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Abstract: Recommendation systems (RSs) play a vital role in e-commerce and content
platforms, yet balancing efficiency and recommendation quality remains challenging. Tra-
ditional deep models are computationally expensive, while heuristic methods like particle
swarm optimization struggle with discrete optimization. To address these limitations, this
paper proposes elite-evolution-based discrete particle swarm optimization (EEDPSO), a
novel framework specifically designed to optimize high-dimensional combinatorial rec-
ommendation tasks. EEDPSO restructures the velocity and position update mechanisms
to operate effectively in discrete spaces, integrating neighborhood search, elite evolution
strategies, and roulette-wheel selection to balance exploration and exploitation. Exper-
iments on the MovieLens and Amazon datasets show that EEDPSO outperforms five
metaheuristic algorithms (GA, DE, SA, SCA, and PSO) in both recommendation quality
and computational efficiency. For datasets below the million-level scale, EEDPSO also
demonstrates superior performance compared to deep learning models like FairGo. The
results establish EEDPSO as a robust optimization strategy for recommendation systems
that effectively handles the cold-start problem.

Keywords: recommendation system; metaheuristic algorithm; particle swarm optimization
algorithm; elite evolution strategy; neighborhood search

MSC: 68T20; 90C59

1. Introduction

Recommendation systems (RSs) are essential for e-commerce and content platforms,
enhancing user experience and revenue through personalized recommendations. RSs
assist users in discovering content, products, or services by aggregating user interactions
and authoritative reviews [1]. By learning user preferences and behaviors, RSs suggest
the most relevant items [2]. However, RSs face significant challenges, particularly infor-
mation overload, where excessive data reduce effective utilization [3]. To address these
challenges, deep recommendation systems have gained attention for their powerful non-
linear modeling. Graph-based adversarial learning is an effective approach to ensure
fairness in recommendation systems. This method models user—item interactions as a
graph, using adversarial training to filter out sensitive information from embeddings, thus
preventing bias in recommendations. It is especially useful in applications where fairness
is critical, such as career or ad recommendations. FairGo adopts this approach by learning
fair user and item embeddings, ensuring that sensitive attributes like gender or age do
not influence the recommendations while maintaining accuracy [4]. Transformer-based

Mathematics 2025, 13, 1398

https://doi.org/10.3390/math13091398


https://doi.org/10.3390/math13091398
https://doi.org/10.3390/math13091398
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0009-0001-4855-8252
https://orcid.org/0000-0002-7790-9154
https://orcid.org/0000-0001-7582-2699
https://orcid.org/0000-0001-7100-7945
https://doi.org/10.3390/math13091398
https://www.mdpi.com/article/10.3390/math13091398?type=check_update&version=2

Mathematics 2025, 13, 1398

2 of 36

contextual modeling is another widely used deep learning technique in recommendation
systems, especially for sequential and session-based recommendations. The self-attention
mechanism in transformers captures global dependencies between items, enabling more
personalized and context-aware recommendations. The PRM adopts this approach by
applying a transformer-based re-ranking module that models the mutual item influence
within the recommendation list. It incorporates pre-trained user embeddings to enhance
personalization and can be easily deployed after any ranking model. Experiments on
large-scale datasets and real-world e-commerce systems show that the PRM outperforms
traditional re-ranking methods in both accuracy and adaptability [5] but is limited by
high computational complexity, making it less effective for resource-constrained small and
medium enterprises (SMEs) [6]. Additionally, in some cases, users do not require highly
personalized recommendations, such as for new users or general product suggestions.
In these scenarios, deep recommendation systems may offer overly complex solutions,
increasing computational and time costs, or encounter problems such as cold-start. These
resources could be better allocated to other tasks with higher demands. Therefore, simpler
and more efficient recommendation algorithms may be more suitable in such cases. In
contrast, metaheuristic algorithms, known for their global search capability and flexibility,
offer an efficient alternative for RS optimization [7]. Among these, particle swarm opti-
mization (PSO) is widely used due to its simplicity and efficiency [8]. Inspired by flocking
behavior studies [9], PSO models a collaborative search approach, where individuals adjust
positions based on local neighborhood information, enhancing optimization performance.

PSO is a population-based heuristic optimization algorithm designed for large-scale
search spaces. Unlike greedy search, PSO explores multiple directions simultaneously,
reducing the risk of local optima. Its iterative process is straightforward, relying solely on
velocity and position updates without complex crossover or mutation operations [10]. The
velocity update mechanism ensures gradual reduction, balancing exploration and exploita-
tion for efficient convergence [11]. In this context, exploration (diversification) involves
searching multiple regions of the solution space to avoid local optima, while exploitation
(intensification) focuses on refining solutions near the best-known regions [12,13]. Both
personal best (p-best) and global best (g-best) guide the search, maintaining diversity while
ensuring convergence to the global optimum [9]. PSO effectively solves nonlinear and mul-
timodal optimization problems, making it a widely used metaheuristic [10,14]. However,
its reliance on continuous-space updates limits performance in discrete problems, leading
to inefficient searches or suboptimal solutions. Moreover, traditional PSO lacks strong local
search capabilities and struggles with high-dimensional combinatorial problems due to the
curse of dimensionality. In high-dimensional spaces, the balance between exploration and
exploitation becomes even more challenging as the vastness of the search space amplifies
the difficulty in both exploring effectively and converging to an optimal solution [15].

Discrete particle swarm optimization (DPSO) addresses PSO’s limitations in combina-
torial optimization by using discrete operators, such as swap, inversion, and probabilistic
bit-flipping [14]. However, in high-dimensional tasks like recommendation list genera-
tion, DPSO faces new challenges. Updating particle positions across all dimensions in-
creases computational complexity, while discrete operators introduce efficiency bottlenecks.
Maintaining diversity requires extensive neighborhood exploration, raising computational
costs, whereas reducing operations compromises solution accuracy. To enhance DPSO,
researchers assign different roles to particles or hybridize it with metaheuristics like differ-
ential evolution (DE), improving global search and avoiding local optima [16,17]. However,
these enhancements increase hyperparameter tuning complexity and reduce interpretability
and generalizability, making adaptation to different problems more challenging.
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To address the challenges of high-dimensional discrete optimization, this paper pro-
poses elite-evolution-based discrete particle swarm optimization (EEDPSO). First, to align
with the structure of recommendation system data, each particle’s position is discretized
into a recommendation list, ensuring the optimization process operates effectively in a
discrete space. To counteract the accuracy loss caused by high-dimensional discretization
and enhance exploration in combinatorial optimization, we incorporate a neighborhood
search mechanism. In each iteration, a single-dimension refinement is applied to both
the individual best (p-best) and global best (g-best) solutions, forming an elite evolution
strategy that rapidly improves solution quality and boosts search efficiency. However,
this refinement increases the risk of premature convergence and loss of diversity. To miti-
gate these issues, we redefine velocity as the number of dimension changes in a particle’s
structure rather than a conventional numerical value. Additionally, Jaccard similarity, a
metric for comparing set-based solutions, is used to measure particle distances, refining the
position update process [18]. A roulette-wheel selection strategy is introduced to guide each
dimension’s movement toward a randomly explored state, the individual best, or the global
best. These modifications simplify the velocity and position updates while maintaining a
balance between exploration and exploitation, ensuring diversity within the population
and enhancing the algorithm’s adaptability to large-scale discrete optimization problems.

In these improvements, we consistently aim to balance exploration and exploitation.
In metaheuristic algorithms, exploration searches new regions to enhance the global search
capability, while exploitation refines solutions within known areas to optimize local op-
tima. Striking the right trade-off is crucial for search efficiency and avoiding premature
convergence [19]. Excessive exploration slows convergence, whereas overly aggressive
exploitation risks trapping the algorithm in local optima [20]. To address this, we introduce
a perturbation term in the velocity calculation, ensuring that, while velocity decreases, a
random jumping tendency enhances exploration. Additionally, adaptive inertia weight
adjustments bias roulette-wheel selection toward random exploration when necessary,
preserving diversity. The experimental results show that EEDPSO not only maintains
PSO’s computational efficiency but also significantly improves recommendation quality
while achieving a well-balanced trade-off between exploration and exploitation, offering
an effective optimization solution for RSs. The highlights and contributions of this paper
are as follows:

1.  This paper proposes EEDPSO, a novel RS optimization algorithm. We redesign
velocity and position updates through discretization, integrate neighborhood search,
and implement an elite evolution strategy to address PSO’s limitations while retaining
its computational efficiency and global search capability. EEDPSO is specifically
tailored for high-dimensional combinatorial optimization, enabling more effective
solution space exploration.

2. We enhance PSO by incorporating neighborhood search to mitigate premature conver-
gence and integrate roulette-wheel selection to maintain exploration diversity. These
improvements not only demonstrate strong experimental performance but also offer
insights into hybrid metaheuristic optimization strategies.

3. Comparative experiments on two datasets show that EEDPSO outperforms five
metaheuristic algorithms in efficiency and accuracy. Ablation and controlled experi-
ments further analyze its exploration—exploitation balance. Finally, we summarize
its applications and potential optimizations, providing new research directions for
future studies.

The rest of the paper is organized as follows: Section 2 offers a review of the relevant
literature. Section 3 introduces the recommendation system problem and examines tradi-
tional PSO. Section 4 details the EEDPSO framework. Section 5 presents the experimental
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results and their analysis. Section 6 provides a discussion based on ablation and compari-
son experiments. Finally, Section 7 summarizes the findings and suggests directions for
future research.

2. Literature Review

Metaheuristic algorithms excel in global search by simulating natural optimization
processes, enabling them to escape local optima and balance multi-objective optimization.
Their ability to maintain population diversity and adapt to dynamic environments makes
them highly effective for RSs, significantly improving recommendation accuracy and
diversity [12,21]. These algorithms operate independently of specific mathematical models,
making them applicable to various RS types, such as collaborative filtering and content-
based recommendations. Additionally, they can integrate with machine learning to form
hybrid models, further enhancing RS performance. For instance, combining metaheuristics
with multi-label k-NN facilitates ranked recommendations, improving personalization [22].

Metaheuristic algorithms are particularly valuable in RSs for handling multi-objective
optimization, such as balancing user satisfaction and business revenue [23]. Their inte-
gration with deep learning has led to breakthroughs in RSs, where genetic algorithms
optimize deep neural networks for reinforcement learning, enhancing adaptive recommen-
dations [24]. Evolutionary algorithms also improve hyperparameter tuning, optimizing
learning rates, architectures, and activation functions for better model performance [25].
Additionally, metaheuristics optimize multi-objective weights in deep RSs, while deep
learning models provide fitness function constraints for metaheuristic algorithms [26].

Applications of metaheuristics in RSs mainly focus on parameter optimization and
feature selection. Genetic algorithms (GAs) refine recommendation lists using multi-criteria
filtering [27], optimize similarity functions, and assign weights to improve accuracy [28].
However, GAs may suffer from slow convergence, especially in complex high-dimensional
problems, and can be computationally expensive due to the large population size required.
Differential evolution (DE) enhances user similarity metrics [29] and ranking scores [30]
through efficient weighted difference and crossover operations. DE can effectively explore
the search space, but it is prone to premature convergence in certain settings where popula-
tion diversity is insufficient. Simulated annealing (SA) optimizes Point of Interest (POI) visit
paths in tourism recommendation [31], accelerates large-scale sequential recommendations
via parallel computing [32], and improves optimization efficiency in hybrid metaheuristic
frameworks for high-dimensional design problems [33]. While SA is good at escaping local
optima, its convergence speed can be slow, and it requires careful tuning of parameters like
temperature schedules.

PSO in RSs is primarily used as a model or data optimization tool rather than for
direct fitness computation. It enhances collaborative filtering by optimizing fuzzy C-
means clustering, mitigating data sparsity and cold-start issues [34], and integrates user
rating similarity with Bidirectional Encoder Representations from Transformers (BERTs) for
improved feature computation [35]. Compared to GAs, DE, and SA, PSO mainly optimizes
other algorithms, particularly for hyperparameter tuning. PSO is generally more efficient
than GAs in terms of convergence speed but can still suffer from local optima, especially in
high-dimensional problems.

Its discrete variant, DPSO, is an extension of PSO that specifically targets combinatorial
optimization problems, such as job shop scheduling and path planning. DPSO applies a
discrete particle update mechanism instead of continuous particle updates, where each
particle represents a potential solution in a discrete space. For instance, Gu et al. (2020)
introduced DPSO with adaptive inertia weight and genetic crossover, optimizing job shop
scheduling [36]. While DPSO improves upon the standard PSO in combinatorial settings, it
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still faces challenges, particularly in terms of the particle update strategy and the trade-off
between exploration and exploitation. The standard DPSO algorithm is susceptible to
local optima, especially when the inertia weight and velocity update mechanisms do not
sufficiently allow particles to explore the search space effectively. Moreover, DPSO may
suffer from slow convergence when dealing with complex and dynamic problems as the
discrete update process limits its ability to jump out of local optima. The discrete nature of
DPSO still makes it prone to becoming trapped in suboptimal solutions, especially when
the problem space is highly rugged or dynamic. Therefore, DPSO can benefit from more
advanced update mechanisms or hybridization with other optimization methods to address
its weaknesses and enhance performance in more complex optimization scenarios.

3. Recommendation Systems and Particle Swarm Optimization

In this section, we briefly describe the data structure and computational approach of
the RS used in this experiment. Additionally, we provide a concise introduction to the PSO
algorithm, highlighting its unique characteristics. Starting with the general framework of
implementing RSs using PSO, we then introduce the EEDPSO algorithm in Section 4 and
present a comparative analysis.

3.1. Recommendation Systems

In RS design, computational accuracy, diversity, and personalization are key fac-
tors [37]. Accuracy ensures precise recommendations, diversity prevents content homo-
geneity, and personalization tailors recommendations to user preferences. As an RS scales,
balancing these elements becomes essential [38]. Using classic non-personalized RS mod-
els as baselines [39,40], we assess recommendation quality across multiple dimensions,
including popularity, tag heat, diversity, and strategic item coverage.

Popularity Score. We first examine item popularity in RSs, typically based on user
ratings in a matrix form, as shown in Figure 1. Let U = {uy, ..., u‘u‘} be the set of users
and P = {p1,...,pp } the set of items. Each user u € U rates items p € P, denoted
Tup, represented as triplets (u, p,7,p). The MovieLens scatter plot in Figure 2 shows the
relationship between rating count and average rating: items with fewer ratings tend to
have more extreme scores, likely due to limited feedback, while those with higher counts
have more stable scores between 3 and 4. To represent a recommendation list, we use
X; = {Xirl,. .y Xi/]-, . /Xi,d}r where i denotes the index of the recommendation list, j
represents the index of items within the list, and X; C P, ensuring that the recommended
items belong to the set of all items. The length of each recommendation list is fixed at d, a
predefined parameter set prior to generating the recommendations. Each item X; ; in the
list has a rating count v; j; we apply Bayesian averaging to balance average ratings with
count, reducing statistical bias from popularity labels. This improves the handling of data
sparsity, prevents overfitting, and enhances model stability [41]. The final popularity rating
calculation formula is as follows:

i m

i=—"7 Rii+——C, 1
Sz,] Ui,j+m 1,]+ vi,]’"‘m ( )

d
foop = Y Sijs )
i=1

where s; ; is the adjusted popularity score of item X; j, v; ; is the number of ratings, m is a
smoothing parameter, R; ; is the raw average rating, C is a global prior rating, and fpop
represents the total popularity score.
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User Ratings for Products

Users
User2 Userl
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User4

i |
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Products

Figure 1. Data form in which users rate items.

Rating Count vs Average Rating

Average Rating

T T T T T T T
[ 10,000 20,000 30,000 40,000 50,000 60,000 70,000
Rating Count

Figure 2. Rating number and average rating.

Tag Heat. Tag heat represents item category popularity over time. To ensure consis-
tency, control experiments use the same tag heat values:

d
ftag = Z hi,jr (3)
j=1

where fiag is the total tag heat score, and hi,j denotes the tag heat of item Xi ;-

Diversity Score. To encourage diverse content, we count the number of unique tags
across all items in the recommendation list. Let T; ; be the set of tags associated with item
Xi,j; then, the diversity score is

d

fle: U ij|r (4)

j=1

where Ule T; j represents the union of all tags in the recommendation list, | - | denotes the
number of unique tags, and fg;, denotes the total diversity score.

Strategic Item Coverage. To aligh recommendations with business objectives, we
evaluate the proportion of strategic items in the recommendation list. Let I be the set
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of predefined strategic items, and let O denote the number of strategic items in the
recommendation list:

d
Ostr = Z fs(Xi,j)r ®)
j=1

where §(X;;) = 1if X;; € Is; otherwise, §(X;;) = 0. The final coverage ratio is

given by
Ost
f cov — ;r/ (6)

where fov is the strategic item coverage score.

Final Fitness Calculation. As shown in Figure 3, the final fitness is composed of
popularity score, tag heat, diversity score, and strategic item coverage. The overall recom-
mendation quality is evaluated as

f(Xi) = wlfpop + watag + w3 fdiv + W4 feov, (7)

where f(X;) represents the total fitness score of recommendation list X;, and w1y, wo, w3, wy
are the weights assigned to each component. This formula integrates accuracy, diversity,
and strategic alignment, ensuring a comprehensive assessment of RS performance.

Easy to assemble
and easy to use.

(s ) B~ O
om= J | D=

O (=) ©)
BTN

The coloris not | Easy to use and tag? tags o List4 1069.1
S - =
d item5
too ugly. money. - e

OCeo) [ (eote]

User Reviews

Tags With a High Selection Rate Number Of Ojerride Labels H\ghrReluT Products Recommendation Lists Fitness

Popularity
Score

Tag Heat Diversity Strategic Item — Final Fitness
9 Score Coverage — Calculation

Figure 3. Fitness calculation process.

In different industrial environments, there are various demands and objectives. For
example, in recommendation systems, goals may include increasing tag diversity, ensuring
the exposure of strategic items, or balancing the weight between these two factors. Suppose
we need to achieve a tag coverage above 0.7 and a strategic item coverage of 0.1. We used
Optuna to find an optimal range for the weights and then conducted sensitivity analysis
within this range, adjusting the weights of various components. With the raw values of
popularity and tag heat set with weights of 1, and the strategic item weight as an example,
we finally selected the tag coverage weight as 3 and the strategic item coverage weight
as 100. Due to the inherent randomness in the selection of tag heat and strategic items,
there may be some variability in the results. To minimize such randomness, we performed
100 tests for each configuration and calculated the average, which helps to reduce the
impact of random errors. We then analyzed whether the coverage goals were met under
different weight configurations and aimed to use smaller weights to minimize the impact
on the popularity of recommended items. Table 1 shows the effect of weight combinations
on tag coverage and strategic item coverage. The final result indicates that, when the tag
coverage weight is 3 and the strategic item coverage weight is 100, the system meets the
goals while minimizing the impact on popularity.
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Table 1. Context-aware weight sensitivity analysis results. (v'= Meets the goal, X = Does not meet
the goal).

w3 (Diversity) wy (Strategy) Tag Coverage (S::;?:fg; Col\‘;[:reatgseTégo al Meetzi:lrlategy
1 50 0.52 0.04 X X
1 100 0.51 0.12 X v
3 100 0.72 0.11 4 v
5 100 0.81 0.10 v v
3 150 0.69 0.17 X v

3.2. Particle Swarm Optimization in Recommendation Systems

Particle swarm optimization (PSO) is a swarm intelligence algorithm that optimizes
problems by iteratively updating a set of candidate solutions (particles) based on individual
and global best values [10]. In the context of RSs, each particle X; is represented by its
position in the search space, which corresponds to a recommendation list. Specifically, the
position of a particle is defined as X; = {X;1, X;»,..., X; 4}, where i denotes the index of
the particle in the swarm, corresponding to the index of the recommendation list in the RS,
and j represents the index of an item within the recommendation list, consistent with the
notation in the previous section. Each particle’s position evolves over iterations to improve
the recommendation quality based on an objective function.

Each particle maintains four attributes:

*  Position X;: The position information is defined as a list, where each element rep-
resents an item, and the length of the list corresponds to the length of the target
recommendation list. This list serves as a recommendation list generated by the
recommendation system.

*  Velocity V;: Controls the update direction.

*  Personal best (pbest): Historically best recommendation list.

*  Global best (gbest): Best recommendation list among all particles.

The velocity update is as follows:

vif].“ =w-Viit+e-n- (X Xt +ea-r- (X — X1, (8)

t .. —
pij

where w is the inertia weight, c1, ¢, are acceleration coefficients, and rq, 7, are random

values in [0, 1]. Here, i represents the index of the particle in the swarm, and j denotes the
t

P
position of item j in the recommendation list of particle 7 at iteration ¢, while X; j denotes

index of an item in the recommendation list of particle i. X’ .. represents the personal best
the global best position of item j among all particles at iteration .
The position update is
tH1 et t+1
X=X+ Vi )

To ensure valid recommendations, position constraints are applied when necessary [9].
The objective function evaluates each particle, updating pbest and gbest accordingly. The
process iterates until convergence.

4. Elite Evolutionary Discrete Particle Swarm Optimization
4.1. Motivation

The application of PSO in RSs abstracts a particle’s position as a list of length d,
representing recommended item indices, and velocity as a corresponding list indicating
update directions. Each iteration involves position update, particle evaluation, best solution
update, and velocity update. Given a particle X; = (x;1,%;2,...,X;4), its personal best
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. Recommended list
length=200

. w=2.55, c1=1.3,c2=0.7,

v=10

X
Xpij — X;j and xg; — x; j represent update distances. However, PSO assumes a continuous

pi = (xpirl,xpilz, .. .,xp,»/d), and the global best X, = (xgl,xgz, ... ,xgd), the differences

search space, posing challenges in discrete problems such as RSs. First, an RS operates in a
high-dimensional, sparse, and combinatorial space with non-repetitive constraints, making
conventional PSO updates ineffective [42,43]. Second, in discrete spaces, the optimal
solution’s neighborhood does not necessarily contain better solutions, unlike continuous
spaces where a gradient or smooth transition guides improvement. This lack of structured
progression complicates solution refinement as small positional changes may lead to
vastly different recommendation lists without clear improvement trends [44]. Third, PSO
indiscriminately updates all items, including those already well suited to users, potentially
reducing engagement and necessitating selective updates. Fourth, linear position updates
are ill suited for RSs, where the solution space is inherently discrete and lacks a well-
defined distance metric. Lastly, PSO reduces its search space over time, heightening the
risk of premature convergence, particularly when early exploration is suboptimal [45].
These challenges underscore the need for modifications when applying PSO to discrete
optimization problems.

4.2. Improvements

To address the challenges of PSO in RSs, we propose the elite-evolution-based discrete
particle swarm optimization (EEDPSO). In this approach, a particle’s position at iteration
t is represented as a recommendation list X! = (Xfl,sz, . ,Xf 4)- Position updates
are interpreted as modifications to selected items rather than changing all dimensions
simultaneously, improving efficiency and preserving user preferences. Figure 4 provides a
brief description of EEDPSO. Next, we will conduct a detailed analysis of it.

Update Posmons Evaluate [Neighborhood search]
@ Roulette-Wheel Fitness . To Pbest
Eelceiiun :(> . To Gbest “Update Speed
. To Exploration . Update Current, Pbest,
« To Pbest Gbest
« To Gbest

{x

Figure 4. Description of the EEDPSO.

4.2.1. Neighborhood Search

Due to the high-dimensional and discrete nature of RSs, traditional PSO suffers from
reduced computational accuracy. To enhance local exploitation, we integrate a neigh-
borhood search that performs small-scale exploration around both the personal best and
global best solutions [46]. We specifically target only these optimal particles rather than all
particles in the swarm due to recommendation systems” high sensitivity to computational
speed and the fact that other particles are naturally driven toward these optimal solutions.
This focused optimization strategy significantly improves efficiency while maintaining
search effectiveness. In each iteration, a dimension is randomly selected for modification,
and a new candidate item is generated using a scaled random factor. Specifically, two
random numbers &, § ~ U(0,1) are sampled, and the new candidate items are computed
as G1 = |aP] +1and G2 = |BP] + 1, where P represents the total number of available
items. If the new configuration improves the solution, it is retained; otherwise, the search
proceeds to another dimension. The following is the formula for neighborhood search:



Mathematics 2025, 13, 1398

10 of 36

1 Gl1, iff(xfgll.,l,...,G1,...,X;,i/d) > f(X;,irl,. . .,X;,l.,].,...,x;,i/d) 10)
b X;,i,j' otherwise,
Gl=[alP|]+1, a~U(0,1), Gl¢X,, (11)
: t t t t t
S G2, 1ff(Xg,1,...,GZ,...,Xg,d) > f(Xgll,...,Xg,j,...,Xg,d) )
&J Xt . otherwise,
&
G2=|B|P||+1, B~U(0,1), G2¢ X, (13)

where G1 and G2 are new candidate items replacing elements in the personal best X;,Z-
and global best ng lists, respectively. The function f(-) evaluates fitness, ensuring only im-
provements are retained. The values « and 8 are random numbers sampled from a uniform
distribution ¢/ (0, 1), ensuring that the newly selected items are randomly distributed across
the item space. P represents the set of all items, and |P| is its cardinality, indicating the
total number of items in the recommendation system. U denotes the set of all users in the
system. This strategy enhances local refinement while mitigating premature convergence.

4.2.2. Velocity Update Mechanism

The velocity update mechanism (see Equation (10)) in standard PSO balances explo-
ration and exploitation while maintaining simplicity [47]. To adapt it to discrete spaces, we
redefine velocity using Jaccard similarity. The Jaccard similarity and distance are defined as

_ lanB]
D](A,B) =1-](A,B), (15)

where Dj(A, B) quantifies dissimilarity between two recommendation lists. Using this,
we redefine velocity in the context of DPSO. In the original PSO, velocity is represented
as a vector that determines the magnitude and direction of movement in a continuous
space. However, in DPSO, where solutions are represented as discrete structures such
as lists, velocity cannot be interpreted in the same way. Instead, it reflects the number
of modifications applied to a solution during an update. In EEDPSO, we further refine
this concept by defining velocity as the number of dimensions that change within a given
update. Unlike in continuous spaces where velocity is a directional vector, in EEDPSO,
velocity is updated as a constant scalar value, representing a fixed number of modifications
per iteration. This abstraction allows us to adapt the velocity concept from continuous
space to discrete list-based representations, making it more suitable for recommendation
list optimization. For details about the calculation process, see Algorithm 1.

o =w vl +c1-1- Dy (X;,i,XD +cp 15+ Dy (Xé,Xf), (16)
where w is the inertia weight, c; and ¢, are acceleration coefficients, r1, r, are random values,
and Dj (-, -) represents Jaccard distance. This approach reduces computational complexity,
mapping velocity directly to the discrete RS space and improving stability.
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Algorithm 1: Update velocity.

Input: Current velocity v; weight w; cognitive coefficient c1; social coefficient cp;
Current solution current; personal best pbest; global best gbest
Output: Updated velocity v/

17 «—oxw;

rand, < random number between 0 and 1;

rand, < random number between 0 and 1;

j1 + Jaccard distance between current and pbest;

jo ¢+ Jaccard distance between current and gbest;

v v +randy X ¢q X j1 +randy X ¢p X jo;

N S g e W N

return o’

4.2.3. Position Update Mechanism

To align with the modified velocity, we redefine position updates. Here, velocity v;
represents the number of dimensions that will be modified in an update rather than a
conventional movement vector. It is decomposed into three integer components: random
exploration, movement toward personal best, and movement toward global best. The
allocation is determined via roulette-wheel selection [48]. Figure 5 illustrates the position
update process. In this example, the particle’s velocity is 5, meaning five dimensions in
the list will be modified. During the five roulette-wheel selection steps, two dimensions
undergo random exploration (blue region). The remaining three dimensions do not pass
the first selection round, where one dimension moves toward the personal best (purple
region) and two dimensions move toward the global best (orange region). Next, five
dimensions in the list are randomly chosen for modification, with values replaced according
to their assigned target category, ensuring that the new values are distinct from those
already present in the list. The final outcome is an updated list (right side), completing
one iteration of the position update process. This preserves diversity while ensuring
targeted optimization.

Overall Compute Area Result
‘ " P, =1
Individual Optimal Recomr@dation @ L
> °
All Recommended ] ]
Products Collection Updated List Of
Recommendation
[ ]
. . v=5
Uj D D Current Recommendation List
L = :
[ ]
[ ]
:> [ ] [ ] o
Iobal Optimal Recommendation List D

Figure 5. Roulette-wheel position update.
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4.2.4. Exploration Maintenance Mechanism

Elite evolution strategies significantly enhance the developmental capacity of al-
gorithms while disrupting the balance between development and exploration, thereby
reducing algorithmic diversity. To balance exploitation and exploration, we introduce a
perturbation term c in the Jaccard distance:

D(A,B) = Dj(A,B) +¢, (17)

leading to the modified velocity update:

ol = w ol ey D(X;/i,XD Yerry- D(xg, Xf), (18)

This ensures dynamic adaptation, where early iterations favor exploration (higher
velocity), while later iterations promote convergence (lower velocity) [49]. For details
about the speed update process, see Algorithm 1. Additionally, in the position update
mechanism, we modify the roulette selection to encourage random exploration. The w value
determines whether a particle should explore randomly, ensuring a high probability for
random exploration. If random exploration does not occur, the individual best and global
best particles compete for ownership via roulette selection. The algorithm pseudocode is
detailed in Algorithm 2.

Algorithm 2: Roulette-wheel selection for position update.

Input: v: Total quantity, w, c1, cp: Weight values
Output: num_e, num_p, num_g: Number of explorations, pbest and gbest

1 num_e,num_p,num_g < 0,0,0;
2 total_weight < c1 + cy;

3 foritem <— 1tov do

4 | r < random(0,1);

5 | 1y < random(0, total_weight);
6 if ;1 < w then

7 num_e < num_e +1;

8 if rp < c¢q then

9 t num_p < num_p +1;
10 else

11 tnum_genum_gnLl;

12 return num_e, num_p, num_g;

Based on the roulette-wheel selection results, we randomly select vjj dimensions
and update them according to the assigned outcome. The selected dimensions undergo
one of the following operations: random exploration, updating with a randomly chosen
non-repeating item from the personal best solution, or swapping with a randomly chosen
non-repeating item from the global best solution.

These improvements preserve population diversity and prevent premature conver-
gence, enabling EEDPSO to efficiently explore the discrete solution space of RSs and pro-
vide high-quality recommendations with reduced computational overhead. The algorithm
framework and process are detailed in Algorithm 3.
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Algorithm 3: Elite evolutionary discrete particle swarm optimization.

Input: particles, iterations, cq,c, w, v: Hyperparameters, d: Recommendation List
Length
Output: gbest_solution, fitness_history
1 Initialize swarm with particles particles, each containing the top d heuristic items;
2 Set gbest as the particle with the best fitness;
3 fitness_history < [|;
4 for iteration < 1 to iterations do

5 foreach particle in swarm do
6 particle_neighbor <— Obtained using Algorithm 2
7 neighbor_fitness <— Evaluate(particle_neighbor);
8 if neighbor_fitness > particle.fitness then
9 Update particle;
10 if neighbor_fitness > pbest.fitness then
1 Update pbest;
12 if neighbor_fitness > gbest.fitness then
13 t Update gbest;
14 Update pbest and gbest using Formulas (11) and (10);
15 Update gbest using Formulas (13) and (12);
16 Update v using Formula (18);
17 | Update fitness_history;

18 return fitness_history, gbest;

Specifically, the pseudocode follows these steps: First, the swarm, global best solution,
velocity, and other relevant parameters are initialized. In each iteration, the roulette-
wheel selection mechanism is applied to update particle positions. Fitness values are
then evaluated to determine whether to update particles, personal best solutions, and the
global best solution. Subsequently, a small-scale neighborhood search is performed on the
personal best and global best particles for further refinement. Finally, velocity and fitness
history are updated. This process constitutes a single iteration, and, upon termination, the
algorithm returns the fitness history and the global best solution.

The settings of w = 0.55, c1, and c; follow classical PSO guidelines [47], where mod-
erate inertia and learning factors jointly ensure a balanced trade-off between exploration
and exploitation. In our discrete RS scenario, we adopt a reduced total learning factor
magnitude c; + ¢; ~ 2.0, deviating from the conventional value of 4.0 in continuous PSO,
to avoid excessive acceleration and instability. The perturbation term ¢ = 2 is introduced to
dynamically enhance early-stage velocity and prevent premature convergence, especially in
high-dimensional or noisy settings. The rationale and sensitivity of these parameter choices,
including w, c1, ¢, and the perturbation term c, are further examined in Sections 6.2 and 6.3.
These sections provide experimental evidence and comparative results that support the
default values used in the EEDPSO framework.

The time complexity and the space complexity are

O(iterations x particles x [d +k]), (19)

where iterations is the maximum number of iterations, particles is the number of particles,
d is the length of the recommendation list, and k is the number of replacement items in the
neighborhood search (determined by the velocity v;).
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O(particles x d), (20)

which is used to store the positions of all particles and the optimal solutions.

5. Experiments and Analysis

In this section, we first describe our experimental setup, followed by a comparison of
the results between the EEDPSO algorithm and other metaheuristic algorithms using curve
plots, tables, and other visual representations.

Modern recommendation systems, especially in e-commerce, video recommendation,
and digital advertising, often display content in a queue-like format, presenting the chal-
lenge of addressing the cold-start problem for new users with limited interaction history.
EEDPSO is well suited to tackle this as its global search and local refinement capabilities
effectively handle sparse data and adapt to the changing nature of user preferences. This
makes EEDPSO particularly valuable in dynamic environments, where rapid shifts in
user preferences demand accurate personalized recommendations. To evaluate EEDPSO’s
performance in large-scale applications, we selected the MovieLens and Amazon datasets,
which are widely used in movie recommendations and represent a variety of e-commerce
products, respectively. We will validate the effectiveness of EEDPSO in real-world indus-
trial applications for addressing cold-start situations and analyze its performance regarding
these two public datasets.

Experimental Design. The experiment used four datasets, two of which are
from popular public recommendation benchmarks: MovieLens-20m and MovieLens-
32m. MovieLens-20m contains 20,000,263 ratings and 465,564 tag applications across
27,278 movies; MovieLens-32m includes 32,000,204 ratings and 2,000,072 tag applications
across 87,585 movies [50,51]. The other two datasets come from the Amazon Review
Data (2018), containing only rating data. They are named AmazonReviewData-sm, which
includes AMAZON FASHION, Appliances, Prime Pantry, Software, All Beauty, and Maga-
zine Subscriptions, with 283,931 products. AmazonReviewData-lg contains Books, Clothing
Shoes and Jewelry, Cell Phones and Accessories, Automotive, CDs and Vinyl, Arts and
Crafts, and Sewing, with 7,863,537 products [52]. Unlike the MovieLens datasets, Ama-
zonReviewData consists of single-type products, and the average times of ratings per
product are lower, requiring different adaptation criteria for fitness value calculation. All
datasets were preprocessed into the format (index, item ID, item genres, average rating,
and rating count) to suit the needs of non-personalized recommendation systems. The
experiments were conducted on an i5 12,500 h 12-core CPU. To ensure randomization and
reduce errors, the datasets were shuffled randomly for each experiment, and the average
results of 100 trials were calculated. Hyperparameters were tuned based on analysis from
the Optuna framework.

The datasets used in our experiments represent two major domains in recommenda-
tion systems: entertainment and e-commerce. MovieLens datasets (20 M and 32 M) are
widely accepted public benchmarks for movie recommendation tasks, capturing typical
user—item interaction behaviors in the context of digital media consumption. In contrast,
the AmazonReviewData-sm and AmazonReviewData-1g datasets span a variety of product
categories, from fashion and electronics to books and household items, thus reflecting
diverse purchasing behaviors in a large-scale e-commerce setting. The contrast in rating
sparsity, product diversity, and user engagement frequency between MovieLens and Ama-
zon datasets provides a balanced testbed to evaluate the robustness of our algorithm across
different data characteristics.

We compare the EEDPSO algorithm with five widely used metaheuristics: GAs,
DE, SA, sine—cosine optimization (SCA), and PSO. GAs and SA are classical algorithms
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with strong industrial relevance, with GAs known for their global search capability [53]
and SA effective for high-dimensional problems [54]. DE has demonstrated exceptional
performance in algorithmic competitions and engineering optimization [55,56]. SCA,
utilizing sine and cosine functions, achieves a balance between local exploitation and global
exploration, offering high adaptability and stable performance across diverse optimization
tasks without requiring complex hyperparameter tuning [57]. The following describes the
configurations and operational principles of the algorithms in detail.

1.  Genetic algorithm (GA) evolves a population of candidate solutions through selection,
crossover, and mutation. It employs tournament selection (size = 3) to choose parents,
followed by two-point crossover, where a random segment is swapped between
parents. Random replacement mutation is applied, replacing each gene with a new
item with a small probability.

2.  Differential evolution (DE) generates new solutions through differential mutation,
where a base solution is perturbed using the difference between two other randomly
selected solutions. The resulting trial solution undergoes binomial crossover, where
each gene is replaced with a probability CR. The better solution between the trial and
original is selected for the next generation.

3.  Simulated annealing (SA) explores the solution space by applying random pertur-
bations to the current solution. If the new solution improves fitness, it is accepted.
Otherwise, it is accepted probabilistically based on the Boltzmann function e2//T,
allowing temporary acceptance of worse solutions to escape local optima. The tem-
perature T decreases exponentially over iterations.

4.  Sine—cosine algorithm (SCA) updates solutions using a balance of exploitation (mov-
ing towards the best solution) and exploration (searching new areas). The up-
date mechanism is guided by sine and cosine functions, ensuring smooth transi-
tions between local and global search. Position correction mechanisms maintain
valid solutions.

5. Particle swarm optimization (PSO) models candidate solutions as particles that update
positions based on velocity, which is influenced by inertia, personal best, and global
best components. The updated position ensures uniqueness by removing duplicates.

To ensure fairness in the experiment, we implement the following measures: (1) stan-
dardizing algorithm applicability, balancing exploration, and equally allocating computa-
tional resources. For instance, we increase the number of iterations for simulated annealing
(SA), a single-agent optimization algorithm, to match the computational scale of other
algorithms by setting its iteration count to the product of population size and iterations [58].
(2) Minimizing random errors: Each experiment is repeated 100 times, and the average
result is computed after excluding an equal proportion of the highest and lowest values.
The random seed for each run is set as seed (42 + n), with 100 randomly generated tag
heat lists assigned to each iteration. (3) Efficient resource utilization: We optimize hyper-
parameters using the Optuna framework, employing Bayesian optimization and pruning
to intelligently explore the parameter space [59]. The EEDPSO slice plot in Figure 6 high-
lights regions of high search density, indicating promising hyperparameter combinations,
while darker points suggest optimal regions. This approach validates the effectiveness of
the optimization framework, with the most effective hyperparameters presented in the
next section.

We additionally compare EEDPSO with two representative deep learning models:
FairGo and the PRM. FairGo is a graph-based model designed to ensure fairness in recom-
mendation, while the PRM (personalized re-ranking model) enhances list quality via
transformer-based re-ranking. These models represent state-of-the-art approaches in
fairness-aware and personalized recommendation. In the experiment, we used the default
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settings in the model open-source code and only deleted the user portrait and personaliza-
tion parts. In addition, due to the different resource usage of model training, we gave the
model a lower number of iterations.

6.  FairGo (fair-graph-based recommendation) mitigates recommendation bias by learn-
ing fair user/item embeddings. It applies adversarial training to remove sensitive
attribute signals (e.g., gender or age) from both user embeddings and their ego-centric
graph structures. This ensures the recommendation process is fair while maintain-
ing accuracy.

7. The PRM (personalized re-ranking model) refines initial recommendation lists using
a transformer-based encoder with user-specific embeddings. By modeling mutual
item interactions and user intent via self-attention, the PRM reorders the list to better
match user preferences. It operates efficiently and supports large-scale deployment in
real-time systems.

To ensure a fair and controlled comparison, we remove user profile and personalized
embedding components from the original open-source implementations of both models
while preserving all other architectural modules. This modification allows us to isolate the
effect of their core re-ranking mechanisms in a non-personalized recommendation setting,
aligning with the evaluation scope of EEDPSO. All experiments are independently run
100 times, and the average results are compiled. The hyperparameters used are the recom-
mended settings from the study to ensure the model’s performance is properly reflected.

Slice Plot

Objective Value

Y

Figure 6. Scatter plot of hyperparameter search for EEDPSO in MovieLens-20M.

Comparison Criteria. To compare the performance of different algorithms, we eval-
uate and record the final fithess, worst fitness, fithess standard deviation, termination
generation, and runtime. A Wilcoxon rank-sum test is conducted to assess the statistical
significance of differences in final fitness, providing a comprehensive evaluation of algo-
rithmic performance. The test results are presented in a comparative table. Additionally,
we visualize the experimental results using four types of plots: average fitness curve, box
plot, fitness distribution plot, and scatter plot. These charts provide insights into conver-
gence trends, final statistics, distribution characteristics, and single-run dispersion. The
comparison criteria are as follows:

1.  Average Fitness Curve: This plot shows the evolution of the algorithm’s average
fitness over time or generations, illustrating its convergence speed and improvement
during later stages.
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2. Box Plot: The box plot displays the median, quartiles, and outliers of the final fitness
distribution, reflecting the algorithm’s robustness across multiple runs and highlight-
ing the best and worst solutions.

3.  Fitness Distribution Plot: Using kernel density estimation or smoothed histograms,
this plot presents the probability distribution of final fitness values from multiple
trials, revealing the concentration and tail behavior of the algorithm’s solutions.

4. Scatter Plot: This plot sets the trial index on the horizontal axis and the final fitness
value on the vertical axis, allowing for assessment of solution quality and consistency
across independent runs.

Number of Iterations and Number of Particles. In practical applications, the number
of particles and iterations in EEDPSO can be adjusted according to the problem scale.
For low-dimensional or small-to-medium recommendation tasks, we recommend setting
the particle number to 30-50 and the number of iterations to 200-500 to ensure both
efficiency and solution quality. In high-dimensional or large-scale scenarios, increasing
the particle count to 75-150 and iterations to 800-1600 can improve search robustness
and convergence quality. These ranges are derived from our experimental experience and
can be further optimized using hyperparameter search frameworks such as Optuna. In
scenarios where computational speed is critical—such as real-time recommendations or
edge device deployment—a trade-off must occur between performance and efficiency. In
such cases, a reduced number of particles and iterations may be used to limit computational
cost, although this may slightly compromise optimization depth. The specific trade-offs
can be guided by our experimental results presented in the following sections.

Hyperparameter Experiments. We conduct hyperparameter optimization using the
Optuna framework, performing 100 trials. The best-performing hyperparameter combina-
tion is selected, with Bayesian optimization and pruning strategies progressively refining
the sampling process to converge towards the global optimum. The final results are pre-
sented in Table 2. In the subsequent comparative experiments, the chosen hyperparameters
are applied according to the dataset size.

Table 2. Hyperparameter search experiment.

MovieLens-20m MovieLens-32m AmazonReviewData-sm AmazonReviewData-lg

GA cxpb 0.58 oxpb 0.73 oxpb 0.94 oxpb 0.79

mutpb 0.16 mutpb 0.13 mutpb 0.2 mutpb 0.2

DE F 0.3 F 0.33 F 0.37 F 0.27

CR 0.84 CR 0.69 CR 0.71 CR 0.92
initial_temperature 258.77 initial_temperature 124.23 initial_temperature 133.86 initial_temperature 207.62

SA cooling_rate 0.99 cooling_rate 0.87 cooling_rate 0.99 cooling_rate 0.95

alpha 0.84 alpha 0.94 alpha 0.89 alpha 0.90

perturbation_size 1.00 perturbation_size 1.00 perturbation_size 1.00 perturbation_size 1.00

w 0.53 w 1.03 w 0.8 w 117

PSO cl 1.67 cl 1.40 cl 2.12 cl 1.98

2 1.19 2 1.16 2 2.12 2 127

w 0.55 w 0.67 w 0.52 w 0.69

EEDPSO cl 1.26 cl 123 cl 113 cl 111

2 0.74 2 0.64 2 091 2 0.89

Design of Comparison. We conducted twelve experimental setups using MovieLens-
20m, MovieLens-32m, AmazonReviewData-sm, and AmazonReviewData-lg. For the
purpose of differentiation, the experiments were designated as Experiment 1 through
Experiment 12, each generating a recommendation list of 200 items, resulting in 8 control
experiments, as shown in Tables 3-6. Experiments (1, 2), (4, 5), (7, 8), (10, 11) serve as
scale comparison experiments, while Experiments (1, 3), (4, 6), (7, 9), (10, 12) serve as
iteration count comparison experiments. As shown in Figures 7-14, the data from the
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tables and figures allow for the analysis of general trends. To further compare EEDPSO
with deep-learning-based re-ranking methods, we conducted additional experiments using
FairGo and the PRM. These deep recommendation system (DRS) experiments are labeled
as DRS Experiment 1 through DRS Experiment 4, corresponding to the four datasets. The
results are presented alongside the metaheuristic comparisons in the same set of tables
for clarity.

Table 3. Experiments on different sizes of MovieLens-20M.

. Worst Standard Convergence Y .
Fitness Fitness Deviation Generation p-Value Significant  Time (s)
GA 9184.99 5431.11 809.34 481 0 17.93
DE ngen = 500 11,068.45 5439.99 1180.69 472 1.8596 x 10715 16.04
Experiment 1 SA op = 80 11,079.88 5047.36 798.39 305 6.407 x 10715 433
P SCA pop 6584.37 5183.51 555.91 202 0 32,58
PSO particles =30 4989.12 4670.35 51.07 246 0 7.57
EEDPSO 12,741.04 5496.08 1450.12 496 * * 7.9
GA 9766.18 5463.31 873.35 481 0 4437
DE ngen =500 11,452.14 5501.96 1164.35 486 0 53.81
Exveriment2 SA =200 11,175.88 5257.64 525.21 294 0 102
P SCA pop= 6915.61 5266.28 688.09 207 0 e 79.95
PSO particles =75 5042.56 4733.8 51.08 216 0.00 19.13
EEDPSO 13,777.85 5816.11 1360.3 497 * * 18.6
GA 9652.39 5431.11 781.65 960 0 35.24
DE 11,141.38 5439.99 1098.75 497 0 25.62
=1 ’
, SA neen= :(? 0 1114564 5047.36 599.52 558 0 woes 8.14
Experiment 3 SCA pop= 6716.21 5175.46 597.81 346 0 o 62.88
PSO particles =30 5086.81 4739.93 48.69 516 0 ok 15.39
EEDPSO 13,542.45 5478.1 1407.47 993 * * 14.97
DRS Exoeriment 1 FairGo 200 11,076.8 3931.66 1295.16 197
Xpermens ngen=
P PRM 8 472295 430471 13226 82 (early
stopping)
The bolded values represent the relatively optimal data, with the p-value significance indicated as follows:
*: p-value < 0.05, ***: p-value < 0.0001.
P p
Table 4. Experiments on different sizes of MovieLens-32M.
. Worst Standard Convergence s e .
Fitness Fitness Deviation Generation p-Value Significant  Time (s)
GA 8872.67 4780.43 739.47 764 0 43.52
DE neen < 800 11,088.85 479231 1253.44 591 2x 1072 35.22
Experi . SA 8 120 10,359.6 4975.74 538.38 461 0 9.92
xperiment SCA pop= 6123.51 4549.07 636.21 298 0 77.21
PSO particles = 45 5022.42 4696.83 46.72 404 0 24.64
EEDPSO 13,241 4903.1 1453.34 795 18.92
GA 9458.04 4848.85 776.01 768 0 110.37
DE ngen =800 11,792.77 485548 1216.69 786 0 125.27
Experiment 5 SA =300 10,426.62 5770.2 354.33 403 0 25.27
P SCA pop= 6436.12 4689.2 728.37 304 0 o 196.82
PSO particles =110 5067.66 4764.2 25 428 0.00 e 60.96
EEDPSO 14,209.51 5341.78 1333.98 795 * * 46.12
GA 9278.33 4780.43 691.79 1550 0 90.61
DE neen = 1600 11,089.61 479231 1042.8 592 0 59.08
) SA gen= 120 10,415.96 4975.74 406.81 847 0 20.43
Experiment 6 SCA Pop = 6285.38 454112 690.43 521 0 151.66
PSO particles =45 5054.24 4696.83 4451 831 0 50.47
EEDPSO 14,007.29 4917.78 1374.89 1591 1x 1074 * 37.93
DRS Exoeri ) FairGo 220 12,188.82 3546.43 1474.85 315
Xperiment ngen =
P PRM 8 4642.94 4256.76 182.54 117 (early
stopping)

The bolded values represent the relatively optimal data, with the p-value significance indicated as follows:
*: p-value < 0.05, ****: p-value < 0.0001.
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Experiment 1: Mean Fitness Curve Experiment 2: Mean Fitness Curve
14,000

13,000

12,000

12,000

11,000

10,000

10,000
9,000

8,000

Fitness Value
Fitness Value

8,000
7,000

6:000 6,000

5,000

o 100 200 300 400 500 0 100 200 300 400 500

. teration Iteration
Experiment 3: Mean Fitness Curve Experiment 4: Mean Fitness Curve

12,000 32.000

10,000 10,000

Fitness Value
Fitness Value

8,000 8,000

6,000 6,000

0 200 400 600 800 1000 0 100 200 300 400 500 600 700 800
Keration
Experiment 5: Mean Fitness Curve Experiment 6: Mean Fitness Curve
14,000 14,000 4 — GA
— DE
— s
— scA
12,000 12,0001 __ oo

—— EEDPSO

10,000 10,000

Fitness Value
Fitness Value

8,000 8,000

6,000 6,000

0 100 200 300 400 500 600 700 800 0 200 400 600 800 1000 1200 1400 1600
Iteration Iteration

Figure 7. Convergence curves of MovieLens.

Table 5. Experiments on different sizes of AmazonReviewData-sm.

Worst Standard Convergence

Fitness Fitness Deviation Generation p-Value Significant  Time (s)
GA 3892.64 2920.16 190.08 483 2,616 x 10~11 18.77
DE ngen = 500 424221 2923.55 272.28 466 0.0181852 * 13.54
) SA 4149.65 4975.74 173.52 292 6.4068 x 1015 4.63
Experiment?7 SCA pop =80 321552 2849.87 1453 209 0 oot 36.37
PSO particles =30 2984.39 2899.95 13.17 255 0 - 8.84
EEDPSO 4359.57 2924.65 266.02 496 * * 7.98
GA 4019.59 2939.12 200.15 487 1.1656 x 1072 ok 472
DE ngen =500 429445 2940.93 256 485 0.0097806 o 48.64
Experiment 8 SA pop =200 4160.08 2833.14 109.67 264 2.9328 x 1075 11.53
SCA ! 3288.77 2871.74 172.92 214 0 82.54
PSO particles =75 2996.51 2916.77 13.74 242 0.00 21.78
EEDPSO 4414.12 3009.19 191.6 496 * * 19.48
GA 3992.14 2920.16 177.98 969 6.2754 x 10710 37.42
DE ngen = 1000 4253.65 2923.55 232,91 488 0.00316204 * 19.96
) SA 4157.76 2796.79 127 530 6.6 x 1075 9.23
Experiment 9 SCA pop =80 3247.24 2847.69 155.14 355 0 ok 69.45
PSO particles = 30 2992.83 2899.95 13.11 488 0 — 19.46
EEDPSO 4401.49 2929.27 212.26 994 * * 15.83
DRS Exoeriment 3 FairGo 200 4319.91 143251 733.94 192
rpenmen PRM neen 2287.48 2175.73 24.65 79 (early
stopping)

The bolded values represent the relatively optimal data, with the p-value significance indicated as follows:
*: p-value < 0.05, **: p-value < 0.01, ****: p-value < 0.0001.
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Table 6. Experiments on different sizes of AmazonReviewData-lg.

Worst Standard Convergence

Fitness Fitness Deviation Generation p-Value Significant  time(s)

GA 4193.66 3194.59 153.88 783 41371 x 10-6 39.25

DE ngen =800 4403.42 3197.31 174.41 684 0.0369414 * 27.82

) SA 4174.95 3140.4 65.24 417 2.9657 x 10~ 9.81

Experiment 10 SCA pop =120 3582.69 3112.19 189.58 315 0 729
PSO particles =45 3277.02 3164.8 16.4 401 0 o 27.76

EEDPSO 4459.33 32418 134.69 794 * * 24.59

GA 4269.09 3214.48 150.43 785 0.00010553 * 98.4

DE ngen = 800 44241 3216.91 160.26 782 0.0315705 * 97.09

Experiment 11 SA pop = 300 4182.63 3457.91 373 407 2.0186 x 10~ 24.42
SCA X 3541.79 3161.69 151.13 341 0 188.81

PSO particles =110 3290.26 3183.18 16.06 404 0.00 wee 5873

EEDPSO 4472.8 3366.29 89.53 795 * * 45.64

GA 4249.83 3194.59 132.54 1569 5.4618 x 1077 78.34

DE ngen = 1600 4408.43 3197.31 136.56 699 0.0310538 * 40.76

) SA 4181.02 31404 4784 864 2.1407 x 10-6 19.45
Experiment 12 SCA pop =120 3605.47 3109.71 194.08 546 0 e 143.75

PSO particles =45 3286.44 3164.8 15.96 805 0 ek 46.01

EEDPSO 4470.09 3242.12 100.91 1591 * * 343

DRS Bxveriments TGO 120 4650.32 1416.29 816.2 316
rpermen PRM neen 2445.43 2198.55 37.05 87 (early
stopping)

The bolded values represent the relatively optimal data, with the p-value significance indicated as follows:
*: p-value < 0.05, **: p-value < 0.01, ****: p-value < 0.0001.

1.  The EEDPSO curve in the fitness graph is the highest and shows significant im-
provement in later stages, demonstrating strong global search and local fine-tuning
capabilities. As iterations progress, its late-stage advantages become more evident.
DE and SA perform at a mid-to-high level, with SA excelling in early-stage speed.
GAs show moderate performance but exhibit continuous growth.

2. In the box plot, EEDPSO has the highest median and maximum values, indicating
stable solution quality and occasional optimal solutions. DE and SA rank second, with
DE slightly outperforming SA in extreme values. GAs show substantial fluctuations
but generally remain moderate.

3. In the distribution plot, the EEDPSO curve is right-shifted and has the longest tail,
indicating superior initial performance and optimization ability. Its low peak sug-
gests the algorithm avoids stagnation in specific regions, showcasing strong explo-
ration. EEDPSO offers higher solution diversity and a broader search range than
other algorithms.

4. In the scatter plot, EEDPSO achieves the highest mean and a broad distribu-
tion range, indicating consistent convergence to high-quality solutions rather than
occasional outliers.

Based on the comprehensive analysis of the visualization results, we can conclude that
EEDPSO demonstrates both fast and stable convergence across diverse experimental conditions.
As shown by the convergence curves and convergence generation metrics, it achieves rapid
fitness improvements during the early iterations and continues to refine solutions in the later
stages. In contrast, algorithms such as SA and DE converge quickly at first but tend to plateau
early, resulting in lower final fitness. This reflects EEDPSO’s ability to maintain a balanced
search process that combines global exploration with effective local refinement.

In large-scale and high-dimensional scenarios—such as MovieLens-32M and
AmazonReviewData-lg—EEDPSO maintains strong robustness and avoids premature
convergence. Its discrete position update strategy, adaptive perturbation mechanism, and
diversity-preserving components allow it to sustain effective search dynamics as prob-
lem complexity increases. These convergence characteristics are especially beneficial in
real-world recommendation tasks, which are typically sparse, dynamic, and combinatorial
in nature.
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Figure 9. Box plot of MovieLens.
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Firstly, we analyze the experiments of the metaheuristic algorithms. The fitness
performance analysis across twelve experimental groups reveals consistent rankings among
the algorithms. EEDPSO consistently achieves the highest or near-highest fitness values,
demonstrating superior global search capability and local refinement efficiency. Worst-
case fitness analysis indicates that EEDPSO performs well in the early stages. Statistical
significance analysis, including p-values, confirms that EEDPSO significantly outperforms
other algorithms. DE and SA form the second tier, exhibiting comparable performance,
with variations dependent on parameter settings and experimental conditions. While SA
converges rapidly, its final fitness values are generally similar to or slightly lower than
those of DE. GAs perform at an intermediate level, outperforming SCA and PSO, both of
which struggle with the recommendation optimization task.

When computational scale (population size and particles) increases, GAs and DE show
notable improvements due to particle interactions. As the iteration count increases, DE
and SA reach full convergence, and their fitness values stabilize. EEDPSO maintains its
advantage throughout.

EEDPSO and GAs take the longest to converge, suggesting slower convergence in
standard optimization problems [20]. However, in a 200-dimensional combinatorial opti-
mization problem, this highlights their superior exploration capabilities. DE also improves
exploration when the computational scale is sufficiently large.

Regarding computation time, SA has the shortest runtime, outperforming GAs, DE,
and SCA. EEDPSO follows with overall efficient computation. DE and GAs, with their large
populations and complex operations, experience a superlinear increase in computation
time as the computational scale grows. SCA is unsuitable for high-dimensional problems.
As particle numbers and iterations increase, EEDPSO’s computational speed advantage
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over PSO becomes more pronounced, indicating that modifications to velocity and position
updates enhance its adaptability and efficiency in this experimental setup.

We then conducted a comparative analysis of the EEDPSO experiment with two deep
recommendation systems. In the cold-start recommendation scenarios across the first
three datasets, EEDPSO demonstrates clear advantages in recommendation precision. Its
robustness in sparse environments enables it to consistently outperform the deep learning
models under limited interaction data. FairGo, a graph-based model designed to enhance
fairness, shows competitive performance and better scalability as data volume increases.
Specifically, on the largest dataset (AmazonReviewData-lg), FairGo slightly surpasses
EEDPSO in recommendation accuracy due to its graph convolution structure’s effectiveness
in large-scale user—item relationships.

The PRM, in contrast, is a transformer-based re-ranking model that relies heavily
on the presence of rich user profiles to learn personalized embeddings. While the PRM
performs well in scenarios with extensive user interaction histories and complete side
information, it is not well suited for cold-start settings. Its re-ranking capacity assumes a
meaningful initial list and personalized vector input, both of which are difficult to obtain
in cold-start environments. This explains the PRM’s consistently low performance in our
experiments, reaffirming its limitations under sparse-data conditions.

Conclusion. EEDPSO excels due to its balance of global search and local refinement,
which is essential for high-dimensional, sparse, and combinatorial optimization problems
such as recommendation systems. Unlike traditional PSO, which struggles in discrete
spaces, EEDPSO modifies the velocity and position update mechanisms to suit discrete
recommendation lists. Its neighborhood search enhances local exploitation, while the
modified velocity update based on Jaccard similarity improves stability. The roulette-wheel
selection for position updates maintains diversity and prevents premature convergence,
ensuring effective exploration. Additionally, the perturbation term dynamically adjusts the
balance between exploration and exploitation, preventing early stagnation and enhancing
performance in noisy high-dimensional environments. These innovations enable EEDPSO
to effectively address challenges like the cold-start problem in recommendation systems
and maintain robust performance across different datasets and parameter settings.

The performance of other algorithms, such as GAs, DE, SA, PSO, and SCA, falls
short for discrete and high-dimensional recommendation system problems due to their
inherent limitations. GAs, while effective for global search, suffer from slow convergence
and high computational cost, especially in large datasets. DE excels in global search but
struggles with early-stage adaptation, often requiring more computational resources to
refine solutions in sparse-data scenarios. SA, although fast in early convergence, is more
prone to local optima and struggles with high-dimensional, sparse spaces, limiting its
effectiveness in complex recommendation tasks. PSO tends to concentrate particles in
certain regions, limiting its ability to explore the entire solution space, which hampers its
performance in discrete and combinatorial optimization tasks. SCA, although effective in
continuous optimization tasks, is not suitable for discrete problems like recommendation
systems due to its reliance on sine and cosine functions, which do not align with the discrete
nature of recommendation lists.

In addition to classical metaheuristic algorithms, we compared EEDPSO with two
deep-learning-based re-ranking models: the PRM and FairGo. In cold-start scenarios
across sub-million-scale datasets, EEDPSO significantly outperforms both deep models,
owing to its ability to explore sparse spaces without relying on user profiles or pre-trained
embeddings. FairGo, while designed primarily to improve fairness, leverages graph-based
representation learning that offers partial robustness under data sparsity. As a result,
on the largest dataset (AmazonReviewData-lg), FairGo achieves slightly higher accuracy
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than EEDPSO, benefiting from its structural modeling of user—item relations. The PRM,
in contrast, consistently underperforms in cold-start environments due to its reliance on
rich user interaction histories and personalized embeddings, which are unavailable in
sparse settings.

Overall, EEDPSO is the optimal choice for enhancing satisfaction or revenue opti-
mization in complex recommendation system tasks, especially under data sparsity or
cold-start conditions. Across twelve experiments, it consistently outperforms traditional
metaheuristics and maintains competitive performance against advanced deep models,
demonstrating superior efficiency, robustness in discrete recommendation optimization,
and strong generalizability and reliability.

6. Discussion

In this section, we conduct an ablation study using the first experimental group from
Section 5, where the iteration count is 500, the particle count is 30, and all the hyperpa-
rameters remain consistent. To ensure fairness and minimize random errors, we use the
same seed and tag heat parameters in each experiment and take the average results over
100 runs. This study further analyzes and answers the following questions:

1. The elite evolution strategy consists of two modules. How does each module con-
tribute to improving algorithm performance?

2. The experimental results indicate that the new velocity update strategy performs well
in solving optimization problems. How is its effectiveness reflected in the results?

3. The new position update strategy guides particles toward more targeted random
exploration. What are its actual effects?

4. Under the combined influence of multiple strategies, how should parameters c;
and cp be proportionally allocated in EEDPSO? Does this allocation help to balance
exploration and exploitation?

In the following sections, we provide answers to these questions.

6.1. Elite Evolution Strategy

The elite evolution strategy in the algorithm is implemented through neighborhood
exploration of both the personal best and global best solutions. To evaluate its effectiveness,
we conduct ablation experiments by sequentially removing each component. The experi-
mental setup is as follows: Experiment 1 (EEDPSO): the complete algorithm. Experiment
2 (EEDPSOAJ1): personal best neighborhood exploration removed. Experiment 3 (EEDP-
SOA?2): global best neighborhood exploration removed. Experiment 4 (EEDPSOA3): both
neighborhood exploration strategies removed.

According to Table 7, global best neighborhood exploration significantly improves
computational quality. From the fitness curve in Figure 15, both strategies exhibit strong
global search capabilities and contribute to mitigating premature convergence. To better
understand their respective roles, we analyze the slope (derivative) curve. The obtained
slope data are smoothed using Gaussian filtering to reduce noise, allowing for a clearer
visualization of key trends [60]. From the Figure 16 slope curve, it is evident that the
impact of both strategies on the growth rate is primarily in the early iterations, with
global best neighborhood exploration being significantly more influential. These findings
indicate that global best neighborhood exploration serves as a fundamental component in
EEDPSO, while personal best neighborhood exploration contributes an additional 6-10%
improvement in computational quality. The synergistic interaction between these two
strategies is the key factor behind EEDPSO’s superior performance.
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Table 7. Ablation study results and relative performance changes.
. . . Fitness Time Change

Experiment Fitness Time (s) Change (%) (%)

EEDPSO 13,394.04 7.94 0.00 0.00
EEDPSOAL1 12,608.43 5.86 —-5.72 —26.26
EEDPSOA2 8953.20 6.00 —33.17 —24.56
EEDPSOA3 8150.71 4.32 —-39.17 —45.60
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Figure 15. Ablation experiment curve.
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Figure 16. Ablation experiment slope diagram.

Second, we conduct an analysis of the relative importance and interaction effects

of the two key components in the proposed algorithm: the personal-best neighborhood

exploration strategy (personal) and the global-best neighborhood exploration strategy

(global). As shown in Figure 17, we analyze the four subplots in order from left to right,

top to bottom.
1.

Final Fitness Distribution (a). This subplot illustrates the final fitness distributions
of the four experimental variants: the full algorithm (EEDPSO) and three ablation
versions (EEDPSOA1, EEDPSOA?2, and EEDPSOA3). The full algorithm achieves the
highest performance overall, with a clearly higher median and upper quartile. In
contrast, EEDPSOA3—which removes both components—demonstrates a significant
drop in performance, as indicated by the leftward shift in distribution. This result
suggests that the absence of both strategies substantially impairs the algorithm’s
global search ability and convergence effectiveness.

Performance Scatter Comparison (b). This subplot compares the final fitness results of
each ablated version with those of the full algorithm. The dense and separated clusters,
especially for EEDPSOAS3, reveal that jointly removing both personal and global
components significantly degrades performance. The other two ablation variants show
milder performance degradation, indicating that either component alone contributes
positively to optimization, but the joint presence is crucial.

Interaction Effect Analysis (c). This subplot presents the interaction effect between
the two components, visualized through a point plot derived from a linear regression
model with an interaction term (Fitness Personal + Global + Personal x Global).
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The two lines (Global = 0 and Global = 1) are clearly non-parallel and intersect,
indicating the presence of an interaction effect. Although the interaction term is not
statistically significant (p = 0.176), the trend suggests that the combined removal of
both components causes a synergistic deterioration in fitness, beyond the sum of their
individual effects.

Correlation Matrix of Experimental Results (d). The final subplot shows the Pearson
correlation matrix among the four experiment groups. EEDPSO and EEDPSOA1
exhibit the highest correlation (r = 0.99), suggesting that removing only the personal
component does not substantially change the search behavior. On the other hand,
EEDPSOA3 shows the lowest correlation with the full algorithm (r = 0.96), implying
that removing both components significantly alters not just the performance but the
behavior and search dynamics of the algorithm.
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Figure 17. Analysis of the results of ablation experiment.

6.2. Changes in Update Mechanisms

We address Question 2 and Question 3 simultaneously by analyzing both the velocity
update mechanism and the position update mechanism.

The velocity update mechanism primarily incorporates Jaccard distance with an added
perturbation term c to measure particle distance while retaining the standard PSO update
rule. In discrete recommendation lists, Jaccard similarity proves especially suitable as it
measures the set similarity between recommendation lists, providing an intuitive metric
for discrete recommendation systems [61]. Jaccard similarity offers several advantages for
our approach: it has low computational complexity, maintains a bounded value range of
[0,1] that aligns with PSO requirements, accurately reflects structural similarities between
recommendation lists, and effectively handles sparse high-dimensional data. Alternative
metrics show notable limitations: cosine similarity better suits continuous vector spaces
compared to discrete structures; Pearson correlation coefficients struggle to represent
structural differences between recommendation lists; and Euclidean distance incurs high
computational costs in high-dimensional spaces while producing unbounded values that
complicate velocity control [61]. For the perturbation value ¢, optimization using the
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Optuna framework identifies an optimal range of 2—4, within which particle velocity
gradually decreases to promote convergence while maintaining sufficient exploratory
capability to avoid local optima. The perturbation term c plays a critical role in enhancing
exploration in PSO, particularly in discrete recommendation scenarios. In standard PSO,
particle velocities tend to shrink near optimal regions, increasing the risk of premature
convergence. By introducing a controlled random perturbation, ¢ disrupts this equilibrium,
enabling particles to escape local traps and continue global exploration. Moreover, in
conjunction with guidance from the center-nearest particle (CNP), the perturbation term
increases population diversity and reduces the likelihood of particles clustering prematurely.
This mechanism effectively strengthens the algorithm’s global search ability and robustness,
ensuring stable convergence and improved adaptability in complex high-dimensional
search spaces [62].

As shown in Figure 18, the lowest peak values of velocity in EEDPSO exhibit a
decreasing trend over iterations during the jumping process. This aligns with our intended
effect, where the inertia weight (w) effectively regulates velocity throughout optimization.
As the algorithm progresses, the particles’ reliance on their current velocity diminishes,
leading to a continuous reduction in the lower bound of velocity.

V Changes Over lterations

18 4 — V Value

V Value

100 200 300 400 500
Iteration

=

Figure 18. Velocity change curve chart.

Position Update Mechanism: We employ a roulette-wheel selection strategy for
position updates, balancing random exploration, personal best (pbest) exploitation, and
global best (gbest) optimization. The inertia weight (w) governs the extent of random
exploration and should be set inversely proportional to the perturbation in the distance
function to maintain equilibrium between velocity fluctuations and decay (as analyzed
in Section 4). An appropriate range for w is 0.5 to 0.65, ensuring that approximately half
of the dimensions undergo random exploration. Excessively high w values may hinder
convergence, undermining the intended PSO behavior.

The modifications to the velocity and position update mechanisms preserve the sim-
plicity of the PSO update process, requiring only a single update per iteration. This
effectively reduces the computational cost while maintaining the algorithm’s exploratory
capacity. The velocity update mechanism ensures a gradual decrease in velocity while
allowing significant jumps, enabling broader participation of dimensions in the update
process. Simultaneously, the position update mechanism ensures sufficient dimensional
perturbation, facilitating continuous global exploration as the algorithm converges. This
enhances the ability to escape local optima and improves the global search efficiency.
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Comparing the EEDPSO and EEDPSOAS3 curves in Figures 19 and 20, we observe
that, without neighborhood exploration, the growth curve exhibits a step-like pattern. This
suggests that the algorithm struggles to efficiently exploit local regions, instead favoring
broader exploration to escape local optima and enhance the global search. At this stage,
increased randomness mitigates premature convergence.

In metaheuristic algorithms, a step-like growth pattern is generally indicative of
suboptimal performance [53]. However, in this case, it complements the elite evolution
neighborhood exploration strategy, achieving a dynamic balance between exploration
and exploitation.
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Figure 19. Comparison of curves in EEDPSO.
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Figure 20. Comparison of curves in EEDPSO3.

6.3. Distribution of Individual Learning Term (c1) and Global Learning Term (c2)

In particle swarm optimization (PSO), c; and c¢; regulate the balance between local
and global search. A larger c; enhances local exploration by encouraging particles to revisit
previously explored regions, but it also increases the risk of entrapment in local optima.
Conversely, a larger c; accelerates convergence by directing particles toward the global best
solution, although it may lead to premature convergence and insufficient exploration of the
search space [63].

When c; + cp > 4, particle trajectories may diverge, preventing convergence and
leading to optimization failure. The optimal setting, typically ¢c; = ¢, = 2.0, ensures
c1 + c2 = 4, maintaining a critical balance between exploration and exploitation [63].

To investigate the influence of learning factors ¢y and ¢, and identify well-performing
configurations for EEDPSO, we utilized the Optuna hyperparameter optimization frame-
work. The search space was defined as c1, ¢ € [0.2,2.0], with an upper bound constraint
of ¢; 4+ c3 < 4.0 to ensure stability during search. Optuna employed the tree-structured
Parzen Estimator (TPE) to efficiently sample promising parameter combinations. For each
trial, the algorithm was run independently 100 times to reduce the influence of randomness,
and the best fitness value among those runs was recorded as the objective metric. This
process was repeated across more than 150 trials, allowing thorough exploration of the
parameter landscape. The best configuration obtained was ¢; = 1.26, c; = 0.74, which
was then adopted as the baseline in our subsequent control experiments. As evidenced
in Table 8 and Figures 21 and 22, different combinations of c; and ¢, produce noticeably
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different convergence behaviors and fitness outcomes. These findings demonstrate not only
the sensitivity of EEDPSO to its learning factors but also the practical value of data-driven
tuning strategies in enhancing the overall performance across varying problem scenarios.

Table 8. Control experiment of learning factors. Arrows indicate changes relative to baseline: “1” for
increase, “]” for decrease.

Setting Dimension w c1 o c1+co Fitness
Baseline

(EEDPSO) 200 0.55 1.26 0.74 2.00 13,394.04
Cc21,C1) 200 0.55 0.74 1.26 2.00 12,858.28
C11,C21 200 0.55 1.46 0.54 2.00 13,126.16
Cl], C2«+ 200 0.55 0.40 0.80 1.20 11,742.51
C2l,Cl«+ 200 0.55 0.80 0.40 1.20 11,875.97
Baseline

(EEDPSO) 100 0.55 1.38 0.62 2.00 6560.22
c21,C1) 100 0.55 0.98 1.02 2.00 6284.10
Cit1,C2) 100 0.55 1.68 0.32 2.00 6622.71
C1], C2«+ 100 0.55 0.40 0.80 1.20 5503.51
C2],Cl«+ 100 0.55 0.80 0.40 1.20 5620.32
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Figure 21. Graph of higher C1.
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We observe that increasing c; while decreasing c; accelerates early convergence (e.g.,
“Higher ¢,” setting), reflecting stronger attraction toward the global best solution. How-
ever, this setting results in premature convergence and poorer final performance due
to reduced population diversity. In contrast, a higher c; emphasizes personal learning,
slightly improving late-stage convergence but causing slower early progress and less stable
behavior overall.

Poor parameter settings clearly degrade performance. For instance, extremely low
values lead to insufficient movement and slow convergence throughout, while excessively
large values cause unstable particle trajectories and convergence failure. Symmetric config-
urations yield acceptable results but fail to exploit the dynamic strengths of either term.

The best performance was achieved using asymmetrical settings, specifically c; = 1.26
and ¢, = 0.74, in high-dimensional settings. This combination ensures strong global
guidance with sufficient exploratory variability, balancing convergence speed and diversity.
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Based on these results, we recommend the following guidelines for practitioners:
In low-dimensional problems, slightly increasing c; to 1.1 ~ 1.6 and maintaining or
slightly reducing c; to 0.4 ~ 1.1 helps to enhance early-stage local search and leads to
better convergence performance, as confirmed by the improved fitness values in the 100-
dimensional group. In high-dimensional problems (dimension > 200), it is more effective
to reduce c; to 0.3 ~ 0.8 and increase c; to 1.2 ~ 1.6 to strengthen global learning and
avoid premature local convergence. For noisy or heavily perturbed problems, c¢; should
be reduced even further while keeping c; relatively high to stabilize the search process.
In general, maintaining c; 4 ¢ ~ 2.0 achieves a good balance between exploration and
exploitation across scenarios.

These findings confirm that, while EEDPSO retains the core roles of ¢; and cp from
classical PSO, the optimal ranges shift due to the algorithm’s discrete design and enhanced
local update mechanisms.

7. Conclusions

This paper introduces the elite evolutionary discrete particle swarm optimization
(EEDPSO) algorithm, designed for solving RS and other combinatorial optimization prob-
lems. While preserving the key advantages of traditional PSO, the algorithm discretizes
particle representation according to the problem’s data structure. An elite evolution strat-
egy is employed through neighborhood exploration, effectively balancing local and global
optimization. The particle velocity is redefined as a dimensional change, with the velocity
update mechanism modified using Jaccard similarity and the position update enhanced by
roulette-wheel selection, incorporating a perturbation value to promote exploration.

The experimental results demonstrate that EEDPSO significantly outperforms five
mainstream metaheuristic algorithms in terms of both computational quality and conver-
gence speed. Ablation studies and hyperparameter sensitivity analyses further confirm
that this performance advantage stems from the algorithm’s internal design: the elite evo-
lution strategy enhances solution development, while the coordination of velocity, position,
and hyperparameters effectively balances global exploration and local exploitation. The
optimization process reveals that improving one aspect often compromises another, high-
lighting the importance of maintaining equilibrium between exploration and exploitation.
EEDPSO addresses this challenge by enhancing individual-level precision while preserv-
ing population diversity, enabling thorough local search without sacrificing the global
search capability.

In deep recommendation system experiments, EEDPSO was compared with several
representative deep recommendation models. The results show that, on sub-million-
scale datasets, EEDPSO achieves superior performance. Even on million-scale datasets, it
maintains comparable effectiveness while requiring lower training complexity and compu-
tational resources. The calculation accuracy is slightly lower than FairGo, and far better
than the PRM without cold-start adaptation.

Thanks to its robustness in sparse and high-dimensional environments, EEDPSO
proves to be an efficient solution for recommendation systems under cold-start conditions.
Furthermore, its scalability and adaptability make it suitable for a variety of related appli-
cations, including personalized advertising, content recommendation, and short video feed
ranking—domains where fast response and high accuracy are equally important [64].

Overall, these findings suggest that EEDPSO offers a practical and high-performance
alternative to deep-learning-based methods in scenarios that demand lightweight, inter-
pretable, and scalable recommendation solutions.

Despite its advantages, EEDPSO has certain limitations. Specifically, it may perform
inefficiently in problems with relatively low dimensions or when the problem representa-
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tion is binary as the search mechanism can become overly conservative, leading to lower
efficiency [65]. Moreover, EEDPSO does not adapt well to combinatorial optimization
problems that involve sequencing constraints, such as VRPs. Therefore, targeted optimiza-
tions are necessary to make the algorithm more suitable for such problems. In addition, in
datasets of millions or more items, EEDPSO may lag behind some deep recommendation
systems, so there is still potential for breakthrough.

Future work will focus on adapting the algorithm to new combinatorial optimization
problems to enhance its versatility [66—68], such as Vehicle Routing Problems (VRPs) [69],
Traveling Salesman Problems (TSPs), and other problems involving sequencing constraints.
Another promising direction is to integrate deep recommendation systems [70], such
as graph neural networks (GNNSs), and incorporate user profiling to add personalized
prediction features. This integration will aim to maintain the high performance of EEDPSO,
particularly in cold-start scenarios.
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