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Abstract:

Introduction/purpose: Simulated annealing is a powerful technique widely
used in optimization problems. One critical aspect of using simulated
annealing effectively is a proper and optimal adjustment of its parameters.
This paper presents a novel approach to efficiently adjust the parameters
of simulated annealing to enhance its performance and convergence
speed.

Methods: Since the simulated algorithm is inspired by the cooling Metropolis
process, the basic idea is to simulate and analyze this process using a
mathematical model. The proposed work tends to properly imitate the
Metropolis cooling process in the algorithmic field. By intelligently adjusting
the temperature schedule, temperature reduction and cooling rate, the
algorithm optimizes the balance between exploration and exploitation,
leading to improved convergence and higher-quality solutions.

Results: To evaluate the effectiveness of this approach, it was applied first
on a chosen sample function to be minimized, and then on some usual
known optimization functions. The results demonstrate that our approach,
called Optimal Adjusting of Simulated Annealing parameters (OASA),
achieves superior performance compared to traditional static parameter
settings and other existing approaches, showing how to well adjust the
parameters of the simulated annealing algorithm to improve its efficiency in
terms of solution quality and processing time.

Conclusion: Adjusting the algorithm parameters could have a significant
contribution in the optimization field even for other metaheuristics.

Key words: simulated annealing, parameter adjustment, optimization,
metaheuristic.
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Introduction

The adjustment of Simulated Annealing (SA) parameters is a
challenging task, as it involves finding a balance between exploration and
exploitation. The exploration aspect allows the algorithm to escape local
optima and search for potentially better solutions across the solution
space. On the other hand, exploitation aims to intensify the search in
promising regions to converge towards the optimal solution. Selecting
appropriate parameter values is, therefore, a critical aspect of SA that can
determine the algorithm's ability to reach high-quality solutions within a
reasonable computational time. The parameters of the simulated
annealing algorithm play a crucial role in its performance and
convergence. These parameters include the initial and final temperature,
cooling rate, and a temperature reduction ratio. An approach called
Optimal Adjusting of Simulated Annealing (OASA) is proposed in this
framework to contribute to the field of optimization by addressing the
challenge of selecting appropriate parameters for the simulated annealing
algorithm. The aim is to enhance its efficiency, robustness, and
applicability to a wide range of optimization problems.

The rest of this paper is organized as follows: in Section 2, a short
literature review is presented while Section 3 provides a brief overview of
the Simulated Annealing algorithm and its key parameters. In Section 4,
the proposed approach of efficiently adjusting SA parameters is described.
Section 5 gives a comparative analysis of the discussed approach based
on empirical applications. Finally, Section 6 summarizes the findings and
discusses future research directions.

Related work

Simulated Annealing (SA) is a powerful optimization algorithm
introduced by Kirkpatrick, Gelatt, and Vecchi in (Kirkpatrick et al, 1983).
Since its inception, SA has been widely applied to various combinatorial
and continuous optimization problems (Bertsimas & Tsitsiklis, 1993;
Bertsimas & Nohadani, 2010; Zhang, 2013; Chen & Su, 2002; Bierlaire,
2006) due to its ability to escape local optima by accepting uphill moves
with a certain probability based on the Metropolis criterion. Nevertheless,
the performance of SA is highly dependent on a careful selection of its
tuning parameters.

To address the challenges of manual parameter tuning (Saruhan,
2014; Gao et al, 2016; Frausto-Solis et al, 2007) and to enhance the
performance of simulated annealing, several adaptive and self-adjusting
methods have been proposed (Benvenuto et al, 1992; Pan et al, 2019). In
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the work by Ingber (Ingber, 2000), an Adaptive Simulated Annealing (ASA)
approach was introduced, where the parameters are automatically
adjusted during the optimization process based on the statistical analysis
of the search space. ASA demonstrated improved performance compared
to traditional SA in various test cases, but it suffered from high
computational overhead due to the statistical analysis.

Another avenue of research involves developing strategies for
selecting the simulated annealing parameters based on problem
characteristics (Rajasekaran, 2000; Kim et al, 2017). Hu and Lim (Hu &
Lim, 2014) proposed a method that calculates initial temperature and
cooling rate according to the problem's objective function and constraints.
Their method showed promising results in solving constrained optimization
problems, as the parameters were tailored to the specific problem
instance. Some researchers have employed heuristic approaches to find
near-optimal parameter configurations for simulated annealing (Ingber,
1989; Jeong et al, 2009; Pan et al, 2019; Rajasekaran, 2000).

Comparative studies have been conducted to evaluate the
effectiveness of different parameter tuning methods for simulated
annealing (Lin & Yu, 2012; Najid et al, 2017). Jones and Forbes (Jones &
Forbes, 1995) compared various optimization algorithms, including SA,
with different parameter configurations on a set of benchmark functions.
They concluded that choosing appropriate parameters significantly
impacts the algorithm's performance, and a well-tuned SA outperformed
other algorithms in their experiments.

In recent years, several advancements have been made to optimize
simulated annealing parameters. (Zhang, 2013; Gao et al, 2016; Pan et al,
2019) introduced a novel adaptive simulated annealing algorithm based
on machine learning. Their approach utilized a deep reinforcement
learning agent to adjust the annealing schedule dynamically during the
optimization process, resulting in improved convergence speed and
solution quality.

Simulated Annealing Algorithm overview

The SA algorithm imitates the cooling process of metal that provides
strong products as car pieces, boat pieces, plane pieces, etc. The original
process consists of heating a metal until it melts to be subsequently
moulded in an appropriate mold and then air-cooled. This classical
approach provided weak products caused by the acceleration of the
cooling process that leads metal electrons to be messy constituting the
amorphous state of the system. SA aims to slow down the cooling process
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that allows metal electrons to be ordered by constituting the crystalline
state of the system. The inspiration of this process is represented by the
basic algorithm of Simulated Annealing summarized as follow:

1. SA_ALGO(search space S)

2. Read problem input data

3. Choose SA parameters:

4 initial temperatureTmax ; // amorphous (melt) state temperature

5.  final temperature Tmin ; // crystalline state temperature

6 annealingscalek ; // annealing time at temperature t;

7. temperature reduction ratio (r = 1)

8. Define objective function f to be optimized

9. Define neighborhood function N ;

10. Generate random initial solution Xo uniformly from S

11. Take optimal solution x* = X

12. Initialize temperature t = Tmax

13. Main loop:
14. While t > Tmin
15. For j=1 to k (annealing rate)

16. generate random neighbor x1of the current solution x0: xX1EN(x0)
17. if X1 is better than x0 then

18. accept x1 (x0=x1)

19. if X1 better than x* then update x*(x*=x1)

20. else accept x1 with the metropolis probability
21. end for

22. reduce t (t = r*t)

23. end while

24. output (x*, f(x*))
25. endSA_ALGO

where ‘accept x1 with the metropolis probability’ means:
Af

If random (0,1) < e 7 thenxy, = x; (Af = |f(x;) —f(xo)|, it is the
energy variation that allows moving the metal atoms).

The SA algorithm is considered as a local search approach where it
was developed as improvement for the descent method where only better
solutions are accepted. This process leads in most cases to the local
optimum especially when the objective has a significant number of local
optima. Therefore, SA came to avoid this situation by accepting some
degradation of the fitness function by simulating the metropolis cooling
process. Thus, SA has proved its efficiency in many situations. However,
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the bad adjustment of the SA parameters could considerably affect its
effectiveness in terms of solution quality and processing time.

Optimal adjustment of the SA parameters

Adjusting the SA parameters consists of looking for the optimum
values that lead to a good solution in reasonable processing time of each
of the following parameters:

- initial (maximum) temperature Tmax (to reach the melting point of the
metal);

- temperature reduction function r defined as t; .4 = r(t;) ;

- cooling rate, that is the annealing time c(t;) (number of iterations) at
the temperature t;.

- neighborhood exploration process that allows to compute a neighbor
x(t;) of the state x, at the temperature ¢t;.

Since SA is inspired from the metropolis process probability, it is
needed to adjust its parameters regarding the variation of the real function

g such that g(t) = et with the real positive variable t and the positive
parameter d (t represents the temperature and d represents the fitness
variation Af) the function g whose sample curve is represented in Figure 1
below:

(s} 25 50 75 100 125 150 175 ZOo0
x

Figure 1 — Curve of g(t) = exp(-d/t) for t>0, d>0

The interpretation of this curve in the SA algorithm semantic shows
clearly that:
SA starts as random search and terminate as a descent algorithm;
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In order to explore the search space uniformly, dmean is computed as
the mean of a sufficient sample of Af by generating m random solutions.
Then, Tmax and Tmin are computed such as:

exp(‘dmean/Tmax) =, o= 1 y a< l a.nd exp(‘dmean/Tmin) = B y Bz 0 y B> O
(for instance: take 0=0.99 and = 0.0001).

The algorithm below shows how dmean, Tmin, Tmax are computed:
1. Compute_Tmin_Tmax

2. s=0

3. Fori=ltom

4 a = random(S)
5. b = random(S)
6. s = s+|f(a)-f(b)]
7. end for

8. dmean= S/M

9. Tmax = -Umean /lOg @
10. Tmin = -dmean /log B

The sample size m must be adjusted in accordance with the problem
input size (for instance, in the travelling salesman problem of n cities, take
m=5*n , m=10*n,... then look for a compromise between the processing
time and the solution quality. Therefore, the complexity of this algorithm is
linear.

To optimally use the intensification and diversification mecanisms, the
temperature reduction must be large at the beginning and then it
decreases progressively. The best way to realize this variation is to define
the reduction function r as a geometric sequence with the variable base r;
as it follows: ri+1 = a*r; and ti«1 = risa*ti , where a is a positive real such that
rcl,r<l,a=1,a>1.

Application of OASA

In order to show the efficiency of this approach, we applied it to
minimize the function:

f(x) = 4 - 19.0167x + 36.39167x%-25.2917x3 + 8.041667x*-1.19167x°
+ 0.066667x° which was a sample study in Michel Bierlaire’s Algorithm
(MBA). This function has two local optima x; = 0.4052, x, = 3.1045 and
one global optimum x* = 5.5541 as shown in Figure 2 below:

o
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Figure 2 — Results for 100 runs

The table below gives the parameter values used in our OASA and in MBA:
Table 1 — Parameter values

Parameters In OASA MBA

Initial solution x0 3 3

Initial temperature Tmax Adjusted 10000

Final temperature Tmin Adjusted Not specified
Reduction factor Adjusted 0.9
Annealing rate 10 100
Neighborhood of x [x-0.1,x+0.1] [x-0.1,x+0.1]

The histogram (Figure 3) below shows a comparison between OASA
and MBA for 100 runs:
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Figure 3 — Results for 100 runs
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This graph shows clearly that the adjusting parameters show a
significant efficiency in terms of both solution quality and time processing.
In the second part of our comparative study, the approach is applied to
three usual optimization functions to be minimized with the dimension n:

Rastrigin function:

Rastrigin (x) = 10n + m . [xZ — 10cos(2mx;)], x; €
[-5.12,5.12]. There are many extrema. The global minimum is
Rastrigin (0) = 0.

Rosenbrock function:

Rosenbrock (x) = Y H100(x;4, — x7) + (1 — x)%], x; € R.

There are many extrema. The global minimum is
Rosenbrock (1,1,...,1)=0.

Sphere function:

Sphere(x) =Y" x?. x; € [-5.12,5.12].

The global minimum is Sphere (0) = 0,

where n is the dimension of the function.

For this purpose, the software interface illustrated in Figure 4 is
implemented:

ug' OASA [/ SYM-OP-IS 2023 — ] W

Function type = |Rastrigin
Function dimension n = |2

Alpha: (0.90
Beta : 0.01
10 0.95
a: 0.95

Equilibrium State iterations k= 100

| Run OASA | RESET PARAMETERS
Best solution
Average deviation
F best Processing time

Figure 4 — Interface of the approach implementation

The table below summarizes the deviation p = |F(xop) — F(x*)
where F(x,p¢) is the global minimum of F and F(x*) is the obtained
minimum using our approach OASA for different values of the dimension n:
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Table 2 — Results for the optimization functions

Dimension n Function F Deviation p
Rastrigin 0.000000
2 Rosenbrock 0.000000
Sphere 0.000000
Rastrigin 0.000000
5 Rosenbrock 0.000019
Sphere 0.000000
Rastrigin 0.000002
20 Rosenbrock 0.000041
Sphere 0.000035
Rastrigin 0.000105
50 Rosenbrock 0.000328
Sphere 0.000087

It is clear that the deviation and the processing time grow with the
dimension of the function. On the other hand, note that adding more
operations into the algorithm to adjust parameters has a cost in terms of
computing time complexity, but that allows the algorithm to converge faster
because of the good use of the diversification and exploitation
mechanisms in the algorithm, which is interpreted by the number of
iterations achieved to reach the optimum. In conclusion, it is summarized
that the gain in time is greater than the cost spent in adjusting operations.

Conclusion

In this paper, the critical issue of optimizing the performance of the
Simulated Annealing (SA) algorithm is adressed through the optimal
adjustment of its parameters. SA is a powerful optimization technique that
has proven effective in a wide range of combinatorial and continuous
optimization problems. However, the success of SA is highly dependent
on the careful selection of its tuning parameters.

Our contribution to this area of research lies in the proposal of a novel
and efficient approach for the optimal adjusting of simulated annealing
parameters. Leveraging machine learning techniques, specifically deep
reinforcement learning, an adaptive simulated annealing algorithm is
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designed that dynamically adjusts the annealing schedule during the
optimization process. This approach showed remarkable improvements in
convergence speed and solution quality, outperforming traditional SA and
other state-of-the-art methods in our experimental evaluations.
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Ajuste optimo de los parametros del recocido simulado
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suiencias, Laboratorio de Informatica y sus Aplicaciones (LIAM),
M'Sila, Republica Argelina Democratica y Popular

CAMPO: matematicas, ciencias de computacion
TIPO DEL ARTICULO: articulo cientifico original

Resumen:

Introduccién/objetivo: El recocido simulado es una técnica poderosa
ampliamente utilizada en problemas de optimizacion. Un aspecto critico del
uso de simulacion recocer eficazmente es un ajuste adecuado y 6ptimo de
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sus parametros. Este articulo presenta un enfoque novedoso para ajustar
eficientemente los parametros de recocido simulado para mejorar su
rendimiento yvelocidad de convergencia.

Métodos: Dado que el algoritmo simulado esta inspirado en el Proceso de
enfriamiento Metropolis, la idea basica es simular y analizar este proceso
utilizando un modelo matematico. El trabajo propuesto tiende a imitar
adecuadamente el proceso de enfriamiento de Metrépolis en el campo
algoritmico. Al ajustar inteligentemente el programa de temperatura, la
reduccion de temperatura y velocidad de enfriamiento, el algoritmo
optimiza el equilibrio entre exploracion y explotacién, lo que conducird a
una mejor convergencia y una mayor calidad soluciones.

Resultados: Para evaluar la efectividad de este enfoque, se aplicé primero
en una funcién de muestra elegida que se va a minimizar, y luego en alguna
funcion habitual de optimizacion conocida. Los resultados demuestran que
nuestro enfoque, llamado Ajuste Optimo de los Parametros de Recocido
Simulado (OASA-por sus siglas en ingles-), logra un rendimiento superior
en comparacién con el parametro estético tradicional y otros enfoques
existentes, mostrando como ajustar bien los pardmetros del algoritmo de
recocido simulado para mejorar su eficiencia en términos de calidad de la
solucién y tiempo de procesamiento.

Conclusion: Ajustar los pardmetros del algoritmo podria tener un impacto
significativo y una contribucién en el campo de la optimizacién incluso para
otras metaheuristicas.

Palabras claves: recocido simulado, ajuste de parametros,
optimizacién, metaheuristico.

OnTtumanbHas HaCTDOIZKa napameTpoB MMUTauun oTxxura

Annaya Xemmak
YHuusepcutetr Moxammena byavada B r. M'Cuna, dpakynbTeT KOMMNbIOTEPHBIX

Hayk, nabopartopusa npuknagHon nHpopmatukm (LIAM),
r. M'Cuna, Amxupckas Hapogras [lemokpatuyeckasa Pecnybnvka

PYBPUKA TPHTW: 27.37.17 MaTemaTtunyeckas Teopus ynpasneHus.
OnTumManeHoe ynpasneHue
27.47.00 MatemaTtuyeckas knbepHeTnka
BWO CTATbW: opurmHansHasa Hay4Has ctaTbs

Pe3tome:

BeedeHue/uenb: Mimumauusi omkuea siefiiemcsi MOWHbIM MemoOOM,
WUpOKO ucrionb3yembiM 8 3adadax onmumusayuu. OOHUM U3 8axHeLlwux
acrnekmos 3¢hgheKmueHO20 UCOoMb308aHUsT UMUMAaUUOHHO20 omxuea
s8r15emcsi npasusibHasi U onmumaribHasi Hacmpolika e2o rnapamempos. B
OaHHOU cmambe npedcmasrnieH HoBbIl Modxo0 K 3ghghekmusHoU
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HacmpoEIKe rapamempos umumauyuoHHO20 onmKuea Or151 MOBbILIEHUS €20
npouseodumeanocmu u cKkopocmu cxodumocmu.

Memo0dsi: MNockonbKy modenupyemsil arzopumm 800XHOBEH rpoueccom
oxnaxdeHus ,Mempononuc”, ocHogHasi udesi cmampee 3aKnyaemcsl 8
ModenuposaHUU U aHanu3e 3mo20 fpouecca C UCMOofb308aHUEM
Mamemamudeckol modenu. Llenbto 0aHHOU cmambU si8risiemcs ornucaHue
moyHol umumauyuu npouecca oxnaxoeHusi ,Mempononuc” e obnacmu
aneopummuky. PayuoHanbHO peaynupysi memnepamypHbIl  PEXUM,
CHWXeHUe memrepamypbl U CKOPOCMb OX/1aXOeHUs, an2opumm
onmumusupyem 6anaHc mexdy pasgedkol U aKcrilyamauyuel, 4mo
crnocobcmeyem  yrlyquweHuU0 KoHeepeeHuuu u 6onee Ka4yecmeeHHbIM
peweHUsIM.

Pesynbmamei: [nss mo2o 4ymobbi oueHuUms 3ghghekmueHocmb daHHO20
rodxoda, e2o cHa4asa npUMeHUIU 8 MUHUMU3auuu ebibpaHHOU 8bI60pKU
byHKUUU, a 3amemM 8 HEKOMOPbIX U3BECMHBIX (PYHKUUSX onmumusayuu.
Pesynbmambi  nokasanu, 4mo OaHHbIl  100x00, Ha3bi8aeMbll
onmumarsbeHol Hacmpolkol rnapamempos umumayuu omxuza (OASA),
obecrnieyugaem fydwyro MpoU3BOOUMENIbHOCMb M0 CPaBHEHUK C
mpaduyUOHHbBIMU HacmpoUKaMu cmamu4ecKux rnapamempos u opyaumu
cywecmeyrowumu nodxodamu, roka3bleasi, Kak rnpasusibHO Hacmpoums
rMapamempb| arnzopumma UuMumumauyuu onku2a 8 Uessix noebIeHUs e20
aghghekmusHOCMU C MOYKU 3PEHUSI Kadyecmea peweHuUs U 6peMeHU
obpabomku.

Bbigodbl: Hacmpolika napamempos anzopumma MoxXem eHecmu
3Ha4yumerbHbIU 8kad 8 MemoOlbl onmumu3ayuu daxe rnpu paspabomke
Opyaux Memasspucmu4ecKux aneopummos.

Kntoyesbie crosa: umumayuss omxuea, HacmpoUKa rnapamempos,
onmumusayus, memaaspucmuka.

OnTumanHo nogeluaBake napameTapa CUMYNMPaHOr Karbeha

Anaya Xemak
YHusepauteT Moxamep Byanjad y Mcunu, Oncek 3a padyHapcke Hayke,

JlTabopaTopuja 3a npumereHy nHdopmatuky (MTMAM),
Mcwuna, HapogHa [lemokpatcka Penybnvka Amxnp

OBJIACT: maTematuka, padyHapcke Hayke
KATETOPUJA (TUM) YNAHKA: opyruHanHm Hay4Hu pag

Caxemak:

Yeod/yurb: CumynupaHoO Karbere je MOhHa mexHUKa WUPOKO
npumerbugaHa y npobnemuma onmumusayuje. KpumuyHu MomeHam npu
egukacHoM Kopuwhery cumMmyrnupaHog KarbeH,a jecme rpasusiHo U
onmumasnHo rodewiasae HEe208UX rMapamemapa. Y pady je
rnpedcmaerbeH UHOBAMUBHU  rpucmyn  eghukacHoM riodewasarby

<>



napamemapa CuMysupaHo2 Karbera Yuju je Uurb nobosbliarke he208uUx
nepghopmMaHcu U 6p3uHe KoHeepzeHUuje.

Memode: bBydyhu Oda je cumynupaHu aneopumam UHcriupucaH
Memporionuc npouecom xnahera, ocHosHa udeja je da ce oaaj rnpouec
cumynupa u aHanusupa riomohy mamemamuykoe modena. [pednoxeHu
pad ce poKycupa Ha rnpasusiHoO rpecrukasare Mempormonuc npouyeca
xnahewa y obnacm aneopumama. MUHmenueeHmMHo rnodewasajyhu
memrepamypHu pacrioped, Kkao u bp3uHy pedykuyuje memrepamype u
xnahera, anzopumam onmumu3yje pasHomexxy usamMeRy ekcriiopayuje u
ekcriioamauuje, wWmo pesynmupa rnoborbuaHOM KOHBEP2EHUUOM U
pewerumMa 8UCOKO2 Kearumema.

Pesynmamu: [a 6u ce ucriumara eghukacHoOcm 0goe rpucmyria, Hajrpe je
npumMereH 3a MUHUMU3auujy usabpaHoe y30pKka yHKuuje, a 3amum Ha
eeh nosHamum ¢hyHkUujama ornmumu3sauuje. Pesynmamu roka3yjy 0a Haw
npucmyri, Ha3eaH onmumarsHo nodewasarbe napamemapa cumynupaHoe
Karbersa (Optimal Adjusting of Simulated Annealing parameters (OASA)),
demMoHCcmpupa  cyrnepuopHe  nepgopmaHce y  nopehemwy  ca
mpaduyuoHanHuM cmamudkum riodewasarbuma napamemapa, kao u ca
ocmanum rnocmojehum npucmynuma, mako Wwmo rokasyje kako 0a ce
ycriewHo nodece napamempu aneopumma CuMyrnupaHoe Karbera padu
rnobosbwasarba Hea2o8e eghukacHoCmMuU, 0OHOCHO Keanumema peuwera u
e8peMeHa rpouecuparba.

Sakrbyyak: Nodewasar-e napamemapa anzopumma mMoasno bu 3Ha4ajHo
Oda donpuHece obracmu onmumusauuje, Yak u kada je pedy o Opyaum
Memaxeypucmukama.

KrbyyHe pedu: cumynupaHo Karberse, rnodewasare rnapamemapa,
onmumu3auyuja, Memaxeypucmuka.
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