network structure.

5.1. Generation Bayesian network G with a defined
topological sequence of nodes.

Integration of an additional element G; into every

Bayesian network structure ngount = Gijn |, jeLM-E

clement. G =0, set a {G;j ||Gijn |=0,j€l,M -E} subset
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of elements in the empty SC. Create each element q,

qel,M-E, for Gj component:
a) detaching SC element from the G~q and set it.

b) when | Gg”t |= 0, move to stage h).

o | :1

d) J — equl(Gnum NOUt)

e) G?Eunt — Gggunt -1.

f) when G?*ount <0, to detach element SC from the

Gj* .

g) when | < G(?Ut |, perform |=1+1, move to stage
d).

h) G=GU{G,}.

5.2. Creation each descendant population chromosome
i, iel,K,using PLS method.
a) Generation each binary vector component j,

jel,M-E. Child vector is initialized as set like
bj = (0,...,0) .
When |G'|=0,

K
Z to

to determinate the probability

generate a  binary  vector

le -

b = I, p;j<05 d b
i =10, pj 0.5 and move to stage b).
c=GM"mUGH.

Sets er--st\C\ are generated, consisting of chromo-

somes Sk , in which the genes values with values from the

C (genes values are Ek,c, ""’Ek,qq) represent a valid

match, and the set Qg value s for the chromosome Ek is
C] ~
specified like 5= 2¢°p,

e=1
the Qys_1,Qys sets, values assigned to genes with values

Ek,cm ) different

Cg.,_ » for chromosomes in

from C set (genes values are Bk,cl,...,
exclusively for individual gene.
Ci=Gj'.
Qa |
|Qa+[Qp

a= ZZ‘CI‘ ebIc leo +2|C1| b= ZZ‘C” ®bi 1
e=l1 e=l1
for chromosomes in Q,,Qy sets, value of the genes with

in the C

To compute pj =
1,ClEye 2
the genes values is

numbers set (ie.,

© Grygor O. O., Fedorov E. E., Leshchenko M. M., Rudakov K. S., Sakhno T. A., 2025

DOI 10.15588/1607-3274-2025-4-8

84

5k701 ,...,kac‘q) different exclusively for Ek,cl gene asso-

ciated with the given vertex G?um

To generate a binary vector
~ I, p;j<0.5
N g ]
-l

p] >0.5
b) generating a real vector

E
Y5

max _ I_Tlil‘l) e=1

I(j DE+E+1- e)

min

Xii =Xj  +(Xj

! 2F
jelLM.

¢) P=PU{(bi.%)}.

6. Reduction.

6.1. Merging descendants P and population P

6.2.  Ordering wunion by fitness function,
FX) < F(Xc41) -

6.3. Constructing a refined population P using the
most optimal chromosomes K identified in the aggre-

gated set.
7. To calculate the best chromosome

k" :argmkin F(X¢)

8. When F(X )< F(X*) , perform X = X -

9. When n< N, then n=n+1, move to stage 3.

The result is X .

The Markov Optimization Algorithm (MOA), incor-
porating simulated annealing, was developed to enhance
search efficiency and solution quality. Originally intro-
duced by Shakya and Santana [30], this method operates
through a structured sequence of phases: reproduction,
construction of a probabilistic Markov network, genera-
tion of offspring guided by the network and Gibbs sam-
pling principles, and a final reduction phase. The underly-
ing probabilistic graphical model utilized in this approach
is illustrated in Figure 2.

Figure 2 — Probabilistic structure of the Markov Optimization
Algorithm [30]

The algorithmic workflow is delineated through the
following sequence:

1. Initialization.

1.1. Determining the B, T™*, a, and 0<p<1,

TMX 50, a>1.
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1.2. Setting the N;, N,, K, K, K, A™* connect-
ing a Markov network subset of vertices with one vertex;
M, E, xﬁ“m max, jel, LM.

1.3. Determining the fitness function F(X) — min.
X

1.4. Generation each source population chromosome
k, kel,LK,
a) generation each binary vector component |,

jeLM-E

L=U(@0,).
by — 1, A<05
K =10, A>0.5

b) generation a real vector.

i( E-e

mln)e 1

B (j-nE+E+1-¢)

min

max
Xij = Xj

+(x
2F 1

j el,_M.
c) when (by, Xy ) ¢ P, perform P =P U{(by,x,)}
L.5. Finding the best

* . *
k :argmkmF(Xk), X =X

chromosome

2. Iteration count n=1.

3. Replication and generation middle population P.
31. To sort P by fitness function, i.e.

F () < F(Xg41) -

3.2. To generate Sz{(gk,ik)} population K size
froma P population based on a simulated annealing with
combination of linearly ordered selection and random
selection.

Calculation the choosing each
probability:

i-th chromosome

p(Xj)=— exp( 1/T(n)+

1 —
+?(a ~(2a- 2)Hj(1 —exp(=1/T(n)))

TN)=pT(n-1), 0<P<1, TO)=T,y, Ty >0.

This mechanism is applied at both the initial and ter-
minal phases of the genetic algorithm’s operation. In its
early phase, the algorithm employs uniform random selec-
tion to enable broad exploration of the search space
through stochastic sampling of chromosomes. In the final
phase, a linearly ranked selection strategy is adopted,
shifting the process toward targeted exploitation by re-
taining the currently best-performing individuals. This
integrated approach operates without requiring modifica-
tion of the fitness function.

4. To generate a Markov network G .

4.1. Adjustment of a component j , within the uncon-

ditional probability vector je1,M -E
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a) a pair of chromosomes Ek sets QO0,Q1 is con-

structed, where gene values ¢j are consistent across

members, and for these sets Q0 Skj =0, Q1 ij =1.

1
b) p(g; =02 p(g;=n="Z".
4.2. Modification of each element (i, j), within the
joint probability vector: ie,M-E-2 je2,M-E-1.

a) the sets Q00,Q01,Q10,Q11 are formed, containing
the chromosomes Ek , where the j -th gene values and the
i -th gene values coincide; for Q00 Ekj =0, Eki =0, for
Q01 by =0,b =1, for Q10 by =1,b; =0, for Q11
bkj =1, bki =1
| Q00

b) p(9i=0,9j=0)‘T,
Poi =1.9; =0) =2+
10
p(g; =0, g,—l)—'QK [Qlof
QL]

P(gl—lgj—l)—T

4.3. Generating of each joint information symmetric

matrix element (i, j), ie LM-E-2 je2,M-E-1
when i < j, perform
11 g
P(gi.9j)
bij = P(9i>9j)In) ————— 1, by =byj;.
! gizogjzo T e@opagp ) !

4.4. Calculation of the joint information matrix aver-
age value:
g 2 - M-E—bl”

= ij -
M-E-D’~(M-E-D) {5 >

j>i

<
DM
)

a

4.5. To expand the Markov network by adding new
links (i, j) between nodes

ieLM-E-2,

je2,M-E-1,
when i< j and by > a®¥o, to add an edge (i, j) to the
Markov network.

4.6. Deleting worst edges for each vertex i,
iel,M-E-2

If anode i is connected to more than a specified num-

Arnax Amax

ber of other nodes, retain only the top edges
with the highest values byj

4.7. To determine adjacent elements for each vertex
j, jeLM-E

To generate surroundings U j from vertices linked by

edges to a vertex j .
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5. To generate each descendants’ population chromo-
some k, ke I,_K , from a population P based on a Gibbs
quantization and Markov network.

5.1. To initialize every entry j of the binary vector,

jeLM-E

A=U(0,]).
I, A<0.5
{O, A20.5.

5.2. During each iteration of Gibbs-based quantization
I,1eLN,

a) random selection of the index corresponding to the
modified gene, ie., j=round(l+(M -DU(0,1)),
9j =by-

b) two groups of chromosomes Q0,Ql are formed,

bkj =

where the gene values Em from the surrounding context

U j match those within the corresponding positions Bk of

each chromosome, and for Q0 Bkj =0, for Q1 Bkj =1.
| QO] Q1]

C ( i =0|U:)=—% —
) p(gj=0[Uj) <

d) A=U(0,]).

e) changing of the j -th gene value of a binary vector:

bkj =

, P(gj=11U;)=

(p(gj =0)]
expl ———
0, A< 0
' [p(gj=0|Uj)J [p(9j=1Uj)J
exp +exp
B T() T
- P(g; =0)
expl ———
L i T()
T [p(9j=0|Uj)J (p(gjzluj))
exp +exp
T() T()

f) T(+1)=BT(I), where T(1) =T ™
5.3. To generate a real vector:

E
o -

> 25 by (jnE+E+I-e)

)e=1

)“(kj — lel’lll’l +(ernax _ XIJ_l‘lll’l

2F 1
jel,M .

54. P=PU{(be, %)} -

6. Reduction.

6.1. Integrate descendants P into the current popula-
tion P .

6.2. To sort union by fitness
F(X¢) <F(Xc41) -

6.3. Finding the K first (best) chromosomes in the
union and generation a new population P .

function, 1i.e.,
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7. Finding the best chromosome k"= arg mkin F(Xg) -

8. When F(x,«)<F(x), X =X .

9. When n< Ny, perform n=n+1, move to stage 3.

The result is X .

The extended compact genetic algorithm (ECGA)
[31], enhanced with simulated annealing, was developed
to improve optimization performance in complex search
spaces. Originally introduced by Harik [31], ECGA oper-
ates through a structured sequence of stages: reproduc-
tion, construction of a probabilistic model based on the
product of marginal limit distributions, offspring genera-
tion guided by this model, and a final reduction phase.
The probabilistic graphical representation underlying this
method is depicted in Figure 3.

-

_————-

I

Figure 3 — The probabilistic model underlying the ECGA opti-
mization approach [31]

The developed method unfolds through the following
sequential steps:
1. Initialization.

LI Toset N, K, K, K, M, E, x"

max
> Xj s

jel LM .

1.2. Specification of the fitness evaluation function
F(x)—> mxin .

1.3. Generation each source population chromosome
k,kel,K

a) generation each binary vector j, jel,M-E

A =U(0,1)

by — 1, A<0.5
K =10, 2>0.5

b) generation a real vector:

E
E-—
D25 by (jonE+Es1-e)

Xj = ermn +(X5nax _ Xﬁnm) e=1 2E - ,
j el,_M.
c¢) when (by, x) ¢ P, perform P = PU{(by, X))} -
1.4. Finding the best chromosome
k" :argmkin F(x), X = Xpr

2. Count of iteration n=1.
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3. Replication and generation middle population P.
3.1. Sort P according to goal function
F () < F(Xg41) -

3.2. Population K size is regenerated P = {(Ek,ik)}
through a hybrid mechanism combining simulated anneal-
ing with both deterministic ranking and random selection
techniques.

Calculation the choosing each
probability:

i -th chromosome

p(xi>=%exp(—1/T(n))+

+%(a—(2a—2)}'<;_llj(1 —exp(~1/T(n))),

T(n)=pT(n-1), 0<B<1, T(0)=Ty, Ty >0.
4. Generation of a probabilistic model.
4.1. Generation of a disjoint sets (set of clusters) Sl

containing one gene (vertex), i.e., S1={S1;}, Slj ={j},
jelM

4.2. Calculation combined complexity for each cluster
i, iel,|Sl| (used the MDL metric).

a) estimating computational
cimodel —jog, K218t —1y.

b) chromosome subsets Qjy,...,Qjsy are formed from

intricacy

the intermediate population, with gene values aggregated
according to their cluster-specific frequencies S1; (i.e.,

the gene value Ek,slij ) is equal to 1

¢) probability computation plj; = % .
d) evaluation of population encoding efficiency:
st
CIPP =K > - pljjlog, pljj , i €1,|S1].
j=1
e) calculating the combined complexity (used the
MDL metric) Cl; = C1/od¢l 4 c1PoP .

4.3. Generating a set of two differ clusters unions S2.
a)q=1,82=0

b) for each pair vertex (i,]), iel,]Sl|-1,
jel|St], if i<j, then S2,=SLUSlj, iq=i,
jq:js q:q+1'

4.4. calculation combined complexity for each com-
bined cluster i, i €1,| S2| (used the MDL metric).

a) computing model
capodel 1o, K(252i1—1).

b) population-derived chromosome sets Qj...., Qjjs2

complexity

are formed, embedding gene values alongside their set-
specific frequencies S2; (the gene value bk,szij ) is equal

to 1
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. | Qjj |
c) probability assessment p2jj = T
d) evaluation of execution complexity
582

CZip°p = R Z— p2u 10g2 p2” .
j=1
e) estimation of total model complexity using the
MDL principle C2; = Czimodel +C2ipOp .
4.5. Finding the best cluster union
%
q :argm(?x(Cliq +Cqu -C2y),

AcCP®t=cy;, +Clj, ~C2_..
q q 4

4.6. If ACPESt > 1, then
SlZ(SIU{qu*})\({Sli*}U{Slj*}), move to stage
q q

4.2.
5. To generate each descendants’ population chromo-

some k, k el,_K, from a population P based on the

generate marginal distributions model
a) generation of binary vectors for each cluster i,

iel,|Sl|

Random initialization of a vector d populated with

chromosome frequency values {1,..., K}
Bkslij = Edkslu_ ,kel,K, jel,Sl;.
b) initialization of real-valued feature vectors

E
Eo -
225 by (jnyE+E41—e)

i (Xﬁnax _ Xﬁnin) e=1

G min
X = X]

28
jelLM, kel,_K

¢) P={(b, %)} .

6. Reduction.

6.1. Merge newly generated descendants P with the
current population P

6.2. Ranking the combined population based on fit-
ness scores, i.e., F(Xg) <F(Xcy1) -

6.3. Finding the K first (best) chromosomes in the
union and generation a new population P .

7. Identifying the optimal individual based on fitness
evaluation

k" :argmkin F(xg) -
8. When F(Xk*)< F(x*), perform X = Xyr -
9. When n< N, perform n=n+1, move to stage 3.

The resultis X" .

4 EXPERIMENTS
Experimental simulations were conducted using the
scikit-opt Python module, which provides a flexible
framework for implementing metaheuristic optimization
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algorithms. The Pandas library was employed for data
preprocessing, including linear interpolation to address
missing values and tabular input/output operations.

The study utilized a comprehensive database of eco-
nomic indicators
(https://unctadstat.unctad.org/wds/ReportFolders/reportFo
lders.aspx?sCS_ChosenLang=en) covering 159 countries
over a 10-year period (2012-2022). The dataset includes
both macroeconomic performance metrics and digital
development indicators. Key parameters used in the opti-
mization process were as follows: population size:
K =100, maximum number of iterations: N =100 , ini-
tial temperature: T, =106, cooling coefficient: §=0.94,

middle population size: K =100, descendants number:

K =100, edges maximum number A™* =2, a=1.7.

5 REZULTS
The cooling behavior during annealing is modeled us-

ing a temperature decay equation T(n)=p"T,, graphi-
cally represented in Figure 4.

Tin)

0 =
I T T T T T BT MM =@ MM = inm M= wnmm e
M I SRHNARRREERNATERERREEE RS

a]

Figure 4 — Visualization of the annealing cooling strategy

The relationship between annealing temperature and
iteration count, as illustrated in Figure 4, demonstrates a
gradual decline in temperature as the number of iterations
increases.

A comparative analysis of the proposed optimization
techniques versus classical approaches is summarized in
Table 1.

Table 1 — RMSE-Based evaluation of proposed and classical optimization algorithms

Ne Method Mean squared error evaluation of the proposed method
Proposed annealing-based algorithm traditional
technique
Bayesian optimization algorithm 0.04 0.08
Markovian optimization algorithm 0.03 0.07
3 | Extended compact genetic algorithm 0.02 0.06

6 DISCUSSIONS

The parameter settings adopted in the proposed nu-
merical optimization techniques ensure a dynamic muta-
tion strategy: a high mutation probability is maintained
during the initial iterations to promote broad exploration,
while a gradual reduction in mutation probability during
later stages facilitates convergence toward optimal solu-
tions.

In contrast, classical probabilistic model-based meth-
ods typically overlook the influence of iteration count
within the reproduction operator. This omission can lead
to reduced solution accuracy, as evidenced by the com-
parative results presented in Table 1. The newly devel-
oped approaches effectively address these limitations by
incorporating adaptive mechanisms that respond to the
progression of the optimization process. Among the
evaluated techniques, the extended compact genetic algo-
rithm integrated with simulated annealing demonstrates
the highest level of accuracy, as shown in Table 1.

CONCLUSIONS

The research addresses the challenge of low efficiency
in parametric identification methods used for approximat-
ing economic indicators within intelligent economic com-
puter systems. To enhance the performance of numerical
optimization techniques, three novel methods were devel-
oped, each integrating probabilistic modeling with simu-
lated annealing principles.
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The first method, grounded in Bayesian optimization,
comprises four stages: reproduction, construction of a
Bayesian network, generation of offspring based on this
network, and a reduction phase to refine results. The sec-
ond method employs a Markov-based optimization ap-
proach. It includes reproduction, formation of a Markov
network, offspring generation using Gibbs sampling
within the network structure, and a final reduction step.
The third method builds on the extended compact genetic
algorithm. It involves reproduction, modeling through the
product of limiting distributions, generation of offspring
guided by this model, and a reduction phase.

These optimization strategies are designed to explore
the full search space during early iterations and to focus
the search direction in later stages. This dual-phase ap-
proach enhances accuracy without requiring transforma-
tion of the fitness function.

Applied relevance of the proposed methods. The
proposed optimization techniques broaden the applicabil-
ity of metaheuristic frameworks grounded in probabilistic
modeling, offering enhanced capabilities for intelligent
economic computing systems. By improving search accu-
racy and adaptability, these methods contribute to the
development of more efficient and scalable decision-
support tools within complex socioeconomic environ-
ments.

Future research will focus on extending the applica-
bility of the proposed approach to a wider spectrum of
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artificial intelligence tasks, including pattern recognition,
predictive modeling, and adaptive control systems. This
opens promising avenues for interdisciplinary integration
and real-world deployment across diverse domains.
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METAEBPUCTHUYHI METOJAHU MAPAMETPUYHOI IIEHTU®IKALII AITPOKCUMAIIIMHOI MOJIEJII HA
OCHOBI HMOBIPHUCHHUX MOJEJIEN

I'purop O. O. — 1-p nomit. Hayk, npodecop, peKkTop YepkacbKkoro Aep>kaBHOTO TEXHOJIOTTYHOrO yHiBepcUTeTy, Uepkacu,
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®enopos €. €. — 1-p TexH. HayK, npodecop, npodecop Kadeapu CTATUCTUKU Ta MPUKIAAHOI MaTeMaTHKU UepKachbKoro
JIep’KaBHOTO TEXHOJIOTIYHOTO YHiBepcHuTeTy, Uepkacu, YkpaiHa.
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TeM, UepKachKoro Iep>kaBHOTO TEXHOJIOTIYHOTO yHiBepcuTeTy, Uepkacy, Ykpaina.

Caxno T. A. — PhD, nouenr xadenpn MikHaApoJHOI eKOHOMIKU Ta Gi3Hecy UepKachbKOro AepKaBHOT'O TE€XHOJIOTiYHOTO
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AHOTANIA

AKTyasbHicTh. [ IOKpAIEHHS SKOCTI aHAI3y eKOHOMIYHHMX 1HIUKATOPIB Ta MiJBUIICHHS €()EKTUBHOCTI METO/IIB YHC-
JI0BOT ontuMi3aii OyJio 3aIpoIIOHOBAHO METO/M, 3aCHOBaHI Ha CHHTE31 aJITOPUTMIB IMOBIPHICHUX MOJIENEel Ta MOJEIIOBaHHI
Bigmany (OaifeciBchka ONTHMI3allis 3 MOJEIIOBAHHIM BiJIally, MApKOBCbKa ONTHUMI3allisl 3 MOJACIIOBAHHSAM BiANaNy Ta po3-
[IMPEHUH KOMMAKTHUI TeHETHYHUI aJlTOPUTM 3 MOJEIIOBAHHIM Bigmany). LIi MeToau moKpaniyroTh TOYHICTh ITOIIYKY Ta HE
notpedyroTh TpaHcdopMarllii yHKIT TPUCTOCOBAHOCTI 3aBJSKU HMPUHIIMITY OpraHi3aiii JOCIiKEHHS BChOIO MPOCTOPY I0-
LIYKY Ha MIOYaTKOBHX ITEpallisiX Ta KOPUTYBAHHS HAMPSIMKY MOIIYKY Ha (hiHAJIBHUX.

Mertorw poboTH € mifBUIICHHS e(DEKTUBHOCTI MapaMeTpHyHOI ieHTH(dIKaIil MOAeNl anpoKCHMAaIlil eKOHOMIYHUX TOKa3-
HUKIB B IHTENEKTyalbHUX (DiHAHCOBMX KOMIT FOTEPHHX CHCTEMax 3a JOMOMOTOI METaeBPHCTHYHUX METO/IB, 3aCHOBAHUX Ha
IMOBIpHICHUX MOJICIISIX T4 MOJICITIOBAHHI Biamy.

Metoan. Y A0CIiPKEHHI 3aCTOCOBAaHO METAaeBPUCTHYHI METOJIM ONTUMI3allil HA OCHOBI IMOBIpHICHHX MOJeNei Ta MoJe-
JIIOBaHHSA BiNaly Ui MOKpaIieHHs eeKTUBHOCTI apaMeTpruyHol ineHTrdikaiii Moiesni anpokcHuMallii eKOHOMIYHHX TIOKa3-
HUKIB. 3alIpoNOHOBAHO TPU HiIxoau: OalieciBcbka ONTUMIi3allis 3 MOJEIIOBAHHIM Biflllaly, MapKOBChKa ONTUMI3aLis 3 MOJe-
JIFOBaHHSIM BiATIaNly Ta PO3MIMPEHUH KOMIAKTHHN M€éHEeTHYHHUH aJTOPUTM 3 MOAENIOBAaHHAM Binnaiy. L{i MeToqu miABUINYIOTh
TOYHICTb TOIIYKY, AOCTIKYIOUH BECh NMPOCTIp MOIIYKY HAa IIOYATKOBUX iTEpallisiX Ta KOPUTYIOUM HANPsIMOK Ha (piHaIbHUX.
BaiieciBcbka onTHMi3alisi BUKOPHCTOBYE 0aHE€CIBCHKY MEpPEXY IS CTPYKTYPOBAaHOTO HOIIYKY Ta BIOCKOHAJIEHHS PillleHb.
MapkoBCbka ONTHMIi3allig IHTErpye KBaHTyBaHHS ['i006ca y MapKOBCbKY Mepexy AJs MOKPAIleHHs TOYHOCTI nouryKy. Posmm-
peHUI KOMIAKTHUI TeHETHYHUH aJTOPUTM 3aCTOCOBYE MOJIEN IPAaHUYHUX PO3MOALTIB U TeHepalii ONTHMAIbHUX PillleHb.
3amponoHOBaHi METOAU YCYBalOTh HEOOXiAHICTh TpaHchopMalii GyHKIIT IPHCTOCOBAHOCTI, ONTUMI3YIOUM OOYUCIIIOBAIILHY
e(CKTHBHICTb.

Pe3yabTaTn. 3anponoHoBaHi METOAM ONTHUMi3alii MOKpPAIMIM TOYHICTh MapaMeTpUyHOl ifeHTH(diKalii B iHTeIeKTyab-
HUX (PIHAHCOBUX KOMIT FOTEPHUX cHCTeMax. [loeTHaHHS IMOBIPHICHMX MOJIEJICH Ta MOJICITIOBAHHS Biady MiJBHIIHIO edek-
THUBHICTb HOIIYKY 03 HeoOXiaHocTi Tpancdopmarii GpyHKIiT IPUCTOCOBAHOCTI.

BucHOBKH. 3amponoHOBaHi METOIU PO3MIUPIOIOTH 3aCTOCYBAaHHSI METAEBPUCTUK B €KOHOMIYHOMY MOJEIIOBAaHHI, IIOKpa-
LIYI04YH 00YHCITIOBANIbHY €EeKTUBHICTh. [lepcrieKTHBaMy MOJaNbIIMX TOCTIIKEHb € BUKOPUCTAHHS 3alPOIMIOHOBAaHUX METOIIB
JUTSL OUTBLI MIMPOKOTO KJIACy 3a/1a4 MAalllMHHOTO HaBYaHHSI.

KJIIOYOBI CJIOBA: 6aiieciBCbkuii aITOPUTM ONTUMIi3allii, MAPKOBCHKHH alrOpUTM ONTHMIi3allii, po3MUpeHUi KOMIa-
KTHUI TEHETUYHUH aJrOpuTM, MOJCIIOBAHHS BiIaly, YACIOBA ONTHUMI3allis, MapaMeTpuyHa ieHTHdIKaIlis MOJeIi anpok-
CUMallii EKOHOMIYHHX ITOKa3HHKIB.
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