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Preface

The International Conference on Intelligent Computing (ICIC) was started to
provide an annual forum dedicated to emerging and challenging topics in artificial
intelligence, machine learning, pattern recognition, bioinformatics, and
computational biology. It aims to bring together researchers and practitioners
from both academia and industry to share ideas, problems, and solutions related
to the multifaceted aspects of intelligent computing.

ICIC 2025, held in Ningbo, China, July 26-29, 2025, constituted the 21st
International Conference on Intelligent Computing. It built upon the success of
ICIC 2024 (Tianjin, China), ICIC 2023 (Zhengzhou, China), ICIC 2022 (Xi'an,
China), ICIC 2021 (Shenzhen, China), ICIC 2020 (Bari, Italy), ICIC 2019
(Nanchang, China), ICIC 2018 (Wuhan, China), ICIC 2017 (Liverpool, UK),
ICIC 2016 (Lanzhou, China), ICIC 2015 (Fuzhou, China), ICIC 2014 (Taiyuan,
China), ICIC 2013 (Nanning, China), ICIC 2012 (Huangshan, China), ICIC 2011
(Zhengzhou, China), ICIC 2010 (Changsha, China), ICIC 2009 (Ulsan, South
Korea), ICIC 2008 (Shanghai, China), ICIC 2007 (Qingdao, China), ICIC 2006
(Kunming, China), and ICIC 2005 (Hefei, China).

This year, the conference concentrated mainly on the theories and
methodologies as well as the emerging applications of intelligent computing. Its
aim was to unify the picture of contemporary intelligent computing techniques as
an integral concept that highlights the trends in advanced computational
intelligence and bridges theoretical research with applications. Therefore, the
theme for this conference was "Advanced Intelligent Computing Technology and
Applications”. Papers that focused on this theme were solicited, addressing
theories, methodologies, and applications in science and technology.

ICIC 2025 received 4032 submissions from 21 countries and regions. We
selected 328 Poster papers from the remaining papers, included in four volumes.
These four volumes of Poster papers will be arranged on the open access website
http://poster-openaccess.com/.

The volume I includes 82 poster papers.
The volume II includes 82 poster papers.
The volume III includes 81 poster papers.
The volume IV includes 83 poster papers.


http://poster-openaccess.com/

The organizers of ICIC 2025, including The Society of International
Computing, Ningbo University, Eastern Institute of Technology, Ningbo, Ningbo
Institute of Digital Twin, Ningbo EIT Industrial Technology Institute, The
University of Nottingham Ningbo China, Tianjin University of Science and
Technology, and Xinjiang Institute of Engineering, made an enormous effort to
ensure the success of the conference. We hereby would like to thank the members
of the Program Committee and the referees for their collective effort in reviewing
and soliciting the papers. In particular, we would like to thank all the authors for
contributing their papers. Without the high-quality submissions from the authors,
the success of the conference would not have been possible. Finally, we are
especially grateful to the International Neural Network Society and the National
Science Foundation of China for their sponsorship.

ICIC 2025 General Chair
De-Shuang Huang
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Abstract. Accurate option pricing remains a key challenge in financial markets.
The Heston model, a widely adopted stochastic volatility framework, improves
pricing performance by accounting for time-varying volatility. However, its ef-
fectiveness critically depends on the accurate calibration of model parameters.
To address the limitations of traditional calibration methods, this study introduces
a novel framework that applies a multi-population genetic algorithm to search for
the optimal parameter values for the Heston model. The calibrated parameters are
then used to generate model-implied option prices. The framework is empirically
evaluated using option data from both the SSE 50ETF and the Hang Seng Index.
The results show that the proposed method provides more accurate parameter
estimates, and outperforms conventional approaches in both pricing accuracy and
computational stability. Moreover, it exhibits consistent performance across both
developed and emerging markets, underscoring its practical value for financial
derivative valuation.

Keywords: Heston Model, Multi-Population Genetic Algorithm, Option Pric-
ing, SSE 50ETF Options, Hang Seng Index Options.

1 Introduction

As a cornerstone of modern financial markets, option pricing continues to pose signif-
icant challenges in accurate valuation, making it a persistent focus for both academics
and practitioners. A major milestone in this area was the introduction of the Black-
Scholes (BS) model in 1973 [1], which provided an analytical solution for pricing Eu-
ropean-style options, and laid the theoretical foundation for modern derivatives pricing.
Despite its influence, the BS model relies on several strong assumptions: 1) asset prices
follow a log-normal distribution; 2) options are European, and can only be exercised at
expiration; 3) short selling is allowed; 4) there are no transaction costs; 5) there are no
dividends during the option’s validity; 6) there are no arbitrage opportunities; and 7)
trading is continuous. These assumptions are often violated in practice, resulting in sig-
nificant discrepancies between theoretical valuations and actual market prices.
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Moreover, the BS model is limited to European options, and does not generalize well
to American or exotic derivatives.

To address these limitations, numerous alternative pricing models have been intro-
duced, such as the jump diffusion model [2-5], stochastic volatility models [6-9],
GARCH-type models [10-12], wavelet-based models [13-14], and deep learning ap-
proaches [15-17]. Among these, stochastic volatility models have gained widespread
adoption for their ability in capturing empirical features of financial time series, includ-
ing volatility clustering and time-varying dynamics.

The Heston model [18] is one of the most commonly adopted frameworks for mod-
eling stochastic volatility. Its primary advantage lies in modeling volatility as a mean-
reverting square root process, which aligns well with observed market behavior. Addi-
tionally, unlike many other stochastic volatility models, the Heston model offers a
closed-form solutions for European option prices, improving computational tractability
and facilitating practical implementation.

As a parametric model, the calibration of the Heston framework involves estimating
a set of six key parameters:

0= {9: K, Vt; g, ,D' A}v

where 8 denotes the long-term price variance, k represents the rate of mean reversion,
I, is the instantaneous variance, o is the volatility of volatility, p is the correlation co-
efficient between two Brownian motions, and A represents the market price of volatility
risk. The calibration objective for the Heston model is typically formulated as a nonlin-
ear least squares problem:

Cmin = arg I’I}Zil‘l Z?:l wi{CiP(-Q) - CiM}2: (1)

where CM and CF (2) are the market-observed and model-predicted option prices, re-
spectively, w; is the sample weight, and n denotes the number of observed options.

Accurate parameter estimation is crucial for the Heston model’s pricing perfor-
mance. Existing estimation methods can generally be categorized into two categories:
traditional algorithms [1, 19] and modern intelligent optimization algorithms [16, 20].
While traditional calibration methods often exhibit slow convergence, susceptibility to
local optima, and challenges in conducting statistical inference, intelligent optimization
techniques, particularly the Genetic Algorithm (GA) [21], have attracted widespread
attention for their ability to perform global searches and handle complex optimization.
Several studies have successfully applied GA to the calibration of the Heston model,
reporting promising improvements in estimation accuracy and computational perfor-
mance [22-24].

Nevertheless, premature convergence, where an algorithm quickly settles on a local
rather than a global optimum, remains one of the most persistent challenges in conven-
tional GA [23]. In response to this issue, [25] proposed the Multi-Population Genetic
Algorithm (MPGA), which incorporates multiple independently evolving subpopula-
tions initialized with distinct strategies. By periodically exchanging individuals across
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subpopulations through an immigration operator [26], MPGA promotes population di-
versity, preserves elite individuals, and effectively mitigates premature convergence
[27]. Since its introduction, MPGA has found extensive application across various op-
timization domains, such as lot sizing [27-28], flow shop scheduling [29-30], multi-
label feature selection [31], binary classification [32], and predictive modeling [33].

Despite its demonstrated effectiveness in various domains, the application of MPGA
to option pricing remains largely unexplored. To fill this gap, this study introduces a
novel calibration framework for the Heston model (i.e, the MPGA-based estimation of
the Heston option pricing model), which employs MPGA identify the optimal values
of model parameters. The proposed approach is applied to calibrate and price options
on both the SSE 50ETF and the Hang Seng Index. Empirical results show that MPGA
not only effectively mitigates the premature convergence commonly observed in stand-
ard genetic algorithms but also significantly improves pricing accuracy.

The main contributions of this study are threefold: 1) it pioneers the use of MPGA
for calibrating the Heston model, providing a robust and adaptable approach to option
pricing; 2) the proposed framework is empirically validated in both developed and
emerging markets, demonstrating its generalizability and practical relevance; and 3) an
ask-bid weighting scheme is integrated into the calibration process to further improve
pricing accuracy.

The remainder of the paper is organized as follows. Section 2 provides an overview
of the Heston model. Section 3 details the calibration methodology based on MPGA.
Section 4 presents the empirical analysis using option data from both the SSE 50ETF
and the Hang Seng Index. Section 5 concludes the paper.

2 Heston Option Pricing Model

The Heston model [10] assumes the underlying stock price S, follows a stochastic dif-
fusion process:

dS, = uS.dt + \JV,S,dW¢, (2)
where p is the drift term, V, denotes the instantaneous variance of the stock price, and
W, represents a Brownian motion. The variance V, is modeled as a Cox-Ingersoll-Ross
(CIR) process [34]:

dv, = k(6 — Vy)dt + o[V, dW?, 3

where k, 8, and ¢ are positive constants, W;? is another Brownian motion. The corre-
lation between the two Brownian motions (i.e., W and W) is given by

thlthZ = pdt, (4)

where p € [—1,1] is a constant correlation coefficient.
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Under the standard no-arbitrage principle, the price U(S, V, t) of any derivative that
depends on the stock price S and V satisfies the following partial differential equation
(PDE) [1, 35]:

129U
SVStoz tpaVs

9%2U | 1 _,.,0%U au au U _
—BSBV+EO- VF+TS£+A15—TU+E—O, (5)
where 4, = k[0 — V] — A(S,V,t)aVV , ris the risk-free interest rate, and A(S,V, t)
represents the market price of volatility risk.

In the Heston model, the price C(S,V, t) of a European call option satisfies the same
PDE as Equation (5), with U replaced by C, i.e.,

2 2 2
SV I 4 poVS 2 4202V St

ac ac ac
952 2sav BV2+T'SE+A1£—TC+E—O. (6)

Since A(S,V, t) is not directly observable, Heston assumes it is proportional to volatil-
ity:

AS,V,t) = kVV,

where k is a constant.

Under the Heston model, the closed-form solution for pricing a European call option
(assuming no dividends) is given by:

C(S,V,t) =SP, — Ke"T-9p,, ©)

where K is the strike price, T is the maturity date, P; is the adjusted risk-neutral proba-
bility distribution functions, and P, is the risk-neutral probability distribution functions.

Due to the complexity of the pricing function, P, and P, are typically computed us-
ing the characteristic function approach combined with an inverse Fourier transform
[36-37]:

1. 1 ;4o e~ (s,v,7,)
R

du, j=1,2 (8)

wu

where i denotes the imaginary unit, Re|[-] extracts the real component of a complex ex-
pression, and f; represents the characteristic function of the log-asset price evaluated
under the risk-neutral probability measure, i.e.,

f}(s’ V, T, u) — e—iuln(S)+Cj(T—t,u)+Dj(T—t,u)V’ =T —t. (9)

The functions C;(z,u) and D;(z,u) are defined as:
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. dj‘L’
Cj(r, u) = ruit + % (bj — poui + dj) — 2In <1L>,

l—gj
bj—pgui+dj 1—edjt
Dj(T' U,) = dit |’

a? 1-gje’i

bj-poui+d;

where d; = \/(paui - bj)2 + 02(2ajui - uz) gj = a=k"6",a, = %,

bj—poui-d;’
a, = —%, by =x+A1—po, and b, =k + A. Using the put-call parity, the price
P(S,V,t) of a European put option is then given by:

P(S,V,t) = C(S,V,t) + Ke 70 — 5, (10)

Both the call and put option prices under the Heston model depend on six parameters,
namely, 2 = {k,0,0,p,V;, A}. Assuming A = 0 under the risk-neutral measure, the
number of parameters reduces to five, i.e., 2 = {k, 6, g, p, V;.}. Accordingly, this study
focuses on the five-parameter Heston model for calibration and pricing.

3 MPGA-Based Estimation of the Heston Option Pricing Model

The genetic algorithm was proposed by Professor Holland in 1975 [38]. Over time, it
has evolved into a class of adaptive search techniques widely studied in the literature
[39-40], which essentially explore potential solutions through local modifications
known as genetic operations, such as selection, crossover, and mutation. As a self-adap-
tive optimization algorithm, it iteratively improves solutions through recombination
and reproduction, favoring individuals with higher fitness values [38]. To handle mul-
tiple tasks, [25] extended GA to MPGA by employing multiple subpopulations rather
than a single population for genetic operations. Each subpopulation may utilize differ-
ent selection, crossover, and mutation strategies, along with distinct crossover and mu-
tation probabilities. Particularly, MPGA adopts a multi-population architecture, where
subpopulations evolve independently and periodically exchange individuals. This
structure enhances search diversity, speeds up convergence, and helps prevent entrap-
ment in local optima by maintaining high-quality solutions across generations [26].

With the increasing prevalence of multi-core CPU architectures and parallel compu-
ting techniques, transitioning from GA to MPGA is straightforward. This study adopts
a parallel population structure, where multiple subpopulations evolve independently
using different genetic strategies. The migration operator transfers the best individuals
from one subpopulation to others for further evolution. This process continues until the
optimal solution is reached. Specifically, the implementation of MPGA mainly consists
of initial population, encoding, fitness function, genetic operators, immigration opera-
tor, and iteration termination. Genetic operators includes selection, crossover, and mu-
tation.

(1) Initial population
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The initial population is the foundation of MPGA.. This paper uses a completely ran-
domized approach to generate multiple subpopulations. The number of subpopulations
is chosen to balance computational memory constraints while ensuring a strong overall
search capability.

(2) Encoding

Encoding plays a crucial role in genetic algorithms. Frequently adopted encoding
strategies include binary, continuous, and symbolic forms. This study employs binary
encoding for real-value representation of chromosomes. In the Heston option pricing
model, each chromosome represents a parameter set to be estimated, and different chro-
mosomes correspond to different parameter estimates. The advantage of binary encod-
ing is its ability to efficiently track genetic algorithm evolution paths while maintaining
simple encoding and decoding operations.

(3) Fitness function

The fitness function measures how well an individual chromosome (parameter set)
performs in approximating the option price. It is derived from the objective function as
follows:

fie = Lz il CP (@) = ¢, (1)

where ¢ and CM represent the model-predicted and market-observed option prices for
the i-th sample, respectively, w; are weights, and f; quantifies the pricing accuracy of
the k-th individual in the population. The larger the value f;, the worse the pricing ef-
fect and vice versa.

A proper choice of weights w; is crucial for optimization. Following [41], we use
the ask-bid weighting scheme, where w; = m and the ask-bid spread ask; —
bid; represents pricing discrepancies between buyers and sellers, making it an effective
weighting factor for option pricing analysis.

(4) Genetic Operators

GA employs three fundamental genetic operations: selection, crossover, and muta-
tion. First, the selection process identifies individuals with superior fitness to propagate
their genetic material. In this study, we adopt the random traversal sampling technique,
which is recognized for its unbiased selection and low expansion of individual samples
[23]. The selection probability p, for an individual k is defined as

- fr
IR
where N is the population size. Higher fitness values result in a greater probability of
selection.

Second, crossover operator is a process of facilitating recombination by exchanging
genetic material between selected individuals. This study employs the single-point
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crossover method, where a random crossover point is chosen in the gene string, and
genetic material is swapped between two parents, generating two new offspring. For
example,

Parent 1: 10011]0101
Parent 2: 11001]0001

Offsprings 1: 10011|0001
Offsprings 2:11001|0101

Third, mutation operator is a method of introducing diversity by randomly flipping
gene values at selected positions with a given mutation probability p,,. For example,
chromosome A = 11110001, mutating the third and fifth positions yields 11011001.
Mutation helps refine local search performance, and prevents premature convergence.

In the genetic algorithm, crossover and mutation work in tandem, with the former
promoting global exploration and the latter enhancing local search refinement. Their
probabilities, p. and p,,, play a critical role in balancing search strategies. Empirical
values typically fall within the following ranges: crossover probability p, € [0.7,0.9]
and mutation probability p,, € [0.001, 0.05].

(5) Immigration operator

The immigration operator allows for the exchange of high-fitness individuals among
subpopulations, promoting diversity and preventing premature convergence. By
spreading optimal solutions across populations, it enhances global search capability,
accelerates convergence, and improves overall algorithm stability.

(6) Iteration Termination

Each repetition of steps (3) to (5) constitutes an iteration, with results from one iter-
ation serving as the initial state for the next. MPGA employs two termination criteria:
fixed iteration count, where the algorithm stops after a predefined number of genera-
tions, and fitness stability, where termination occurs if the optimal individual's fitness
remains unchanged for several consecutive generations.

The MPGA flowchart (parallel population structure) is illustrated in Fig. 1.

4 Empirical Analysis: SSE 50ETF and Hang Seng Index Options

This study employs MPGA to estimate the parameters of the Heston model using
Shanghai SSE 50ETF stock index options and Hong Kong Hang Seng Index options.
The objective is to evaluate precision, accuracy, and effectiveness of MPGA in option
pricing across a developing market (Mainland China) and a developed market (Hong
Kong).
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Fig. 1. MPGA flowchart (parallel population structure)

To ensure the validity of the data analysis, the following preprocessing steps are
applied: 1) excluding options with zero trading volume; 2) removing options with re-
maining maturities exceeding 100 trading days; 3) filtering out call options that do not
satisfy the arbitrage-free condition:

C, = max(S, — Ke 7"9,0),

where C, and S, are the option and stock price at time ¢t, respectively, K is the strike
price of the option, r is the risk-free interest rate, and T is the maturity date. According
to the Put-Call Parity Theorem, every call option has a corresponding put option. Thus,
this study focuses solely on call options.

Following the approach in [41], this paper introduces ask-bid weights into the pro-
posed MPGA-based estimation framework for the Heston model. To evaluate the ef-
fectiveness of the ask-bid weighting scheme, an equal-weighting approach is also im-
plemented for comparison. The performance of each scheme is assessed using three
standard error metrics: mean squared error (MSE), root mean squared error (RMSE),
and mean absolute error (MAE), defined respectively as:
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1 ~
MSE = 10—y

1 ~
RMSE = |ZELi(i — v,

1 ~
MAE = 3 %419 — il

where ¥; and y; represent the model-predicted and market-observed option prices, re-
spectively, and N is the number of observations. For all three metrics, the smaller the
better.

In addition, to further assess the effectiveness of the proposed MPGA approach, we
compare its performance with several benchmark methods, including random sequence
Monte Carlo (MC), dual-variable Monte Carlo (Dual MC), control variable Monte
Carlo (Control variable MC), Nonlinear Least Squares (NLS), and conventional GA.
The Monte Carlo-based methods are implemented with 1,000 and 10,000 simulation
iterations, respectively.

4.1  SSE 50ETF Stock Index Options

As the first derivative instrument in China's capital market, SSE 50ETF options hold
significant pricing importance for option pricing research. This study utilizes a dataset
of European call options on the SSE 50ETF with transaction data from March 11, 2019,
to price the call options on May 7, 2019. The strike prices (in yuan) with expiration
dates on March 27, April 24, and June 26, 2019 are 2.10, 2.15, 2.20, 2.25, 2.30, 2.35,
2.40, 2.45, 2.50, 2.55, 2.60, 2.65, 2.70, 2.75, 2.80, 2.85, 2.90, 2.95 and 3.00. The closing
price of each option is taken as the average of the corresponding bid and ask prices. On
March 27, 2019, the closing price of the SSE 50ETF was 2.69 yuan, and the 3-month
SHIBOR was 0.0027565. When the time to expiration is less than 120 days, the 3-
month SHIBOR is used as the risk-free rate [42-43]. All data are sourced from the
Bloomberg database.

4.1.1 Parameter Estimation
For parameter estimation, we consider call options on March 11, 2019, and configure

MPGA with 10 subpopulations of 40 individuals each, evolving over 200 generations.
The crossover probability is randomly chosen within the range [0.7, 0.9], while the
mutation probability is drawn from [0.001, 0.05]. Table 1 reports the resulting param-
eter estimates for the Heston model.

Table 1. Parameter estimates of the call option on March 11, 2019

K 0 o p V;
6.5992 0.0543 2.0130 -7.34E-05 0.1096
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The final fitness value of the proposed algorithm is 5.37 x 107, which is notably
lower than those obtained by traditional NLS (5.54 x 107¢) and GA (5.51 x 107°),
indicating superior estimation accuracy. Fig. 2 illustrates the evolution of the average
fitness values across subpopulations. Each generation is represented by ten dots, with
each dot corresponding to the average fitness value of a distinct subpopulation.

x10°°

tia

10 20 30 40 50 60

Fig. 2. Evolution of the average fitness of each sub-population for SSE 50ETF. Note: the x-axis
denotes the number of generations, and the y-axis represents the fitness values.

During the first 20 generations, fitness values fluctuate substantially but gradually
stabilize, confirming MPGA's effectiveness in optimizing Heston model parameters.
Initially, the average fitness across all subpopulations is 8.38 x 10~¢, which steadily
converges to 5.37 x 107 by generation 40, demonstrating MPGA’s strong conver-
gence properties. These results corroborate the findings reported in [23].

x 1075

A 1

20 40 60 80 100 120

Fig. 3. Evolution of the best individual fitness value of each generation for 50ETF. Note: the x-
axis denotes the number of generations, and the y-axis represents the fitness values.
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Fig. 3 further depicts the best individual fitness value in each generation. After ap-
plying the immigration operator, the best fitness value exhibits an almost strictly de-
creasing trend, providing additional evidence of the effectiveness of the migration
mechanism in MPGA.

4.1.2 Option Pricing Results
Using the estimated parameters, we price European call options with times to maturity

of 0.0595, 0.1984, and 0.5595 years on May 7, 2019. The pricing results are reported
in Table 2. On that date, the closing price of the SSE 50ETF was 2.79 yuan, and a 3-
month SHIBOR was 0.0029220. The fourth and ninth columns of Table 2 list the actual
closing prices of the options, while the fifth and tenth columns provide the predicted
prices obtained using MPGA with ask-bid weights.

Table 2. Predicted prices via MPGA for SSE 50ETF on May 07, 2019.

No. |Maturity| Strike . Predicted | No. | Maturity | Strike .| Predicted
Date Prices True Prices Prices Date Prices True Prices Prices
1 [0.059 | 250 0.3071 | 0.3037 31 0.1984 2.95 0.0539 | 0.0729
2 |0.0595 | 255 0.2562 | 0.2584 32 0.1984 3.00 0.0413 | 0.0605
3 ]0.0595 | 2.60 0.2099 | 0.2151 33 | 0.1984 3.10 0.0234 | 0.0422
4 00595 | 265 | 01558 | 0.1745 | 34 | 0.1984 3.20 0.0135 | 0.0300
5 00595 | 2.70 0.1160 | 0.1376 35 0.1984 3.30 0.0086 | 0.0218
6 |0.059 | 275 0.0824 | 0.1055 36 0.1984 3.40 0.0057 | 0.0161
7 10.0595 | 2.80 0.0534 | 0.0788 37 0.5595 2.20 0.6404 | 0.6497
8 | 0.0595| 2.85 0.0368 | 0.0579 38 | 0.5595 2.25 0.6005 | 0.6052
9 |0.0595| 290 0.0246 | 0.0421 39 0.5595 2.30 0.549 0.5617
10 | 0.0595 | 2.95 0.0159 | 0.0305 | 40 | 0.5595 2.35 0.5046 | 05191
11 | 0.0595 | 3.00 0.0111 | 0.0221 41 0.5595 2.40 0.4612 | 0.4776
12 | 0.0595 | 3.10 0.0056 | 0.0117 42 | 05595 2.45 0.4195 | 0.4375
13 | 0.0595 | 3.20 0.0031 | 0.0062 43 0.5595 2.50 0.3793 | 0.3989
14 | 0.0595 | 3.30 0.0027 | 0.0034 | 44 | 05595 2.55 0.3421 | 0.3620
15 | 0.0595 | 3.40 0.0020 | 0.0018 45 0.5595 2.60 0.3109 | 0.3270
16 | 0.1984 | 2.20 0.6119 | 0.6108 46 0.5595 2.65 0.2769 | 0.2940
17 | 0.1984 | 2.25 05622 | 0.5633 47 0.5595 2.70 0.2462 | 0.2633
18 | 0.1984 | 2.30 05130 | 0.5163 48 0.5595 2.75 0.2204 | 0.2349
19 | 0.1984 | 2.35 0.4644 | 0.4700 49 0.5595 2.80 0.1924 | 0.2089
20 | 0.1984 | 2.40 04173 | 04245 50 0.5595 2.85 0.1674 | 0.1853
21 | 0.1984 | 2.45 0.3692 | 0.3801 51 0.5595 2.90 0.1466 | 0.1641
22 101984 | 250 0.3235 | 0.3370 52 0.5595 2.95 0.1286 | 0.1452
23 1 0.1984 | 255 0.2798 | 0.2956 53 0.5595 3.00 0.1118 | 0.1284
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24101984 | 260 | 02427 | 02563 | 54 | 05595 | 310 | 00834 | 0.1007
25 01984 | 265 | 02037 | 02195 | 55 | 05505 | 320 | 00620 | 0.0793
26 | 01984 | 270 | 01680 | 0.1858 | 56 | 05595 | 3.30 | 0.0453 | 0.0629
27 | 01084 | 275 | 01377 | 01556 | 57 | 05595 | 340 | 00335 | 0.0503
28 101984 | 280 | 01115 | 0.1293
29 | 01984 | 285 | 0087 | 0.1069

30 | 0.1984 2.90 0.0679 0.0882
Note: The unit for prices is Chinese Yuan, and the unit for time is year.

As shown in Table 2, the predicted prices closely align with the observed market
prices. However, when the actual market price is low, the relative error, which is de-
fined as the absolute price difference divided by the actual price, can appear dispropor-
tionately large. For example, in row 12, the actual market price is 0.00560, while the
predicted price is 0.01129. Although the absolute difference is only 0.00569, the rela-
tive error reaches 101.6%. This phenomenon can be attributed to several factors. First,
the small denominator amplifies the relative error. Second, while the Heston model
presumes a fixed risk-free rate, real-world interest rates tend to fluctuate over time.
Third, small residuals associated with low-price options have limited influence on the
fitness function in Equation (11), and thus may be deprioritized during optimization.

In addition, prediction errors tend to increase as the expiration date approaches. This
may be due to increased market activity and potential insider trading, which violate the
assumptions of the Heston model. For options with the same expiration, both actual and
predicted prices decrease as the strike price increases, and the prediction error tends to
diminish accordingly. This pattern arises because a higher strike price lowers the in-
trinsic value of the option for the buyer, thereby reducing its market price.

Table 3 reports the MSE, MAE, and RMSE results for SSE 50ETF options under
two weighting schemes: ask-bid weights and equal weights. The results clearly show
that incorporating ask-bid weights leads to more accurate pricing outcomes compared
to equal weighting, highlighting its effectiveness in improving model performance.

Table 3. Comparison results under two weighting schemes for SSE 50ETF.

w; = 1/|ask; — bid;| w;=1/n
MSE 0.00024 0.00028
RMSE 0.01544 0.01573
MAE 0.01383 0.01433

Table 4 reports the comparison results under various calibration methods. As ob-
served, the pricing accuracy of Monte Carlo-based approaches improves only margin-
ally as the number of simulations increases from 1,000 to 10,000. In contrast, GA sig-
nificantly outperforms the Monte Carlo methods, yielding notably lower errors across
all three evaluation metrics. Moreover, the proposed MPGA consistently outperforms
the standard GA, demonstrating superior optimization efficiency and pricing accuracy
across all scenarios.

12/1224



(0) 2025 International Conference on Intelligent Computing
; = July 26-29, Ningbo, China
https://www.ic-icc.cn/2025/index.php

i

Table 4. Option price comparisons for SSE 50ETF

Methods Number of simulation MSE MAE RMSE
10,000 0.00126 0.02824 0.03546

MC 1,000 0.00133 0.02839 0.03642

10,000 0.00119 0.02745 0.03456

Dual MC 1,000 0.00124 0.02756 0.03526
10,000 0.00118 0.02732 0.03438
Control variable MC 1,000 0.00119 0.02742 0.03454
NLS 0.01337 0.01337 0.04145

GA 0.00025 0.00504 0.01568
MPGA 0.00024 0.00477 0.01544

4.2 Hang Seng Index Options

In the Hang Seng Index Options analysis, we use the European call option from Sep-
tember 10, 2018, as the basis to price options on September 12, 2018. The dataset in-
cludes strike prices with maturities on September 27, October 30, and November 29,
covering strike levels from 24,600 to 28,600 in increments of 200. On September 10,
2018, the closing price of the Hang Seng Index was 26,613.42. The Hong Kong Inter-
bank Offered Rates (HIBOR) were 0.025556 on September 10 and 0.002554 on Sep-
tember 12, 2018. All data are sourced from the Bloomberg database. To ensure data
reliability, options with zero transaction volume are excluded.

4.2.1 Parameter Estimation

The parameter settings follow that used for SSE 50ETF options. As shown earlier, the
ask-bid weighting scheme improves pricing accuracy over equal weighting; therefore,
we adopt the ask-bid weights in this analysis. The Heston model parameters estimated
using this weighting method are

[k,0,0,p,V,] = [27.6044,0.0189,1.3214, —0.3086, 0.0497].

The evolution of the average fitness value of each subpopulation during MPGA op-
timization is illustrated in Fig. 4. Each generation is represented by ten dots, with each
dot corresponding to the average fitness value of a distinct subpopulation.

As shown in Fig. 4, the average fitness values within each subpopulation fluctuate
markedly during the first 10 iterations. However, the fluctuations diminish with contin-
ued iterations, and the values ultimately converge toward zero. Overall, the fitness val-
ues exhibit a downward trend, confirming the convergence behavior of MPGA. This
result is consistent with the findings for SSE 50ETF options.
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Fig. 4. Evolution of the average fitness of each sub-population for Hang Seng index options.
Note: the x-axis denotes the number of generations, and the y-axis represents the fitness values.

4.2.2 Option Pricing Results
Using the calibrated parameters, we price call option on September 12, 2018. On that

date, the closing price of the Hang Seng Index was 26,613.42, the 3-month HIBOR was
0.0025556, and the option maturities were T = 0.0675, T = 0.1984,and T = 0.3175
(in years). The pricing results are illustrated in Fig. 5.
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Fig. 5. Performance of MPGA for Hang Seng index options on September 12, 2018. Note: the
blue # denotes the true option price, and the orange m denotes the predicted values of the option
price obtained by the calibrated parameters.
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Consistent with prior findings, the option prices predicted by the MPGA-based
Heston model closely match the actual market prices. As noted in [23], traditional ge-
netic algorithms tend to exhibit larger prediction biases when market prices are rela-
tively low. In contrast, MPGA effectively mitigates this issue by generating predicted
prices that more closely align with observed transaction prices. For example, when the
actual market price is 19, the MPGA-predicted price is 18, reflecting a notable improve-
ment in accuracy. The close correspondence between predicted and actual prices further
confirms the effectiveness and practical feasibility of MPGA-based calibration within
the Heston framework, even in mature financial markets.

Table 5 presents the MSE, MAE, and RMSE results for Hang Seng index options
under various calibration methods. The results indicate that the control variate Monte
Carlo consistently outperforms both the standard Monte Carlo and dual-variable Monte
Carlo in terms of pricing accuracy. Moreover, increasing the number of simulations
leads to improved performance across all Monte Carlo-based approaches.

Table 5. Option price comparisons for Hang Seng index options.

Methods Number of simulation MSE MAE RMSE
10,000 1443.297 | 31.609 | 37.991

MC 1,000 2211.029 | 37.939 | 47.022

10,000 1427.873 31.551 | 37.787

Dual MC 1,000 2078.276 | 37.509 | 45.588
10,000 1415.718 31.246 | 37.626

Control variable MC 1,000 1679.885 | 32.776 | 40.986
NLS 1045.791 25.215 | 32.339

GA 305.763 15.763 | 17.486

MPGA 282.060 8.493 | 16.795

Compared with GA and NLS, the proposed MPGA yields substantially more accu-
rate price estimates. For instance, the MSEs of MPGA, GA, and NLS are 282.060,
305.763, and 1045.791, respectively, with the MSE of NLS being nearly four times
higher than that of MPGA. Moreover, MPGA demonstrates a greater advantage over
GA when market prices are higher. Specifically, for Hang Seng Index options, MPGA
reduces the MSE by 8% compared to GA, whereas for SSE 50ETF options, the reduc-
tion is approximately 4%.

In summary, the results of both empirical analyses demonstrate that the proposed
MPGA-based calibration framework substantially improves the predictive accuracy of
the Heston model across both developing (Mainland China) and developed (Hong
Kong) markets.
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5 Conclusion

This study presents a novel approach to parameter estimation for the Heston option
pricing model by employing a multi-population genetic algorithm to optimize model
parameters. To evaluate the performance of the proposed approach, we conduct empir-
ical analyses using option data from both a developing market (Mainland China, SSE
50ETF) and a developed market (Hong Kong, Hang Seng Index). The empirical results
highlight several advantages of MPGA: 1) it consistently outperforms benchmark al-
gorithms in identifying optimal parameter estimates; 2) it improves the accuracy of op-
tion pricing; and 3) it ensures a more stable and reliable evolutionary search process.
Moreover, the option prices derived from MPGA calibration are closer to observed
market prices, thereby yielding a more accurate implementation of the Heston model.
Notably, the performance gain of MPGA is relatively modest when market prices are
low, but becomes significantly more pronounced as prices increase.

For future research, two promising directions are identified. First, while optimization
algorithms for European-style options are relatively mature, extending these methods
to American-style options and other path-dependent derivatives remains a substantial
challenge. Second, many pricing models adopted by exchanges are built on restrictive
assumptions. Exploring techniques to relax these assumptions, and enhance model flex-
ibility represents a valuable avenue for further investigation.
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Abstract. The performance of Particle Swarm Optimization algorithms when
solving complex problems is highly dependent on parameter settings and prone
to premature convergence. This paper proposes a Reinforcement Ldmséty
adaptive multisubgroup PSO framewortermed PPOPSO, designed to enable

an RL agent to learn online and dynamically adjust the core behavioral parame-
ters of multiple parallel PSO subgroups.This framework utilizes Proximal Policy
Optimization as the RL agent. Its decisioaking process is infmed by a state
representation that incorporates rich historical performance indicators. Further-
more, it independently selects actions for each subgroup from a predefined set of
parameter configurations, each representing different search strategiesnThe c
trolled multisubgroup PSO system integrates a periodic elite particle migration
mechanism to foster information sharing and maintain diversity among the sub-
groups.This design transforms the parameter adaptation challenge into a sequen-
tial decisioamaking process. This allows the system to autonomously balance
exploration and exploitation based on the optimization stage and the state of each
subgroup. Preliminary experimental results on the CEC2013 standard test func-
tion set indicate that, through dynanpiarameter adjustment empowered by re-
inforcement learning, the proposed PPOPSO framework can exhibit superior per-
formance compared to traditional methods, offering a promising new approach
for complex optimization problems.

Keywords: ParticleSwarm Optimization, Reinforcement LearningProximal
Policy Optimization

1 Introduction

Evolutionary algorithms represeatclass of typical gradieffitee blackbox optimiza-

tion methodEl]. Based on Darwin's theory of evolution, they iteratively evolve solu-
tions. Over the past few decades, evolutionary algorithms have become a research
hotspot in both academia and industry due to their demonstrated high efficiency and
robustnes in solving complex optimization problems. They have provided powerful
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optimization tools for numerous fields, including material structure dgifjrrobot
pathplannind10], and multiobjective schedulirid g].

Among these algorithms, Particle Swarm Optimization (FEQ9 widely used due
to its few paramters, simple structure, and ease of implementation. Proposed by Ken-
nedy and Eberhart in 1995, PSO was inspired by social behaviors such as bird flocking
and fish schooling, and explores the problem space by updating the velocity and posi-
tion of particlesHowever, research indicates that as the dimensionality of optimization
problems increases, PSO suffers from drawbacks such as premature convergence and
poor convergence performance. For instance, it is prone to converging to local optima
too early, and thpopulation diversity rapidly decreases in the later stages of the search,
thereby affecting its global search capabfili§]. To overcome these shortcomings,
many nethods have been proposed to adaptively set particle swarm parameters for im-
provementl]. For example, the literatUrkr] designed two mutation operators to en-
hance the exploration ability of the particle swarm. However, these methods often re-
quire expert experience to design control rules, which limits their adaptability.

In recent years, Reinforcement Learning (RY), with its ability to learn through
interaction with the environment in complex decisimaking problems, has provided
a new perspective for the adaptive control of optimization algorithm parameters. Com-
pared with traditional adaptive methods, RL can ammoously learn control strategies,
reducing the dependence on prior knowld@hdnspired by this, we propose an adap-
tive parameter control framework based on @icément learning, which uses the PPO
algorithm. By observing the running state of PS8, it selects appropriate parameter
configurations for multiple paralleielving subpopulations (particle swarms), aiming
to balance global exploration and local exploitation capabilities in different optimiza-
tion stages, and to promote effective information sharing and migration among subpop-
ulations.

The main contributions dhis paper can be summarized as follows:

1. We propose a novel musubgroup PSO parameter dynamic control framework
based on Proximal Policy Optimization. This framework allows the RL agent to in-
dependently and adaptively select and switch the core coiatraineters of PSO for
multiple parallel evolving subgroups based on-teak feedback of the optimization
state, rather than relying on fixed or predefined parameter decay strategies.

2. We design a reinforcement learning state representation method thaescich
historical performance indicators. The state vector not only includes the current us-
age of function evaluation resources but also incorporates past historical infor-
mation. This temporal state representation provides the agent with deep imtahts
search trends and the recent performance of each subgroup, helping it to learn longer
term control strategies.

3. We divide the particle swarm into multiple subgroups and construct an integrated
periodic elite migration strategy. This migration mechanigims to promote
knowledge sharing, maintain population diversity, and synergize with the dynamic
parameter regulation of the RL agent to jointly enhance the algorithm's global search
capability and convergence performance.
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These contributions collectivebonstitute a complete PSO system that cancgelf
timize through learning, providing a promising new approach for solving complex op-
timization problems. Furthermore, through experimental verification on the CEC2013
standard test function set, we demonstithie potential and effectiveness of the pro-
posed RL control strategy compared to fbygtameter PSO and some other adaptive
methods.

The remainder of this paper is organized as follows: Section 2, Related Work, intro-
duces particle swarm optimization arginforcement learning. Section 3 introduces a
multi-particle swarm optimization based on Proximal Policy Optimization. Section 4
discusses and analyzes the experimental results. Section 5 summarizes the conclusions
and proposes directions for future work.

2 RelatedWork

2.1 Particle Swarm Optimization

PSQ7] explores the search space through a swarm of particles. Each particle represents
a potential solution to the optimization problem and adjusts its flight trajectory based
on its own experiereand the experience of other particles in the swarm.

In the PSO algorithm, each partickn the swarm has its current positidpand
current velocityRjn the &dimensional search space. Simultaneously, each particle
records the best position it has visited so far, known as the personal best solution
L > ARpFurthermore, the best position found by the entire swarm so far is tracked as
the global best solun C > A @l movement of each particle is influenced by three
factors: its current velocity, its personal best solution, and the global best solution.

The core of the PSO algorithm lies in iteratively updating the velocity and position
of each partie. In each iteratior? the velocity of particleln the @h dimension is
updated according to the following formula:

Ry«PEs; LS, RjxBRE% N, KL>AQPFTy.Ro 1
E%.N.KkC>MBOP F Ty<Ro @D
where Sis the inertia weight, used to control the influence of the previous velocity
on the current velocity, thereby balancing global exploration and local exploitation ca-

pabilities. 2 and % are acceleration constants, representing the cognitweiihg fac-
tor and the social learning factor, respectivéjand N are random numbers uniformly
distributed in the range [0, 1. > AR: P is the personal best position of partidia
the @h dimension as of iteratiofPand C > AOR is the global best position found by
the entire swarm in th@th dimension as of iteratioP

Subsequently, the position of partichn the @h dimension is updated based on its
updated velocity:

To<PEsS; L Ty<B E Ry<PEs; 2
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This iterative process continues until a preset stopping condition is met, such as
reaching the maximum number of iterations or obtaining a sufficiently good fithess
value.

2.2 Reinforcement Learning

Reinforcement Leaing (RL)[14] is a machine learning method where an agent learns
an optimal policy through interaction with an environment. In reinforcement learning,
after takingan action=in a specific stateDthe agent receives a rewaktom the en-
vironment and transitions to a new staldts objective is to find a polic\N: = Qthat
maximizes the cumulative reward obtained by the agent over the long term. The policy
in reinforcement learning can be updated based on value functions. Common value
functions include the statelue function8 :Qand the stataction value function

3 :G&;, which represent the expected cumulative reward when following pbilicy

state Qand the expected cumulative reward when taking actionstate Gand then
following policy & respectively. Typically, the value function update formulahés t
Bellman expectation equation:

3 :G; L' NEWB :F; Ge? (3)

where @s the discount factomysed to balance the weight of current rewards and
future rewards. The policy can be updated based on the value function, for example,
using policy gradient methods, where the update formula is:

I aL'wd Z€ :1=Q3 :G;? 4

By continuously iterating through policy and value function updates, reinforcement
learning enables the agent to gradually learn the optimal behavioral policy in the envi-
ronment to maximize lonterm cumulative rewards.

3 Methodology

3.1 The PPOPSO Framework

The novel optimization algorithm proposed in this paper, named PPOPSO, combines
Proximal Policy Optimization (PPO) with mulubgroup Particle Swarm Optimiza-

tion , aiming to achieve dynamic adaptive control of PSO's core parameters. Firstly, a
random initialization method is employed to initialize PPO's policy netwbr&nd the
multiple subgroups of PSO particles. Secondly, action selection is performed by the
PPOpolicy network based on the current st&ewhich predicts an optimal operator
configuration =.for each subgroup. Thirdly, according to the actions selected by the
PPO agent, each subgroup executes the corresponding particle update operations and
evaluates their fitness. Then, the historical experier@é=.aNaQ. 5 ; generated during

this decision cycle is recorded in the experience buif8ubsequently, the PPO policy
network parameters are updated based on the data in the experidaceTlmef pseu-
docode for PPOPSO is shown in Algoritim
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3.2  State Design

The state vectog at decision stefHs a concatenation of several key pieces of infor-
mation. It can be represented as:

SLX. P%oe@@oe&ia%oe@@

©)
()/ﬁozé)/go jSe%i Wo Jof
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Let * be the history length anfi_be the number of subgroups. Metrics from t&e
RL steps preceding the current stBjre denoted with the superscrifRF G.

1. Normalized Function Evaluations (r g ™s.): This scalar valueepresents the pro-
portion of the total optimization budget € T4(' Q that has been consumed. It is

calculated aq' Qsss5P L (,:/a:?a where (" Qis the number of function evalua-
tions consumed up to RL stdpand (' Qg sis the maximum allowed number of
function evaluations. This component helps the agent understand its current position
on the optimization timeline.

2. Historical Performance Metrics: To provide the agent with an understanding of
performance trends, trstate includes a history of key metrics over a defined win-
dow of * previous RL steps (wher¢ is history_len). For each of thegesteps, two
types of metrics are recorded:

F Global Best Cost (0.-.w); The global best fitness value found by anytipkr
across all swarms up to that historical point.

F Average Personal Best Cost per Swarmé - wg)}: For each of thed swarms
(where 04s num_swarms), this is the average of the personal best fithess values
of all particles within that swarnir

During initialization, the historical components are populated with a predefined large
value to represent a poor initial state.

3.3  Action Design

The agent's action is the primary means by which it interacts with and exerts control
over the Particle Swar®@ptimization process. The design of the action directly influ-
ences the agent's ability to adjust the PSO's behavioral strategy, thereby affecting over-
all optimization performance.

The action space includes five action configurations as shown in the Ezldle.
configuration contains specific PSO parameters, such as the inertia &eitjlet cog-
nitive learning factor?, and the social learning fact@. Table 1 details these five
configurations and their specific parameter values.

Table 1. Predefined PSO Parameter Configuration Options

S 2 % Other Parameters Description

rgt{ s&{vvy s&{vvw - Standard PS@arameters
rg s& séd - Strong Exploration
r& séd s& - Strong Exploitation
) siy iy Sioavk (T4AW; LlnearI)t/iaD\e;\%(ie;ﬁtlng Iner
r& té& s& - Another parameter variar

These configurations can cover multiple strategileyving the agent to assign ap-
propriate exploration or exploitation strategies to each particle swarm based on its cur-
rent state and historical performance.
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The agent selects a specific PSO parameter configuration for each independent par-
ticle swarm in tle environment. At each decision stgythe action#_selected by the
agent can be represented as a vector contaibysiements:

# L £ QE BE & Bos9 (6)

where E ®is an integer index representing the number of the predefined parameter
configuration selected for thBth particle swarm.

By selecting from these preset configurations, after the action is executed, the chosen
configuration will guide each particle smato operate according to the parameters of
that action configuration. This mechanism enables the RL agent to periodically and
specifically adjust the operating parameters of the mulirm PSO to adapt to the
characteristics of the optimization probleindifferent stages.

3.4 Reward Design

The global best cost is denoted ¥y o I ie global best cost at the end of the previous
RL decision stepPF sis denoted a%?éga;'@e improvement in cost, % is calcu-
lated as the difference beten these two:

O/el- O/é?osﬁggo/é()@aag (7)

A concise design is adopted to evaluate the immediate effect of the action selected
by the agent at step The specific rules for assigning the rewakgcare as follows:

Esdaac" % P r
4l Vermacop Lo (8)

This penalty mechanism aims to encourage the agent to avoid selecting parameter
configurations that lead to algorithm stagnatioperformance degradation.

PSO Environment

Update
. > wes
o___ .ee

'y

Actions Set

Explore Exploit |

Balance e (
- [
Z

Old Policy Network /\'}( e
\ { c
Policy Network

—GAE Backprop Updates Q

s Value Network T

Fig. 1. The PPOPSO Framework Workflow.
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3.5 Training Process

As shown in

Fig. 1, in the reinforcement learnirgpntrolled PSO framework proposed in this paper,

the PPO algorithm is used to train an agent. This agent dynamically selects the optimal
core control parametepnfigurations based on the rdahe state of the PSO algorithm.

The training process of PPO is an iterative online learning process, where the agent
collects experience by interacting with the PSO environment and uses this experience
to update its policyetwork and value function network.

Action Problility

Policy Network //\F\

Balance  Explore Exploit

——> ' (Balance” (Exploreé  Exploit

-1 ft=1 gt=1
Covest  Cpvesta ,,, Cpbestns

1 Ft-1 Ft-1

FESnorm(ty  Cgbest  Cpbesta ,, Cpbests
(-1 Ft-1 st-1
Cgbest  Cpbesta ,,, Cpbestw,

Balance  Explore Exploit

PSO State

Fig. 2. Action Selection Mechanism via Policy Network.

At each RL decision time stepthe agent first observes the current s@feom the
PSO environment. As shownfiig. 2, after the policy network receives the st&ets
output layer generates a corresponding "logit" value for each subdemupeach pos-
sible paramter configuration indexG denoted as v : QaE. These logits are then in-
dependently transformed into probability distributions for each subgFasing the
Softmax function.

The probability of selecting th&th parameter configuration for thigh subgroup,
2k=4 L GRQaEg s calculated as follows:

s '@Y@:Q@;A
2k=4 L GRQaaolL s - — 9
Afoas 5 '@Qypo: QA

After the PSO completes its evolution, the RL enuvinent evaluates its perfor-
mance. Firstly, the environment returns an immediate rewabésed on the improve-
ment in %, .compared to the best cost at the end of the previous RL step. Simultane-
ously, the environment generates and returns the next@aterhis complete inter-
action data, i.e., the experience tup@a=ayaQ. s ;, along with the log probability of
the action= under the old policyZ * %.,,:=; Q;, are collected together. This serves
as the basis for the subsequent PP®©rélgn to update the policy network parameters
E
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Concurrently, a value function netwofl: Q; works in coordination. The goal of
this network is to learn to estimate the the state v8Iu@;that can be obtained by
following the current policy giverhe PSO state& where represents the parameters
of the value function network.

During the training process, the agent first uses the current piligyto interact
with the PSO environment and collect a batch of experience data. Then, using this data,
it performs multiple iterative updates on the paramekansd through stochastic gra-
dient ascent and stochastic gradient descent, respectively.

3.6  Network Architecture

Both networks employ a MuHiayer Perceptron structure. Specifically, both the policy
network and the value network consist of an input layer, two hidden layers each con-
taining 64 neural units (using Tanh as the activation function betwdderhiayers),

and an output layer. The common input for both networks is the state W@atth a
dimension ofs E * H:s E 04, which is specifically determined by the state represen-
tation of the PSO environment.

For the policy network (Actor), its outpldyer is a linear layer with an output di-
mension of0,H w This output corresponds to the logit values for selecting one action
from the 5 predefined PSO parameter configurations for each o thebgroups.
These logits are then converted into pralitéds for each action via the Softmax func-
tion (applied independently to the action selection for each subgroup). For the value
network (Critic), its output layer is also a linear layer, outputting a scalar value with a
dimension of 1, which is the valestimate 8 : Q; for the current state

Table 2. PPO Network Architecture

Value Network (Critic Network) Policy NetWork(Actor Network) ]
Operation Parameters Operation Parameters

Layer No.

1 LinearullyConnected) EBA=P QINSE HISEO. K UBA=PQINAO  Linear(FullyConnected)  E&BA=P QIN®E* H:s E 0, & QBA =P QNAO
2 Tanh(Activation) - Tanh(Activation) -

3 Linear(FullyConnected) E&BA=P QINAGK QB A = P QINAO Linear(FullyConnected) EdBA=P QINAGK QB A = P QINAO

4 Tanh(Activation) - Tanh(Activation) -

5 Linear(ValueOutput) E2BA=P QINAGK QBA=P QINA O Linear(PolicyLogits) E2BA=PQINAK QBA=P QING.E W

3.7 Particle Migration

To enhance the global search performance of the proposedsurudioup particle
swarm optimization algotitm and effectively prevent individual subgroups from prem-
aturely converging to local optima, this study designs and implements arsubter
group particle migration mechanism. The core objective of this mechanism is to pro-
mote the exchange and sharing a@fthguality information among different subgroups.
The particle migration mechanism in this study is triggered at a predefined fixed
iteration interval+ .
The migration process begins by selecting a predetermined nubghegof the
best individuas from each source subgrolibased on their personal best fitness values
(L>A®@RDtB serve as migrating particles. These elite particles then migrate follow-
ing a unidirectional ring topology, i.e., from the source subgrBopthe targesub-
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group F L :FE s;” 0, where 04s the total number of subgroups. In the target sub-
group F these incoming elite particles replace an equal number of particles with the
currently worst personal best fitness values. This "survival of the fittestiomplent
strategy helps to improve the overall solution quality of the target subgroup and may
introduce new effective search directions.

The velocity vectors of newly migrated particles are completelpitialized ran-
domly within preset velocity limitsThis velocity reset operation aims to eliminate the
flight inertia carried over from the particle's original subgroup, thereby enabling it to
adapt more quickly to the new subgroup's local search environment and the search dy-
namics currently guided by thpgarameters set by the reinforcement learning agent.

4 Experiments

4.1 Experimental Setup

The experiments utilize the CEC 2013 standard test function set for performance eval-
uation. For each test function, the problem dimensias set to 30. The total number

of particles in the Particle Swarm Optimization is set to 100, which are allocated to
0,L vsubgroups. A periodic elite migration strategy is employed within each sub-
group, with a migration interval set to 10 PSO iterations, a migration rate of 0.1, and a
velocity clamping factor of 0.5. The maximum number of function evaluatfonQ ¢ &

is set tot Hs 18,

The training of the PPO agent uses the following main hyperparameter settings:

The minibatch size is 64; the number of PPO optimization epochs is 10; the discount
factor @s 0.99; the GAE parametdiis 0.95; the PPO clipping range clip_range is 0.2;
the entropy coefficient is 0.01 to encourage exploration.

The algorithm performarcis primarily evaluated using metrics such as the mean
and standard deviation of the best objective function values obtained over multiple in-
dependent runs, and the average number of function evaluations required to converge
to a specific precision.

All experiments were executed in a specific computational environment. The oper-
ating system was Ubuntu 24.04.1; the CPU was an Intel(R) Xeon(R) Gold 6136 CPU
@ 3.00GHz; the GPUs were 8 NVIDIA Tesla VIBCIE-32GB units; and the system
memory was 512GB. The meith framework was implemented using Python 3.9 and
PyTorch.

4.2  Effectiveness of the involved strategies

To validate the effectiveness of our method, we designed three variants of the approach:
PPOPSOL1: Sets the history length H to 1.
PPOPSO2: Sets thmpulation size to 1 and does not use the migration mechanism.
PPOPSO3: Removes the control part of the PPO agent.
These variants aim to isolate and evaluate the impact of the key components in our
proposed PPOPSO method: historical information, populdiigersity and migration,
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and PPO agent control. The four methods were run independently 51 times on each
function, and the average of these runs was taken as the result.

The rankings of the four algorithms on different test functions are presented in the
form of a heatmap. PPOPSO is displayed on the bottom row of the heatmap, showing
the most outstanding performance. This demonstrates the effectiveness of our proposed
method, indicating that the PPO agent is the core driver of performance. Historical in-
formation provides a basis for PPO's decisions, helping to improve performance. Sub-
groups and migration enhance the algorithm's exploration capabilities and robus_tpess.

Algorithm Ranks Heatmap 35

3 roorsc? . . ... .. .
E i- -
-2.0

FL F2 F3 F4 F5 P& F7 FB F3 Fl0 FIl Pz Fl3 Fl4 Fs F16 FL7 P18 Fle 20 F2l P22 F23 P24 F2S F26 P27 28
Function

PPOPSOL -

Algerithm Variants

Fig. 3. Alogrithm Ranks Heatmap

Simultaneously, we condted the Wilcoxon signerhnk tedt4] for statistical anal-
ysis. The results of the Wilcoxon signeahk test are shown ifiable 3. Specifically,
all calculated prvalues (7.07ED3, 4.73E04, and 3.73ED8, respectively) are far below
the preset significance levels efL r&wand =L r & This clearly indicates that the
performance improvenme demonstrated by PPOPSO over its three variants is highly
statistically significant.

Table 3. Wilcoxon Test Results

PPOPSQrs 4> 47 < lvalue | =L raw| =L r&
PPOPSO1 319.0 87.0 -2.693 | 7.07E03 yes yes
PPOPS0O2 349.0 57.0 -3.496 | 4.73E04 yes yes
PPOPSO3 403.0 3.0 -5.503 | 3.73E08 yes yes

Fig. 4 shows the effect of the convergence curves for PPOPSO and its three variants.
It can be seen that it achieves the best results on differéfuesons.
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Fig. 4. Convergence curves for PPOPSO and its variants on some functions.

4.3 Performance Comparison

The performance of PPOPSO was evaluated using the CEQR@ERchmark test
set. For comparison, six algorithms were employed, including [BBGHPSQ5],
QLPS{11], SOA2] , GWOWOA[12] , and OOA3]. The test results of the compar-
ison algorithms are listed ifable4 . Each algorithm underwent an equal number of
evaluations on each function.

To reduce the impact of experimental errors, each function was run independently
51 times, and the average of these runs was taken asstife The mean and standard
deviation for each function under the 30D dimension were recorded for all comparison
algorithms. The best value among all algorithms for each function is highlighted in
bold. The bold data represents the best result obtaimed€h function across all com-
parison algorithms. The comparison results show that PPOPSO achieved an average
rank of 1.78, the highest average rank among all algorithms.

Fig. 5. curves of some functiorshows the convergence curves of PPOPSO against
the comparison algorithms on some of the CEC 2013 test functions. It can be clearly
observed from the figure that PPOPSO exhibits excellent cgenee performance on
most functions. This is mainly attributed to the reinforcement learning mechanism,
which enables the algorithm to adaptively adjust its strategy based on the current search
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state, effectively avoiding the stagnation phenomenon thay rother algorithms are
prone to.

Fig. 6. Boxplots of some functiondisplays the box plots of the final fitness values
obtained by each algorithnt.dan be seen from the figure that PPOPSO demonstrates
high stability on most functions. This stability benefits from the synergistic effect of
the PPO agent's learning ability and the population migration mechanism, allowing the
algorithm to more reliablyonverge to higigyuality solution regions and effectively
reduce the likelihood of getting trapped in local optima.

Table 4. Running results of algorithms in the CEC2013-[30

Function Metric ABC SHPSO QLPSO SOA OO0A GWO-WOA PPOPSO
F1 Mean 2.90E+03 -1.29E+03 1.10E+02 4.19E+04 2.16E+04 8.84E+01 -1.34E+03
Std 7.87E+02 3.99E+02 1.77E+03 4.38E+03 6.40E+03 7.55E+02 2.23E+02
F2 Mean 3.00E+08 4.90E+07 1.38E+07 4.61E+08 1.76E+08 4.43E+07 2.71E+07
Std 5.62E+07 2.93E+07 7.11E+06 1.64E+08 9.40E+07 1.43E+07 1.09E+07
F3 Mean 5.42E+10 1.94E+10 1.74E+10 1.23E+15 2.83E+12 6.05E+09 6.40E+09
Std 5.20E+09 1.40E+10 1.47E+10 3.32E+15 1.08E+13 2.99E+09 7.17E+09
Fa Mean 1.10E+05 5.04E+04 3.81E+04 5.85E+04 4.58E+04 3.45E+04 5.81E+04
Std 1.16E+04 1.31E+04 1.08E+04 5.11E+03 7.81E+03 9.26E+03 1.57E+04
5 Mean 1.03E+03 -7.84E+02 -5.22E+02 4.79E+04 1.05E+04 -1.28E+02 -9.89E+02
Std 3.34E+02 3.68E+02 6.55E+02 1.82E+04 4.47E+03 3.10E+02 3.47E+01
6 Mean -4.62E+02 -8.02E+02 -7.57E+02 7.01E+03 1.68E+03 -7.26E+02 -8.32E+02
Std 6.74E+01 3.46E+01 9.10E+01 1.66E+03 1.02E+03 6.83E+01 2.90E+01
= Mean 1.67E+05 1.47E+05 9.82E+04 1.74E+07 2.36E+06 8.24E+04 1.10E+05
Std 1.08E+04 2.50E+04 2.75E+04 1.45E+07 5.53E+06 1.49E+04 2.83E+04
= Mean -6.79E+02 -6.79E+02 -6.79E+02 -6.79E+02 -6.79E+02 -6.79E+02 -6.79E+02
Std 5.89E02 4.43E02 5.40E02 6.40E02 4.83E02 4.87E02 8.60E02
Fo Mean -5.60E+02 -5.68E+02 -5.79E+02 -5.63E+02 -5.65E+02 -5.76E+02 -5.72E+02
Std 1.07E+00 3.03E+00 4.48E+00 1.39E+00 2.13E+00 2.48E+00 3.65E+00
F10 Mean 1.32E+03 -3.23E+02 -2.23E+02 5.48E+03 2.43E+03 -1.06E+02 -4.30E+02
Std 2.60E+02 1.19E+02 2.21E+02 9.15E+02 7.07E+02 1.42E+02 5.99E+01
F11 Mean -8.29E+01 -3.07E+02 -2.88E+02 3.15E+02 1.28E+02 -1.74E+02 -3.01E+02
Std 1.60E+01 2.18E+01 2.67E+01 5.41E+01 9.55E+01 3.34E+01 3.49E+01
F12 Mean 4.98E+01 -8.44E+01 -1.78E+02 3.62E+02 2.12E+02 -4.23E+01 -1.80E+02
Std 1.96E+01 6.24E+01 3.76E+01 4.40E+01 8.22E+01 2.36E+01 3.44E+01
F13 Mean 1.35E+02 7.62E+01 5.84E01 4.06E+02 2.80E+02 4.61E+01 -8.48E+00
Std 2.13E+01 3.72E+01 3.33E+01 5.50E+01 8.14E+01 2.11E+01 4.01E+01
F14 Mean 7.56E+03 2.94E+03 4.04E+03 7.21E+03 5.85E+03 7.26E+03 3.09E+03
Std 2.36E+02 5.57E+02 8.95E+02 2.63E+02 6.31E+02 5.76E+02 5.94E+02
F15 Mean 7.98E+03 5.66E+03 7.12E+03 7.76E+03 6.49E+03 7.81E+03 4.65E+03
Std 2.74E+02 6.41E+02 1.05E+03 2.76E+02 7.46E+02 3.75E+02 5.77E+02
F16 Mean 2.03E+02 2.02E+02 2.03E+02 2.03E+02 2.03E+02 2.03E+02 2.01E+02
Std 3.35E01 5.95E01 4.06E01 4.09E01 4.29E01 4.29E01 5.84E01
F17 Mean 8.33E+02 4.32E+02 4.13E+02 1.06E+03 8.93E+02 5.55E+02 4.27E+02
Std 4.58E+01 2.73E+01 2.46E+01 5.17E+01 8.18E+01 2.38E+01 2.72E+01
F18 Mean 8.78E+02 5.09E+02 5.70E+02 2.42E+03 1.76E+03 7.05E+02 5.14E+02
Std 3.65E+01 3.35E+01 7.48E+01 1.55E+02 2.24E+02 4.05E+01 3.11E+01
F19 Mean 2.33E+03 5.28E+02 5.24E+02 4.05E+05 6.73E+04 5.65E+02 5.12E+02
Std 8.52E+02 2.08E+01 2.76E+01 1.47E+05 6.40E+04 9.14E+01 3.56E+00
F20 Mean 6.15E+02 6.14E+02 6.13E+02 6.15E+02 6.14E+02 6.13E+02 6.13E+02
Std 1.92E01 6.02E01 4.53E01 1.59E01 5.56E01 7.55E01 5.92E01
Fo1 Mean 2.78E+03 1.61E+03 1.70E+03 3.18E+03 2.75E+03 1.94E+03 1.58E+03
Std 1.02E+02 2.96E+02 2.95E+02 1.49E+02 1.34E+02 1.23E+02 3.23E+02
F22 Mean 9.03E+03 4.08E+03 5.01E+03 8.80E+03 7.64E+03 8.05E+03 4.54E+03
Std 3.87E+02 6.25E+02 9.69E+02 2.67E+02 6.39E+02 8.31E+02 7.49E+02
F23 Mean 9.21E+03 6.97E+03 7.99E+03 9.22E+03 7.83E+03 8.74E+03 5.97E+03
Std 3.39E+02 8.64E+02 1.17E+03 3.80E+02 6.33E+02 5.81E+02 7.79E+02
Fo4 Mean 1.30E+03 1.28E+03 1.26E+03 1.37E+03 1.31E+03 1.26E+03 1.28E+03
Std 2.86E+00 8.18E+00 8.13E+00 1.68E+01 1.13E+01 6.03E+00 9.09E+00
F25 Mean 1.42E+03 1.39E+03 1.38E+03 1.49E+03 1.42E+03 1.39E+03 1.39E+03
Std 3.67E+00 7.81E+00 8.67E+00 9.46E+00 7.10E+00 6.57E+00 9.04E+00
F26 Mean 1.46E+03 1.54E+03 1.51E+03 1.56E+03 1.57E+03 1.56E+03 1.47E+03
Std 1.08E+01 6.85E+01 7.07E+01 7.68E+01 6.09E+01 3.17E+01 8.08E+01
Fo7 Mean 2.65E+03 2.43E+03 2.25E+03 3.32E+03 2.67E+03 2.28E+03 2.38E+03
Std 3.36E+01 8.42E+01 1.17E+02 2.74E+02 8.29E+01 8.03E+01 8.94E+01
F28 Mean 3.90E+03 2.81E+03 2.66E+03 5.39E+03 4.96E+03 2.95E+03 2.29E+03
Std 1.61E+02 6.80E+02 2.40E+02 2.85E+02 3.87E+02 3.36E+02 4.11E+02
Average Rank 5.250 2.893 2.643 6.464 5.25 3.714 1.786
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