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ABSTRACT: Natural Language Processing (NLP) has become essential in text classification, sentiment analysis,
machine translation, and speech recognition applications. As these tasks become complex, traditional machine learning
and deep learning models encounter challenges with optimization, parameter tuning, and handling large-scale, high-
dimensional data. Bio-inspired algorithms, which mimic natural processes, offer robust optimization capabilities
that can enhance NLP performance by improving feature selection, optimizing model parameters, and integrating
adaptive learning mechanisms. This review explores the state-of-the-art applications of bio-inspired algorithms—
such as Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and Ant Colony Optimization (ACO)—across
core NLP tasks. We analyze their comparative advantages, discuss their integration with neural network models, and
address computational and scalability limitations. Through a synthesis of existing research, this paper highlights the
unique strengths and current challenges of bio-inspired approaches in NLP, offering insights into hybrid models and
lightweight, resource-efficient adaptations for real-time processing. Finally, we outline future research directions that
emphasize the development of scalable, effective bio-inspired methods adaptable to evolving data environments.

KEYWORDS: Natural language processing; bio-inspired; genetic algorithms; ant colony optimization; particle swarm
optimization

1 Introduction

Natural Language Processing (NLP) has become the cornerstone of modern artificial intelligence
(AI), enabling machines to understand, interpret, and generate human language [I]. NLP endeavors to
bridge the divide between human communication and computer comprehension. By developing sophis-
ticated models and algorithms specifically designed to analyze and interpret natural language data [2]
effectively, contemporary researchers are not only refining these tools for practical applications—such
as creating spoken dialogue systems, speech-to-speech translation engines, and mining social media for
health or financial insights [3]-but are also utilizing them to gauge sentiment and emotion toward various
products and services; consequently, NLP has become an integral part of our daily lives, being widely
employed in numerous computer applications and mobile devices [4]. The rapid proliferation of NLP
applications—ranging from chatbots and sentiment analysis (SA) to machine translation (MT) and speech
recognition—has significantly impacted diverse domains, including healthcare, finance, and education [5].
NLP generally encompasses tasks requiring machines to process and understand human language, including
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text classification, SA, MT, and speech recognition, each with unique challenges [1]. Text classification
categorizes text into predefined classes, such as spam detection or document labeling, relying on feature
selection techniques to manage high-dimensional data while retaining relevance. SA extracts subjective
information like opinions and emotions from text, facing challenges in interpreting nuanced and ambiguous
language. MT demands comprehension of semantic and syntactic structures while addressing polysemy
and cultural context. Speech recognition converts spoken language into text, requiring robust feature
extraction and optimization to manage accents, noise, and speech variations. Despite advances in deep
learning (DL) models like Transformers, which power systems such as BERT and GPT, these models require
significant computational resources, large labeled datasets, and careful optimization to balance complexity
and generalization. However, as NLP tasks grow in complexity and scale, the challenges of optimizing
these systems have intensified. These challenges include high-dimensional feature spaces, extensive model
parameters, and the need for adaptability in dynamic environments. To address these issues, researchers
increasingly turn to bio-inspired algorithms, which mimic natural processes and evolutionary principles, as
a promising alternative to traditional optimization techniques.

Optimization algorithms have progressively incorporated inspirations from nature, physics, and human
behavior since the introduction of Differential Evolution (DE) in 1995 [6], a population-based method
using mutation, crossover, and selection for non-linear problems, followed by the Ant Colony System
(ACS) in 1997 [7], which utilizes ant-inspired pheromone trails for combinatorial optimization, and the
Artificial Bee Colony (ABC) algorithm in 2005 [8], emulating honey bee foraging to balance exploration
and exploitation in continuous optimization, with Grey Wolf Optimization (GWO) launching in 2014 [9],
drawing from grey wolf social structures and hunting strategies to tackle complex problems with minimal
parameters, while the Equilibrium Optimizer (EO) [10], introduced in 2020, applies physics-based control
volume mass balance models to achieve good convergence in both continuous and discrete optimization
tasks, alongside the Student Psychology Based Optimization (SPBO) [11], also from 2020, which simulates
students’ academic efforts as a unique approach with potential in engineering applications, and most recently,
the African Vultures Optimization Algorithm (AVOA) [12], developed in 2021, mimicking the foraging and
navigation behaviors of African vultures, further enriching the landscape of nature-inspired optimization
techniques. Furthermore, the Virus Colony Search (VCS) algorithm, introduced in 2016 [13], simulates virus
diffusion and infection strategies, integrating Gaussian random walks, CMA-ES, and immune response
mechanisms to efficiently solve unconstrained benchmark functions and constrained engineering problems,
often outperforming established methods like GA, PSO, and DE. More recently, the Artificial Circulatory
System Algorithm (ACSA) [14], presented in 2025, models human circulatory regulation of blood pressure
and volume, excelling on 16 classic and 12 CEC 2022 benchmark functions, surpassing 42 of 64 metaheuristic
algorithms statistically, though it requires problem-specific tuning like other metaheuristics. Among this
vast array of algorithms, GA, PSO, and ACO were chosen because of their historical significance, extensive
application in the NLP literature, and complementary strengths. These algorithms have successtully solved
complex optimization problems across various fields [15,16].

Bio-inspired algorithms are computational techniques that draw inspiration from biological phenom-
ena such as evolution, swarm intelligence, and neural processes [17]. Their adaptability, robustness, and
ability to navigate vast search spaces make them well-suited for NLP tasks, which often involve large datasets
and intricate decision-making processes. Bio-inspired algorithms offer a promising solution to overcome
some limitations of traditional and SA-based NLP approaches by leveraging natural processes to address
critical challenges [18]. These algorithms optimize complex, high-dimensional parameter spaces, making
them ideal for hyperparameter tuning in NLP models. They are particularly effective in feature selection
for tasks like text classification and SA, identifying the most relevant features to reduce computational
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overhead and enhance performance. Their adaptability to dynamic data environments ensures suitability
for evolving datasets and tasks. At the same time, their integration with neural networks enables the
optimization of architectures, weights, and learning parameters, improving accuracy and efficiency. Notable
examples include GA for feature selection in text classification to improve accuracy, PSO for enhancing
MT system parameters, and ACO for aligning sequences in MT and optimizing resource allocation in
speech recognition. A specific application of these principles is demonstrated in a 2006 study by Alba
et al. [19], published in Information Processing Letters, which explores the use of metaheuristic approaches,
specifically a GA, a CHC algorithm, and simulated annealing (SA), for the NLP task of part-of-speech
tagging, comparing their performance against the traditional Viterbi algorithm. The study evaluates these
methods using integer and binary encodings and both sequential and parallel implementations on the Brown
and Susanne corpora, finding that the GA with integer coding generally outperforms CHC and SA, achieving
competitive accuracy (around 97%) with Viterbi, especially in scenarios with poorer statistics or non-
Markov models, while parallelism enhances both accuracy and efficiency. The results highlight the potential
of evolutionary algorithms as flexible, high-quality alternatives for tagging, capable of handling complex
contexts beyond traditional methods, with future research planned to explore additional genetic operators
and metaheuristics. Researchers have recently explored hybrid models integrating bio-inspired algorithms
with traditional SA and SA techniques. These hybrid approaches leverage the strengths of both paradigms:
the optimization capabilities of bio-inspired algorithms and the predictive power of neural networks. For
instance, neuroevolution—a process where neural network architectures are optimized using evolutionary
algorithms—has been applied to NLP tasks like SA and speech recognition [20—22]. This approach improves
model performance and reduces the need for manual architecture tuning. Hybrid models also address the
computational challenges associated with large-scale NLP tasks. By incorporating bio-inspired optimization
methods, these models can achieve better parameter configurations with fewer iterations, reducing training
time and resource consumption.

While bio-inspired algorithms offer significant advantages, their application in NLP is not without
challenges. These algorithms can be computationally expensive, especially when dealing with large datasets
and complex models. Additionally, their performance depends on parameter tuning, which can be time-
consuming and require expertise. However, these challenges also present opportunities for innovation.
Researchers are actively exploring lightweight bio-inspired algorithms that reduce computational complexity
while retaining optimization capabilities. Moreover, advancements in parallel computing and distributed
systems enable efficient scaling of these algorithms for large-scale NLP tasks. Another exciting avenue
of research is the development of domain-specific bio-inspired techniques tailored to NLP. For example,
algorithms inspired by linguistic or cognitive processes could provide novel solutions for tasks like SA and
MT. Integrating bio-inspired algorithms with pre-trained language models like BERT and GPT also holds
immense potential, combining the contextual understanding of these models with the optimization prowess
of bio-inspired approaches.

This review aims to comprehensively analyze the potential of bio-inspired algorithms for enhancing
NLP tasks. Specifically, it seeks to:

«  Explore state-of-the-art applications of bio-inspired algorithms in key NLP tasks such as text classifica-
tion, SA, MT, and speech recognition.

« Analyze bio-inspired approaches’ comparative advantages and limitations relative to traditional and
SA methods.

«  Highlight recent advances in hybrid models and their impact on NLP performance.

« Identify key challenges and propose future research directions to address these challenges and unlock
the full potential of bio-inspired algorithms in NLP.
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By synthesizing existing research and offering actionable insights, this review aims to contribute to the
growing body of knowledge on bio-inspired algorithms and their transformative impact on NLP, paving the
way for next-generation systems that are both efficient and adaptable.

2 Overview of Bio-Inspired Algorithms

Bio-inspired algorithms are computational techniques that draw inspiration from natural processes
such as evolution, swarm intelligence, and biological neural mechanisms. These algorithms are broadly
classified into three major categories: Evolutionary Algorithms (EA), Swarm Intelligence (SI), and Neural-
based Algorithms (NA). Evolutionary algorithms, such as GA and DE, are inspired by natural selection
and genetic mutation. Swarm Intelligence methods, like PSO and ACO, model the collective behavior of
groups of simple agents. Neural-based algorithms take inspiration from biological neural networks, such as
Artificial Neural Networks (ANN) and Spiking Neural Networks (SNN). These categories collectively provide
powerful techniques for solving complex optimization problems in NLP.

Table 1 presents the application domains of bio-inspired optimization algorithms in NLP, categorizing
their utilization across different tasks. These algorithms have been extensively used for solving complex
optimization problems. This section provides an overview of key bio-inspired algorithms, their mathematical
formulations, and their relevance to NLP tasks. In specific functions of NLP, bio-inspired algorithms offer
powerful tools for addressing the optimization challenges inherent in NLP tasks. By leveraging natural
principles, these methods provide adaptable, efficient, and robust solutions that complement traditional

machine-learning approaches.

Table 1: Application domains of bio-inspired optimization algorithms in NLP

Application domain ACO PSO GA
Text Mesleh and Kanaan Kurniawati and Pardede Song and Park
classification (2008)—ACO for Arabic text (2018)—PSO for feature term (2009)—GA-based biomedical

classification [23]. Aghdam
et al. (2008)—ACO-optimized
SVM [24]. Nema and Sharma
(2015)—ACO-kNN
hybrid [25]. Aggarwal and
Chhabra (2017)—Rule
generation via ACO [26].
Hossain et al. (2022)—ACO for
deep features [27]. Gite et al.
(2023)—Multi-label ACO
model [28]. Tripathy et al.
(2023) —Semantic features
using ACO [29]. Durga et al.
(2024)—ACO with fuzzy
logic [22]. Alsaduni et al.
(2024) —ACO-LDA
hybrid [30].

optimization [21]. Kumar and
Pathak (2021)—PSO-SVM
hybrid [31]. Mandal et al.
(2018)—Feature selection via
PSO [32]. Machova et al.
(2020)—PSO combined with
GA [33].

feature selection [34,35]. Oezel
(2011)—GA using tagged-terms
as features [36]. Uguz (2011)—
GA-SVM for Turkish
datasets [37]. Chen et al.
(2013)—GA for
term-weighting [38]. Uysal and
Gunal (2014) —Dimensionality
reduction using GA [39]. Bidi
and Elberrichi
(2016)—GA-enhanced naive
Bayes [40]. Ghareb et al.
(2016)—Lexical pruning using
GA [41].

(Continued)
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Table 1 (continued)

Application domain ACO PSO GA
Sentiment Kwon et al. (2014)—Feature Kumar Gupta et al. Katarya and Yadav
analysis optimization with ACO [42]. (2015)—PSO-SVM for (2018)—GA-optimized random
Ahmad et al. (2019)—ACO sentiment polarity [46]. forest [49]. Keshavarz and
with deep sentiment Machova et al. (2020)—Swarm Abadeh (2017)—GA-based
models [43]. Hamdi et al. hybrid with GA [33]. Yue et al. SVM [50]. Igbal et al.
(2022)—Hybridized (2023)—PSO-enhanced deep (2019)—Sentiment
ACO-SVM [44]. Kavitha and learning [47]. Asri et al. classification using GA [51]. Li
Lalitha (2024)—ACO-based (2023)—PSO in ensemble and Liang (2020)—Hybrid GA
rule extraction [45]. learning [48]. with NB [52]. Ernawati et al.
(2020) - Feature tuning via
GA [53]. Junior et al.
(2021)—GA for multilingual
sentiment [54]. Dangi et al.
(2022)—GA-selected semantic
features [55]. Huang et al.
(2023)—Hybrid
GA+CNN [56]. Ferreira et al.
(2015)—Social media analysis
using GA [57].
Machine Tambouratzis (2009)—Phrase Farzi and Faili (2015)—Phrase Echizenya et al. (1996)—Early
translation alignment via ACO [58]. extraction using PSO [63]. GA-based MT [68].
Alsaeedan et al. (2017)—ACO Montes-Olguin et al. Sofianopoulos et al.
for syntax trees [59]. Habibulla (2018)—Bilingual term (2010)—GA for grammar
etal. (2023)—Hybrid alignment [64]. Li optimization [69]. Singh et al.
ACO-RNN [60]. Zhang et al. (2022)—PSO-enhanced (2018)—Phrase table
(2023)—ACO for word sense encoder-decoder [65]. Zhao optimization [70]. Ganapathy
disambiguation [61]. Shi and and Zheng (2023)—Neural (2020)—GA-based attention
Tao (2024)—Multi-objective translation boosted by tuning [71]. Yu
ACO [62]. PSO [66]. Chartcharnchai et al. (2022)—Evolutionary
(2024)—Statistical MT with fine-tuning in NMT [72].
PSO [67].
Speech Nemati and Basiri Najkar et al. (2010)—PSO for Kwong and Chau (1996,
recognition (2011)—Phoneme recognition HMM optimization [76]. Chan 1997)—GA for speech

using ACO [73]. Rashno et al.
(2015)—ACO for MFCC
feature selection [74]. Jalili
et al. (2016)—Speech pattern
matching [75].

et al. (2012)—Swarm learning
of acoustic models [77].
Selvaraj et al. (2014)—PSO for
noise-robust features [78].

Mendiratta et al. (2016)—PSO
in hybrid neural models [20].
Batista et al. (2016, 2019)—PSO
in prosodic modeling [79,80].

Yogesh et al. (2017)—PSO in
ANN training [81]. Mesleh and
Kanaan (2008)— Dual-domain

optimization [23].

parameterization [82,83]. Lin
et al. (2000)—GA-HMM
hybrid for speech [84].
Zamalloa et al. (2006)—
Syllable segmentation using
GA [85]. Pan et al. (2007,
2010)—Robust GA-based
speech models [86,87].
Sedaaghi et al.
(2007)—GA-enhanced
GMM [88]. Priyadarshani et al.
(2012)—Voice feature
optimization [89]. Ibrahim
et al. (2020)—GA for smart
device voice control [90].

2.1 Genetic Algorithms

This section explores GAs, emphasizing their theoretical foundations, practical applications, and
technological advancements. Reference [91] examines the theoretical underpinnings of GAs, detailing
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genetic operators and their diverse applications across various domains. In [92], the authors offer a
historical and contemporary review of GAs, highlighting their evolution, current trends, and potential future
developments. While reference [93] underscores the application of GAs in ancestral genome inference,
showcasing their effectiveness in solving complex biological problems, the study in [94] places GAs within
the broader context of artificial intelligence, providing practical insights into their implementation for
problem-solving. These studies illustrate the versatility of GAs and their critical role in addressing challenges
across computational, biological, and artificial intelligence domains.

In recap, GAs mimic natural selection and evolution principles, operating on a population of potential
solutions. They utilize genetic operators such as selection, crossover, and mutation to evolve improved solu-
tions iteratively. GAs operate through an iterative process. The algorithm begins by initializing a population
of potential solutions called chromosomes. Each individual’s fitness is evaluated using a predefined fitness
function. Based on their fitness, individuals are selected for reproduction. Crossover and mutation operators
are then applied to generate offspring, ensuring genetic diversity. The old population is replaced with the
new one, and this process is repeated until a stopping criterion, such as a maximum number of iterations or
a satisfactory fitness level, is met.

Mathematically, the fitness function f(x) measures the quality of a solution x. The selection probability
for an individual i is calculated as:

fxi) =1...,N. W

PR A S A 1=

e )

where N is the population size. Crossover combines two parents, P, and P, to produce offspring O using:

i

O=aP+(1-a)P,, ac]0,1]. 2)

Mutation introduces small random changes to offspring, expressed as:
0'=0+6, §~N(0,0%). (3)

The selection probability (Eq. (1)) uses Roulette Wheel Selection, where P; reflects an individual’s fitness
proportion [91]. Crossover (Eq. (2)) employs single-point crossover with « blending parents, and mutation
(Eq. (3)) introduces Gaussian noise & ~ N (0, 0%) to enhance diversity. This iterative process facilitates the
evolution of optimal solutions over successive generations.

2.2 Particle Swarm Optimzation

The collective behavior of swarms, such as flocks of birds or schools of fish, inspires PSO [95]. It
optimizes a problem by iteratively improving candidate solutions based on the movements of particles in a
search space. The following are key equations.

o  Velocity Update: Each particle updates its velocity based on its personal best position (p;) and the global
best position (g):

vi(t+1) = wv;(t) + ar(pi — xi(t)) + cara(g — xi(t)) (4)
o Position Update: The position of the particle is updated using its velocity:

xi(t+1) =x;(t) +vi(t+1) (5)
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Here, omega is the inertia weight, ¢; and ¢, are acceleration coefficients, and r; and r, are random
numbers in [0, 1].

In natural language processing (NLP), Particle Swarm Optimization (PSO) has been applied to hyperpa-
rameter tuning in NLP models and the optimization of word embeddings, leveraging its ability to efficiently
explore high-dimensional spaces. The velocity update equation (Eq. (4)) incorporates inertia (w), personal
best positions (p;), and the global best position (g), with ¢;, ¢, serving as acceleration coeflicients [95].
Meanwhile, the position update equation (Eq. (5)) iteratively adjusts particle positions.

2.3 Ant Colony Optimization

Ants’ foraging behavior inspires ACO. It is particularly effective for solving combinatorial optimization
problems [96]. The formulations are described as follows.

o Pheromone Update: The pheromone trail is updated based on the quality of the solutions found:
Tij<—(1—p)T,'j+AT,'j (6)

where p is the evaporation rate and At;; is the pheromone deposited by ants.
o Transition Probability: The probability of moving from node i to node j is given by:

oo (T ()
T Yhen, (Ti) (k)P

where #;; is the heuristic information (e.g., inverse of distance), and « and  control the influence of

7)

pheromone and heuristic information, respectively.

ACO has been applied to NLP tasks to optimize sequence alignment in MT and resource allocation in
speech recognition systems. Pheromone updates (Eq. (6)) decay with rate p and increment via At;; based
on solution quality [96]. Transition probability (Eq. (7)) weighs pheromone (7;;) and heuristic (;;) factors
with exponents « and .

3 Applications of Bio-Inspired Algorithms in NLP Tasks
3.1 Text Classification

Text classification is the automated process of categorizing natural language text into predefined
semantic categories. In simpler terms, it involves assigning a specific class label, such as “Tech,” to a given
document from a range of possible labels like “Business,” “Sports,” or “Entertainment.” Because manually
creating classification rules is costly and inefficient, most modern methods automatically use SA techniques
to learn text classifiers from examples. However, traditional SA methods rely on feature engineering, whereas

bio-inspired algorithms optimize feature selection and model parameters.

Let D = {(x1, 1), (x2,¥2), ..., (x4, yn)} represent the dataset, where x; is a text instance and y; € C
is its corresponding label from the set of categories C. The objective is to find a function f : X — C that
maximizes classification accuracy. By applying the bio-inspired approach, we can optimize the selection of
features F by encoding them as chromosomes and evolving the population to maximize the fitness function,
f(F) (e.g., GA) or optimize hyperparameters of SA models like SVMs or neural networks (e.g., PSO).
Particularly, the fitness function f(F) is defined as follows:

l n
P g 200 (e ) ®)

i=1

where § is the Kronecker delta function, indicating whether the prediction matches the true label.
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Following these concepts, many studies have addressed the text classification tasks from simple to
complex. In 2007, AntMiner+ was an advanced ant-based classification technique that improved previous
versions by utilizing an ant system, creating a defined environment for better exploration and handling of
multiclass problems [97]. It automates the adjustment of algorithmic parameters, enhancing its efficiency
compared to earlier iterations. Extensive benchmark tests show that AntMiner+ achieves superior accuracy
and is competitive with renowned classifiers like C4.5, RIPPER, and SVM, making it a valuable tool in
healthcare and finance.

One year later, reference [23] studied a new feature subset selection method for Arabic text classification,
using ACO combined with Chi-square statistics to improve Support Vector Machine (SVM) performance.
Their work addresses the growing need for practical tools to manage the increasing volume of Arabic
digital information. The study highlights the importance of the document pre-processing phase, particularly
Feature Subset Selection (FSS), which reduces dataset dimensionality, speeds up SVM training, and enhances
classifier performance. The proposed method was tested against six other FSS techniques using a custom
Arabic document corpus, showing superior precision, recall, and F1 score results. A study in [24] proposed a
novel feature selection algorithm based on ACO. This algorithm is particularly significant because it does not
require prior knowledge of the features, which makes it more accessible for various applications, especially
with unknown or new datasets. Comparative analyses show that this new method outperforms traditional
techniques, such as Information Gain and the CHI algorithm, to achieve higher accuracy with fewer features
in text categorization tasks, mainly when tested on the Reuters dataset.

Nema and Sharma present a novel approach to multi-label text categorization that utilizes feature
optimization through ACO and relevance clustering techniques [25]. Their method effectively addresses
the challenges of feature selection for multi-label data, where each instance can belong to multiple cat-
egories. By beginning with feature extraction and employing ACO, classification accuracy is enhanced
while dimensionality is reduced. Empirical testing against traditional methods, including fuzzy systems,
demonstrated significant improvements in precision, recall, and F1 Score on complex datasets like Webkb
and RCV1, highlighting the robustness and effectiveness of their approach in practical applications. While
traditional methods like bags-of-words (BOW) and parts-of-speech (POS) fail to capture contextual nuances,
the study in [98] focuses on a refined BOW approach that sorts and stems lexicon sets for more meaningful
classifications. This study employs a train-test experimental model with a TF-IDF vector approach, where
ants iteratively determine the best classification paths, mirroring their natural foraging behavior. The authors
suggest that further refinement in feature selection could improve ACO’s effectiveness in text classification.

In [26], the authors explore SA techniques for analyzing the sentiments of tweets through Naive
Bayes and SVM classifiers enhanced by ACO. It focuses on differentiating subjective (opinion-based) from
objective (fact-based) expressions, addressing the challenges posed by tweets’ brief and informal nature.
The study employs a dataset of 200,000 tweets, preprocessing the data to optimize features and improve
sentiment classification into positive or negative categories. It employs unigram and bigram features while
excluding emoticons to reduce bias and discusses the technical aspects of data preprocessing, including
tokenization and TF/IDE. Overall, the research demonstrates a systematic approach to SA thatleverages ACO
for more efficient classification. AntMiner algorithms, a subset of ACO, focus on rule-based classification,
which is vital in areas like medicine and finance, where interpretability is essential. The modular framework
of ACO allows for methodological refinements. This review highlights real-world applications of AntMiner,
showcasing its broad usability in fields prioritizing interpretative classifiers [27]. It covers key ACO strategies
and components, such as rule construction, transition probability functions, and pheromone updating
strategies, all crucial for the efficiency of AntMiner algorithms. The review also addresses challenges like
handling continuous attributes and classifying unseen data, emphasizing the complexity of optimizing
these algorithms.
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The research by Gite et al. investigates the application of ACO to enhance feature selection and
extraction in text categorization tasks, underscoring the importance of feature engineering for improving
SA model performance [28]. The study tested ACO on numerical and text-based datasets, specifically on
stroke prediction and hate speech detection. Using models such as Logistic Regression, K-Nearest Neighbors,
Stochastic Gradient Descent, and Random Forest, the researchers found a notable accuracy improvement,
with the Random Forest model achieving a 10.07% increase using TF-IDF feature extraction. However, they
also highlighted challenges with textual data, such as higher computational costs and complexity, leading to
an accuracy gap of about 18.43% compared to numerical data. The study presents a hybrid approach to SA
using ACO and Artificial Neural Networks (ANN) to analyze linguistic data from social media. Given the
abundance of user-generated reviews, there is a critical need for effective tools to interpret public sentiment
accurately. This method involves ACO identifying optimal features from the data, which are then classified
by ANN, enhancing classification accuracy. Utilizing the aclIMDB dataset, which contains a balanced mix
of positive and negative reviews, the technique demonstrates its effectiveness through performance metrics
like precision, recall, and overall accuracy, achieving an impressive accuracy rate of 97.5% [29].

Another study focuses on classifying drug reviews through aspect-based sentiment analysis (ABSA)
using a hybrid model that integrates the RoBERTa model, a Bidirectional Long Short-Term Memory
(Bi-LSTM) network, and an ACO for feature selection as shown in Fig. 1. This approach allows for a more
detailed analysis of sentiments related to specific drug attributes, addressing the shortcomings of traditional
SA in the healthcare context. By efficiently processing text data and identifying optimal features, the model
achieved impressive results on datasets like druglib.com and drugs.com, with an accuracy of 96.78% and an
F1 score of 98.29%, showcasing its effectiveness in harnessing user-generated content to support healthcare
decision-making [22]. A new approach for sentiment classification in large drug review datasets using an
Ant Colony-based Deep Belief Neural (AC-DBN) framework is presented in [30]. This framework combines
NLP with advanced SA techniques to address the inefficiencies of traditional methods. The AC-DBN
model implements an optimization algorithm to minimize errors and enhance learning by processing a
comprehensive dataset that includes various sentiments. The results show marked improvements in accuracy
and performance metrics such as precision and recall compared to conventional models like Weighted Word
Representation and SA.

Data preprocessing

1
1
1
R — .
: I Feature Extraction I : Feature Selection |
1 I
— 1 " 1 1
S | Lemmatization | i 1 Word embeddings 1 | SACD :
: ! Aspect based ] | (Simple Ant Colony 1
Dataset Stop Words 1 fautiitas i I Optimization) Algorith ]
Removal : 1 : ptimization) Algorithm :
I

I 1
' 1
I I
) ” : 1
' RoBERTa with Bi- 1
: LSTM model :
] 1

List of
subsets
features

Figure 1: Workflow of ABSA for drug reviews using hybrid model
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A study by Song and Park presents a GA based on Latent Semantic Indexing (GAL) to enhance
text clustering, addressing the challenges posed by the high dimensionality typical of textual data. Unlike
traditional GA, which relies on the inefficient Vector Space Model, GAL effectively reduces dimensionality
and captures essential semantic relationships among documents [34]. This approach uses variable string
lengths for chromosome encoding, allowing dynamic cluster adjustments. Their extensive tests utilizing
the Reuters-21578 text collection show that GAL outperforms traditional GAs’ clustering accuracy and
computational efficiency, mainly when LSI significantly reduces dimensionality. In that same year, the
authors identified that traditional text clustering techniques often fail to capture more profound conceptual
similarities, as they rely heavily on identical terminology. To address this limitation, they developed a
modified GA that combines thesaurus-based and corpus-based ontologies, utilizing WordNet’s structured
taxonomy and a novel transformed Latent Semantic Indexing (LSI) model [35]. This approach enhances
semantic understanding, enabling the model to identify associations between documents without shared
terms. Experiments on the Reuters-21578 text corpus reveal significant improvements in clustering precision,
recall, and convergence compared to traditional methods like k-means. Integrating ontology-based measures
with GAs represents a notable advancement in unsupervised text clustering, with potential applications in
organizing large text datasets and opportunities for future refinement in specialized domains.

Uguz and Harun introduced a two-stage feature selection and extraction model that uses information
gain (IG), principal component analysis (PCA), and GA to improve classification performance. In the
first stage, terms are ranked by relevance through IG, followed by PCA and GA to reduce dimensionality
among these prioritized terms. The efficacy of this model is evaluated using two datasets, Reuters-21,578
and Classic3, with the k-nearest neighbor (KNN) and C4.5 decision tree classifiers. Results indicate a
significant enhancement in classification metrics such as precision, recall, and F-measure compared to using
all features [37]. Additionally, the study highlights preprocessing techniques like stopword removal and
stemming and emphasizes that the hybridized approach reduces computational complexity while improving
overall classifier performance.

A study developed an automatic web page classification system using a GA (GA) that combined HTML
tags and terms as features. It demonstrated a 95% accuracy, particularly when training sets had more
negative documents. The GA-based classifier outperformed Naive Bayes and KNN, showing adaptability
to large feature sets for comprehensive tasks. The research concluded that using tagged terms effectively
manages diverse web document features, with suggestions for future work on varying document class
proportions and applying the method to larger datasets [36]. Another study in [38], a new method that
enhances text categorization by combining chaos optimization and GAs. CGFSO improves classification
accuracy while reducing the feature set and iteratively assessing subsets based on precision and recall. It
outperforms traditional methods of GA and SVM in the Reuters document set, effectively minimizing
computational complexity. Future work could explore additional hybrid optimization techniques for broader
data categorization applications.

On the other hand, the method in [39] enhances document representation through a two-stage process
involving feature selection using advanced filter-based techniques, followed by a transformation stage that
modifies Latent Semantic Indexing (LSI) with a GA. By utilizing singular vectors linked to large and small
singular values, GALSF captures more discriminative elements than traditional LSI methods, focusing
solely on the largest values. Experiments on benchmark datasets demonstrate that GALSF consistently
outperforms standalone LSI and traditional feature selection methods, effectively identifying underlying
patterns and variations in the text. A recent study explored a GA approach for selecting optimal feature
subsets to improve classifier performance while minimizing subset sizes. This method was evaluated using
three classifiers—Naive Bayes, KNN, and SVM—on two datasets, the 20 Newsgroups and Reuters-21578 [40].
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The results showed significant classification accuracy and efficiency enhancements when incorporating GA-
based feature selection. Various text representation methods, such as bag-of-words and N-grams, were
also analyzed for their effect on classifier performance, revealing substantial improvements across different
datasets and classifiers. Additionally, the study provided an overview of GA concepts relevant to feature
selection, including selection, crossover, and mutation processes, highlighting their role in achieving more
accurate classification outcomes.

Another study presents hybrid feature selection approaches using an Enhanced GA (EGA) for text
categorization, focusing on high-dimensional feature spaces to improve performance. By refining traditional
crossover and mutation functions of GAs based on feature importance and classifier performance, EGA
targets feature selection more effectively than random methods. The research combines EGA with established
filter feature selection techniques to enhance dimensionality reduction and classifier efficiency. Thorough
testing on three Arabic text datasets reveals significant improvements in dimensionality reduction, execution
time, and categorization performance compared to traditional methods [41].

Reference [21] discusses a hybrid method that combines Information Gain and PSO for feature selection
in SVM-based SA. This approach addresses the challenges posed by the informal language and high attribute-
to-document-length ratio found in social media data, such as tweets. By refining attribute selection through
PSO and Information Gain before classification with SVM, the researchers achieved an accuracy of 94.80%
and an Area Under the Curve (AUC) of 0.98 in experiments focused on the West Java Governor election
sentiment, demonstrating significant improvements in handling high-dimensional data typical in NLP tasks.

The study in [31] highlights the main role of SA in businesses for extracting insights from online
customer feedback, enabling a better understanding of customer preferences and brand perception to
inform data-driven decisions. Through this methodology, PSO effectively processes significant features in
unstructured data, thus improving operational efficiency and accuracy. The proposed model outperformed
various algorithms, including GA and ACO, in feature handling and execution time. A research initiative
by Mandal et al. explores the integration of PSO with SA for text summarization, focusing primarily on
extractive methods. The authors highlight the limitations of past studies in summarization techniques and
propose a novel model that efficiently selects meaningful text clusters by evaluating each particle’s sentiment
score derived from SentiWordNet. Their methodology combines PSO with GA, ensuring the generated
summaries are comprehensive, non-redundant, and concise by adhering to constraints like coverage and
diversity. Testing on various datasets revealed significant recall and F-measure metrics improvements under
ROUGE standards, marking advancements in automated text summarization research [32].

Yue et al. introduce an advanced SA model that combines BiLSTM, TextCNN, and Self-Attention
mechanisms and is optimized through an Improved PSO (IPSO) method [47]. This model effectively
tackles short text SA by incorporating a Generative Adversarial Network (GAN) to generate modified
texts, enhancing its robustness against data irregularities. The IPSO technique, inspired by bird foraging
behavior, improves hyperparameter optimization by dynamically adjusting learning factors and inertia
weights, leading to superior performance across four datasets compared to traditional methods. The study
details a comprehensive methodology from noise injection via GANs to meticulous feature extraction and
performance testing, showcasing the successful integration of advanced neural networks with effective
optimization strategies.

3.2 Sentiment Analysis

SA aims to determine textual data’s sentiment polarity (positive, negative, or neutral). The problem
formulation is described as follow: “Given a text T = {wy, wa,..., W, }, the objective is to determine the
sentiment label s € {Positive, Negative, Neutral }”. In a sentiment classification task, ACO optimized word
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embedding dimensions by balancing accuracy and computational efficiency, achieving improved results
compared to grid search methods. It means using bio-inspired methods to select optimal feature sets for SA.

To follow up on the problems of SA, the researchers explore how sentiment-based lexicons or embed-
dings can be optimized using algorithms like ACO and GA. In 2014, Kwon et al. examined SA, particularly
using tools such as SentiWordNet, which helps to understand emotions in different languages [42]. They
also highlighted using ACO algorithms, which improve problem-solving, particularly in network routing
and data management. Ahmad et al. present a novel text feature selection method that combines ACO with
the k-nearest neighbor (KNN) algorithm to improve sentiment classification accuracy in high-dimensional
feature spaces. ACO effectively guides the feature selection process by efficiently navigating the complex
feature space, while KNN evaluates the selected subsets based on mean squared error performance. The
study creates features from customer review data and processes them through the ACO-KNN algorithm,
resulting in a relevant and minimized set of features for classification. The ACO-KNN approach outperforms
other hybrid methods, such as GA combined with information gain (IG-GA) and IG with rough set attribute
reduction (IG-RSAR), particularly in tasks involving customer reviews of electronic products, as evidenced
by improved precision, recall, and F-score metrics [43].

Hamdi introduces a novel algorithm called Affirmative ACO-Based SVM (AACOSVM) aimed at
enhancing the sentiment classification of customer reviews from Amazon [44]. As SA is essential for
businesses to gauge customer perceptions in the digital age, traditional algorithms often struggle with
accuracy and performance on large datasets. Hamdi’s AACOSVM leverages the natural foraging behavior
of ants to optimize the selection of SVM parameters, employing key components of state transition and
state updates to minimize classification errors. Results indicate that AACOSVM significantly outperforms
traditional classifiers like EBC and EFAN regarding classification accuracy. Reference [45] aims to enhance
SA by implementing an ACO algorithm for feature selection in social media data. Recognizing the challenges
posed by social media text’s complex and high-dimensional nature, the researchers advocate for ACO’s
collective intelligence approach, which mimics ant foraging behavior to efficiently evaluate and select relevant
features. This innovative method addresses the limitations of traditional feature selection techniques, leading
to significant improvements in classification metrics such as accuracy, precision, and recall. The findings
highlight ACO’s effectiveness in refining SA by selecting more predictive features, ultimately improving
overall performance.

In [46], the author presents an effective method for extracting sentiments from online reviews,
leveraging PSO to optimize feature selection for aspect term extraction and sentiment classification using a
Conditional Random Field (CRF) model. Tested on the SemEval-2014 dataset in the restaurant and laptop
review domains, the approach achieved significant reductions in feature sets—from 67 to 41 and from 83 to
35—while maintaining or enhancing classification accuracy. This demonstrates PSO’s capability to reduce
computational complexity and improve performance compared to previous state-of-the-art systems. In 2020,
a study explores advancements in SA, mainly through automating lexicon labeling using PSO and Bare-bones
PSO (BBPSO) variation. By comparing automated labels to those produced by humans, the experiments
found that both PSO variants outperformed human labeling in classifying sentiments, with BBPSO being the
most effective [33]. To address the shortcomings of lexicon-based methods in cases where text lacks relevant
terms, a hybrid model incorporating a Naive Bayes classifier was introduced, which improved sentiment
classification by considering unclassified posts. Additionally, the paper highlighted topic identification
to enhance sentiment classification and examined strategies for managing intensifiers and negations to
refine sentiment assessment based on contextual cues. By eliminating irrelevant or redundant features,
feature selection simplifies models, reduces computational costs, and enhances performance, addressing the
challenges of high dimensionality.
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The study in [48] uses PSO—an optimization algorithm that mimics swarming behavior—to identify
key features, demonstrating superior performance compared to GA and ACO across various datasets.
Experiments show that PSO achieves higher precision, recall, F-score, and accuracy, attributed to its ability
to efficiently focus on essential features for building robust SA models. GAs are increasingly important
in SA, particularly for enhancing business operations through social media. As a core part of NLP, SA
extracts opinions from text data, which aids in refining marketing strategies, product features, and customer
service. Conducted at document, sentence, and aspect levels, aspect-level analysis provides detailed feedback
by focusing on specific product features. GA, which mimics natural selection to optimize solutions over
generations, demonstrates effectiveness in various SA tasks, as highlighted in a structured comparative
analysis. This showcases their adaptability and ability to integrate with other computational methods for
improved accuracy [49]. In [50], the authors introduced ALGA (Adaptive Lexicon Learning using GA), a
novel Twitter SA approach that addresses the platform’s dynamic language and slang. By combining corpus-
based and lexicon-based techniques, ALGA creates adaptive lexicons for classifying sentiments as positive or
negative, optimizing the identification of effective lexicons. It incorporates all words, including stop words,
to understand tweet sentiment context better. Tests on six diverse datasets revealed that ALGA achieves over
80% accuracy and F-measure, demonstrating its adaptability to cultural changes and superior performance
compared to existing methods.

In addition, Farkhund et al. introduce a hybrid SA framework that integrates a GA-based feature reduc-
tion technique to improve scalability and accuracy in handling large datasets [51]. By reducing the feature
set size by up to 42% without compromising accuracy, this framework effectively addresses the limitations
of both lexicon-based and machine-learning methods. Evaluations using precision, recall, and F-measure
metrics demonstrated the framework’s robustness across various datasets, including online reviews, tweets,
and geopolitical data, showing significant improvements in precision compared to traditional dimensionality
reduction methods like PCA and LSA. The GA-enhanced model successfully managed larger data sets while
maintaining high accuracy. A model developed by researchers from Shandong University enhances word
embeddings for SA by integrating an improved GA and a sentiment lexicon [52]. While traditional word
embeddings effectively capture semantic relationships, they often overlook crucial sentiment information,
leading to misclassifications. The proposed refinement model addresses this issue by optimizing word
vectors to reflect sentiment context better, as demonstrated through experimental analysis on datasets like
IMDB and the Stanford Sentiment Treebank. The results indicate that the refined embeddings significantly
improve sentiment classification accuracy when used with various neural network architectures compared
to existing methods.

Ernawati et al. aimed to analyze and classify user reviews of digital learning applications into positive
and negative sentiments, which are crucial for assessing trust in these platforms. The study used two feature
selection methods, GA and PSO, in conjunction with the Naive Bayes classification algorithm [53]. Using a
dataset of two hundred reviews evenly split between sentiments, the authors optimized various parameters
to enhance classification accuracy. The results demonstrated that the Naive Bayes algorithm combined
with PSO outperformed the GA method, achieving an accuracy of 98.00% compared to 95.50%, while
also being more efficient in feature reduction. SA has gained importance with the rise of social media,
leading to research in polarity detection—classifying text as positive, negative, or neutral. The complexities
of language, such as sarcasm and slang, make traditional classifier development resource-intensive. A genetic
programming approach has been proposed to automate the selection and combination of essential lexicons
and textual features, demonstrating competitive performance compared to established SA methods across
various datasets, including sarcastic text. GP’s ability to adjust lexicon importance and manage neutral
sentiment thresholds highlights its effectiveness. The research concludes that GP not only streamlines the SA
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process but also holds potential for future enhancements, including integrating more lexicons and expanded
text analysis capabilities [54].

Dangi et al. focus on enhancing SA in social media by combining Convolutional Neural Networks
(CNNs) with a GA. As manual analysis of the vast data available on social media is impractical, the study
aims to automate sentiment classification based on facial expressions, categorizing them as “Happy” or
“Sad” [55]. Using a facial expression dataset from Kaggle, the researchers implemented various preprocessing
steps and adjusted the CNN architecture. Key improvements involved mutating the GA to optimize
hyperparameters, leading to a notable classification accuracy of 96.984%. One study in [56] explores an
advanced approach to predicting stock market fluctuations by integrating social media SA, GA, and DL
techniques, specifically the LSTM model as illustrated in Fig. 2. It aims to improve stock price prediction
accuracy by incorporating online comments and traditional quantitative indicators. The study uses a hybrid
GA to identify relevant technical indicators and applies the Taguchi method to optimize hyperparameters
for the LSTM model. Additionally, Grey Relational Analysis is employed to determine which social media
sentiment variables are most correlated with stock prices. The findings confirm that including social media
sentiment significantly enhances the predictive reliability of the LSTM models. The study explores the
challenges of using SVMs for SA in imbalanced datasets, where certain emotions are overrepresented
while others are underrepresented [57]. It introduces a GA that intelligently oversamples minority and
undersamples majority classes to create a more balanced dataset, thereby improving classifier performance.
Tested on Brazilian Portuguese texts, the results revealed significant gains in accuracy and F1 scores when
identifying six emotions, highlighting that data balancing is especially crucial in multiclass scenarios. The
paper concludes with suggestions for future research on applying this approach to various datasets and
exploring different classification algorithms for analyzing imbalanced sentiment.

Collect stock price and —_— ML Optimal prediction
% —— — — b — f —— H
chip-based data for TSMC Datgomalzation SHrCORGh Prediction End ot Gay DL variables and model
Collect reviews and replies Taguchi
L — L
related to TSMC Phrase rule for reviews Sentiment scores GRA rrigthiod

Figure 2: Framework for predicting stock market fluctuations

3.3 Machine Translation

MT involves converting text from one language to another. The challenge lies in handling contextual
meaning and linguistic nuances. Given a sentence S = {w;, w,, ..., w,, } in the source language, the aim is to
generate a translated sentence T = {v;, v, ..., v, } in the target language. To solve this problem formulation
with the bio-inspired approach, we first define the equation:

P(TIS) = [ P(vilvers S) ©)
i=1

Here, P(v;|v.;,$S) is the probability of translating the i*" word based on the context and the source
sentence. Then, ACO was applied to align phrases in a statistical MT model, improving BLEU scores
on low-resource language pairs. Generally, the application of ACO and GA for sequence alignment and
translation phrase optimization. Integrating bio-inspired algorithms with neural MT to optimize parameters,
handle large search spaces, and improve translation accuracy. The application of bio-inspired in this is
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divided into two tasks: i) optimize the alignment of source and target phrases by treating alignment as a
path-finding problem and ii) enhance neural machine translation (NMT) by optimizing learning rates and
architecture parameters.

In 2009, Tambouratzis’s research applied Ant Colony Optimization (ACO) to enhance the automated
segmentation of Ancient Greek words into stems and endings, addressing the complexity of stemming
in this highly inflectional language. Traditionally reliant on manual intervention by expert linguists, the
study modified the Ant System—originally designed for optimization problems like the traveling salesman
problem—to fit the needs of word segmentation. Fig. 3 illustrates the processing steps involved in the auto-
mated morphological processor (AMP) variant for handling Ancient Greek. Experimental results indicated
that ACO effectively tuned system parameters, often outperforming manually optimized configurations
and demonstrating its robustness in improving segmentation quality. This advancement reduces the need
for expert input, streamlines the analysis of historical languages, and opens up opportunities for scaling
and adapting the technology to other complex languages [58]. A new approach combining hybrid genetic
and ant colony optimization algorithms has been developed to address the Word Sense Disambiguation
(WSD) problem. Reference [59] introduces two algorithms, MMASWSD and ACSWSD, which enhance
WSD’s contextual handling by incorporating semantic relatedness through extended glosses. A self-adaptive
genetic algorithm (SAGA) is integrated to adjust the parameters of these algorithms dynamically. Empirical
tests showed that the GMMASWSD variant significantly outperformed its counterpart GACSWSD and
other existing algorithms on fine-grained corpora. However, it fell short of top performance on coarse-
grained data, indicating potential for further optimization. These hybrid algorithms demonstrate significant
improvements in WSD tasks for fine-grained data. However, further refinement is needed for coarse-grained
scenarios, with future research suggesting exploring additional integrations and adaptations to broaden
their applicability.
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Figure 3: AMP system for ancient Greek
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Habibulla et al. introduce a novel English-Chinese machine translation approach utilizing the Ant
Colony Optimization (ACO) algorithm, showcased at the 2023 NMITCON [60]. The system improves speech
recognition capabilities by integrating advanced neural network enhancements and addresses translation
accuracy gaps. Designed to be mobile-friendly, it functions effectively on devices like tablets and smartphones
while achieving a remarkable 95.7% accuracy rate across various speech scenarios. The findings, supported
by rigorous evaluations against other advanced systems, signify a substantial advancement in translation
technology, inviting further exploration to enhance its application on more complex datasets and expand
its algorithmic integrations. This research aims to bridge educational and communicative gaps caused by
language barriers, fostering a more linguistically inclusive global community.

Recent research by Zhang et al. has advanced Japanese-Chinese machine translation by integrating
enhanced ant colony algorithms with grey entropy for precise word segmentation, effectively addressing
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the complexities of Chinese text processing [61]. The study presents a multi-strategy translation architec-
ture incorporating advanced computational techniques such as lexical, syntactic, and semantic analyses,
alongside a semantic classification system that improves verb categorization and translation accuracy.
Using multiple translation engines, the research demonstrates enhanced translation output compared to
single-engine capabilities. This innovative approach showcases the blend of computational intelligence
and linguistic strategies, laying a robust foundation for future advancements in machine translation and
promising greater efficiency and accuracy in cross-language communication. The newly designed English
machine translation system launched in 2024 utilizes innovative techniques, including the ant colony
algorithm, to enhance translation quality and reliability [62]. The system efliciently tackles complex trans-
lation tasks with integrated hardware, such as the EMMY simulator and the FXI32 static translator, while
achieving higher BLEU scores that reflect closer alignment with human translation standards. Its advanced
software framework supports effective feature extraction and model building, contributing to improved
natural language processing. Overall, this system represents a significant advancement in machine-assisted
translation, providing solutions for quality, efficiency, cost reduction, and greater accessibility to high-quality
translation services.

Early in 1996, Echizen-ya et al. developed an MT method that combines inductive learning and GAs
to enhance the accuracy of English to Japanese translations while requiring fewer data inputs [68]. This
innovative approach generates and refines translation rules through an iterative feedback system involving
user input and validation. By mimicking natural selection, GAs continuously evolve these rules for improved
effectiveness, introducing variability through techniques like crossover and mutation. Experiments have
shown that this method significantly enhances translation accuracy compared to traditional rule-based
and example-based systems, paving the way for more adaptive language processing tools that can learn
similarly to human language acquisition. A study in [69] investigates the optimization of parameters in
a hybrid MT (MT) system that relies on monolingual corpora rather than bilingual text corpora. The
research uses GAs, specifically the SPEA2 algorithm, to enhance translation quality by optimizing parameters
based on MT evaluation metrics like BLEU and METEOR. The findings reveal significant improvements in
translation output compared to a baseline system with manually defined parameters. Multiple experiments
demonstrated the importance of diverse training sets and refined databases for higher translation quality.
Overall, the research highlights the effectiveness of evolutionary computation techniques for optimizing
hybrid MT systems, particularly in scenarios where parallel corpora are unavailable, suggesting a promising
direction for future automated tuning processes [69].

Reference [71] focuses on using GAs to optimize hyperparameters in neural networks for MT. This
study addresses the challenges of fine-tuning hyperparameters as traditional methods like grid search
become impractical with the increasing complexity of neural networks. Inspired by Darwin’s theory of
natural selection, Ganapathy’s approach evaluates various network configurations based on their translation
accuracy, measured by the BLEU score. The GA was tested against a baseline random search method in
several trials, demonstrating that it consistently required fewer adjustments to reach or exceed the target
BLEU score, thus validating its efficiency in hyperparameter optimization. In 2022, Yuxiu Yu introduced
the GA-MLP-NN model, which enhances Chinese-English translation quality by integrating multilayer
perceptron methods, GAs, and advanced neural network strategies. This sophisticated system effectively
manages and refines a parallel corpus, demonstrating superior performance in identifying high-quality
translation data compared to traditional systems [72]. The research achieves significant advancements in
automated translation processing by employing innovative filtering methods and a uniquely designed neural
network. Although the model outperforms single-layered approaches, the study emphasizes the necessity
for ongoing refinement, particularly for domain-specific translations, to enhance adaptability and precision
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in diverse text types. Singh et al. introduced a GA-based MT System (GA-MTS) specifically for translating
Sanskrit to Hindi, addressing the linguistic complexities existing translation systems often struggle with,
such as semantics, word order, and idiomatic expressions [70]. The GA-MTS utilizes advanced techniques
like tokenization, morphological analysis, and parsing to maintain linguistic integrity, improving translation
quality. The system ensures adherence to both languages’ grammar, syntax, and semantics by employing a
GA for efficient translation mapping. The initial results demonstrate high accuracy in sample translations,
indicating the system’s potential as a valuable tool for overcoming language barriers in India’s diverse cultural
landscape. Future work will aim to broaden the corpus and include complex sentence structures to enhance
reliability and effectiveness.

Reference [63] investigates a re-ranking system for Statistical Machine Translation (SMT) that employs
a Quantum-behaved PSO (QPSO) algorithm to improve translation quality by addressing issues of ungram-
matical and non-fluent outputs. The QPSO-enhanced re-ranker utilizes advanced non-syntactical features
from language and translation models, categorized into language model features, translation model features,
N-best list features, and others like anchor matcher and Part-of-Speech (POS) tag features. Through
extensive testing on two different language pairs and various genres, the study demonstrates the QPSO
algorithm’s superiority over traditional methods in terms of translation accuracy, measured by BLEU
scores and computational efficiency. The researchers also analyze the contributions of different feature
sets, providing valuable insights into their impact on translation quality across diverse datasets. In 2018,
a study explored PSO in MT, specifically on English and Spanish translations, which proposed a novel
approach that combines evolutionary algorithms with cosine similarity to enhance translation efficiency
and accuracy [64]. By adapting PSO to optimize its velocity attribute, the methodology simplifies complex
cost functions and reduces translation ambiguity by measuring semantic similarities between source and
target texts. This approach prioritizes sentence-level translations over intricate word-based methods, aiming
to streamline the translation process and eliminate the need for extensive linguistic analysis. Another
study [65] develops a computer-aided English-Chinese translation system utilizing a PSO algorithm as its
core strategy, enhancing the efficiency and effectiveness of the translation process. This system addresses
the growing demand for efficient translation methods that cannot be met by humans or basic machines
alone. While Computer-Assisted Translation (CAT) tools assist translators by reducing redundancy and
improving memory capabilities, challenges remain regarding file format adaptability and user experience.
The study compares PSO to other evolutionary algorithms, emphasizing its ease of application and cost-
effectiveness advantages, particularly for complex optimization problems. Overall, the research envisions
a future where automated translation systems, guided by human oversight, enable translators to focus on
intricate translation elements rather than procedural tasks.

Besides, Zhao and Zheng, in the study [66], focus on improving machine English translation through an
enhanced method utilizing Improved PSO. It addresses common challenges in traditional translation, such
as incorrect word choices and context interpretation issues. By integrating PSO with a neural MT model,
the study aims to improve translation accuracy using a probabilistic fuzzy search approach, which enhances
semantic retrieval and selection. Experiments conducted in Matlab demonstrate significant improvements in
translation accuracy and reliability, effectively reducing errors and better managing semantic distributions.
With the same purpose, in [67], the authors introduce a novel hyperparameter optimization method called
set-based Categorical PSO (C-PSO) for low-resource Transformer-based NMT models. This approach
diverges from traditional hyperparameter tuning by using particles as probability distributions, enhancing
translation quality on German and Thai datasets. The vanilla Transformer architecture’s performance heavily
relies on hyperparameters, and conventional methods like grid and random search often prove inadequate in
complex spaces. The C-PSO demonstrates better search performance and convergence, effectively improving
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BLEU scores while closing the performance gap between high-resource and low-resource datasets. This
indicates that high-quality translations can be achieved even with limited data.

In 2024, Macedo et al. explored the use of neuroevolution to enhance user interfaces and improve
human-machine interaction. Using ANN optimized through evolutionary algorithms, the study demon-
strated the potential to create interfaces that translate user input into precise commands, addressing
challenges associated with traditional rigid HCI systems [99]. The authors compared neuroevolutionary
methods with conventional backpropagation techniques, finding that neuroevolution excelled at handling
complex, high-dimensional data, particularly in scenarios involving camera input for head movements
and facial expressions. This approach promises to create more intuitive and adaptable interfaces, including
improving accessibility for users with disabilities and advancing technology integration into daily life.

3.4 Speech Recognition

Speech recognition translates spoken language into text, requiring optimization of acoustic and lan-
guage models. The first attempts at speech recognition aimed to develop machines that mimic human speech
rather than recognize it. This was due to the lack of knowledge about the acoustic resonance tubes that
approximate the human vocal tract. The formulation of this problem is stated as follows: given an audio signal
A, decode it into the most probable word sequence W*:

W* = argmMe}XP( W|A) (10)
where P(W]A) is:
P(WJA) o< P(A|[W)P(W) (11)

where P(A|W) is the acoustic model, and P( W) is the language model. Following the bio-inspired approach,
we first optimize the parameters of Hidden Markov Models (HMMs) or DL models by applying PSO.
Then, select features from Mel Frequency Cepstral Coeflicients (MFCCs) for improved recognition accuracy
with GA.

In 2011, Nemati et al. explored the enhancement of automatic speaker verification (ASV) systems
through ACO for feature selection, focusing on a text-independent approach without constraints on
speech samples. The research aims to reduce system complexity and verification time by minimizing the
feature space’s dimensionality, eliminating redundant features while maintaining predictive accuracy [73].
A comparative analysis with GA demonstrated that ACO outperformed GA by significantly decreasing
the number of features and accelerating the verification process. By integrating the optimized features
into a Gaussian Mixture Model Universal Background Model (GMM-UBM), the study achieved over 80%
reduction in feature dimensions, resulting in improved ASV performance, as measured by equal error rate
(EER) and detection cost function (DCF), with ACO showing better accuracy and lower false recognition
rates. In a notable study, Abdolreza Rashno and his team presented a new method to improve the accuracy
and efficiency of automatic speaker verification (ASV) systems. They addressed the challenges of high-
dimensional feature vectors, often including irrelevant data, by introducing a feature selection approach
that combines ACO and SVM with feature relief weights [74]. This method achieved a 64% reduction in
feature dimensionality and a low Equal Error Rate (EER) of 1.745% using the polynomial kernel of SVM.
Compared to traditional GAs, their approach demonstrated superior performance with consistently lower
EER and fewer feature selections. At the same time, the ACO framework helped accelerate the optimization
process by pre-determining feature weights. The study in [75] presents advanced speech recognition methods
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that enhance signal clarity and reduce noise. It integrates a fuzzy logic system with an ACO algorithm
to classify and process speech signals efficiently. Initially, the fuzzy system minimizes data dimensionality,
while the ACO algorithm organizes signals into clusters, separating noise for removal. The study details how
the ACO mimics ant behavior in optimizing paths and clustering based on pheromone levels. The fuzzy
model addresses variability in speech signals using Gaussian functions. Results indicate that the combined
approach outperforms existing techniques, achieving higher recognition rates, improved noise management,
and greater computational efficiency.

To enhance speech recognition systems using HMMs, the author in [83] implemented Parallel GAs
(PGA). Traditional optimization methods for HMM parameters often led to local maxima, but the intro-
duction of GA allows for global searches, improving the training process. By parallelizing computations
through an island model, where multiple GAs work across different nodes of a multiprocessor system, the
study achieved an 18% increase in recognition rates compared to non-parallel methods. The paper details
the encoding mechanisms and selection processes critical to GA performance, demonstrating that PGA
yields faster and higher-quality solutions in speech recognition than conventional methods. Another work,
Lin et al., addresses the challenges of speech recognition in noisy environments, highlighting how complex
speech waveforms complicate detection [84]. The Two-Dimensional Cepstrum (TDC) method struggles
with background noise; thus, they introduce the Modified TDC (M_TDC), which uses a temporal filter to
reduce interference.

Additionally, GAs optimize the selection of robust TDC coeficients from the M_TDC matrix, improv-
ing adaptability to noise. Experimental results show that the GA-based M_TDC outperforms traditional
TDC and various HMMs in noisy settings while maintaining efficiency in clean conditions, making it a
promising approach for practical applications. Focusing on HMM and ANN, reference [82] explores effective
architecture for chip-embedded speech recognition. It critiques traditional gradient descent training for
ANNSs, which can lead to local optima, and introduces a GA that enhances performance by identifying
solutions closer to the global optimum. Key pre-processing stages such as speech sampling and feature
extraction using Mel-Frequency Cepstral Coefficients (MFCC) are thoroughly examined, highlighting their
impact on recognition rates. Results indicate that GA-trained ANNs outperform those trained with gradient
descent in terms of speed and accuracy on FPGA chips. The paper also emphasizes using Integer Fast
Fourier Transform (FFT) to reduce time and power consumption. Ultimately, it underscores GAs’ potential
to improve speech recognition systems’ efficiency for real-world applications in embedded consumer
electronics. Lan et al. examine the effectiveness of using GA to train Backpropagation Neural Networks
(BPNN) for improved speech recognition efficiency. It begins by reviewing current speech recognition
methods, including Dynamic Time Warping (DTW) and HHMs, emphasizing the advantages of ANN
for lower-power computing environments [100]. The study aims to address the local optimum problem
associated with traditional Sequential Decision Making (SDM) by incorporating GA, which enhances
the exploration of optimal weight configurations. Through experiments, the authors demonstrated that
integrating GA with BPNN training led to increased recognition rates. The paper also highlights the
importance of preprocessing techniques, such as point detection and Mel-Frequency Cepstral Coeflicients
(MFCC) extraction, in enhancing overall performance in speech recognition tasks.

Reference [85] aims to enhance speaker recognition systems by using Mel-Frequency Cepstral Coef-
ficients (MFCC) and GAs to optimize feature weighting and selection. It identifies and assigns weights to
a comprehensive 38-dimensional feature set, significantly reducing error rates by up to 25%. By selecting
the most valuable features, the approach creates a more streamlined model that minimizes dimension-
ality without sacrificing accuracy, enhancing processing efficiency on low-resource devices. The research
demonstrates that combining feature weighting with selection effectively optimizes speaker recognition
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performance, with future work suggested to refine these techniques further for more constrained systems. In
other studies, Pan et al. investigate maximizing the training of ANN for Mandarin digit speech recognition
by using GAs instead of traditional training methods, particularly highlighting the shortcomings of the
Steepest Descent Method (SDM), which struggles with local optima [86]. The proposed GA enhances
evolutionary steps through strategic chromosome crossover, facilitating the discovery of global solutions.
Utilizing a Back-Propagation Neural Network (BPNN) with a multi-layer perceptron architecture, the study
emphasizes the importance of preprocessing tasks like point detection and feature extraction via Mel-
Frequency Cepstral Coeflicients (MFCC) to ensure high-quality input data. Training results indicate that the
improved GA significantly boosts learning performance, achieving speech recognition accuracy of up to 95%.
They continue introducing an Enhanced GA to train ANNs to improve non-specific speaker Mandarin digit
speech recognition [87]. The study highlights the limitations of traditional training methods, particularly
the Steepest Descent Method (SDM). It outlines a comprehensive speech recognition process involving
pre-processing steps like point detection and feature extraction using Mel-frequency Cepstral Coeflicients
(MFCC). The Improved GA is specifically designed to overcome the shortcomings of SDM by conducting
a more thorough search for optimal weight configurations. Empirical results show that the Improved GA
significantly outperforms both the Traditional GA and SDM, leading to higher speech recognition accuracy.

Sedaaghi and colleagues, in [88], present an approach that utilizes adaptive GAs to enhance speech-
emotion recognition systems. By applying discrete emotional theories and leveraging SA, they aim to filter
out ineffective features and utterances through a two-stage process guided by a Bayes classifier. This adaptive
GA adjusts mutation and crossover probabilities to maintain diversity within the population, preventing
stagnation in local optima and allowing for more effective solution exploration. Their application of these
methodologies to the Danish Emotional Speech database showed improved accuracy in emotion recognition
compared to traditional methods. The study highlights the potential of adaptive GAs to optimize feature
selection and system performance, paving the way for future advancements in handling complex multi-
feature datasets and enhancing human-computer interactions. In [89], the authors aimed to alleviate the
need for user-provided speech samples while achieving high accuracy in both speaker-dependent and
independent contexts. It explored three approaches to Automatic Speech Recognition (ASR)-acoustic
phonetic, pattern recognition, and artificial intelligence—emphasizing GA's role in optimizing recognition
processes through crossover, mutation, and selection. The results showed a nearly 96% word recognition
rate, highlighting GA's effectiveness in adapting to various speakers. With the same purpose, reference [90]
presents a study focused on enhancing the efficiency and accuracy of Arabic phoneme recognition systems.
Utilizing a GA combined with feedforward neural networks, the study optimizes distinctive phonetic
features through significant feature size reduction, achieving a decrease of approximately 50% in vector
dimensions while maintaining 90% recognition accuracy. The researchers utilized the King Abdulaziz City
for Science and Technology Arabic Phonetic Database, applying various configurations of GAs and extensive
preprocessing of features like spectrograms and MFCCs. The results, validated using Wilcoxon signed-rank
tests, indicate a robust approach that streamlines processing efforts and improves system scalability without
compromising performance. This work marks a pivotal step toward developing more efficient and accurate
speech recognition systems while paving the way for future research.

Najkar et al. present an innovative approach to enhancing HMM-based speech recognition systems
through PSO, replacing the traditional Viterbi algorithm. This method involves the generation and iterative
optimization of segmentation vectors, utilizing both standard and global strategies to improve likelihood
measures. Experiments on isolated word recognition and phone classification demonstrate that the PSO
approach retains accuracy while reducing computational complexity. The advantages of PSO over GAs
and the Baum-Welch algorithm are highlighted, particularly its superior global search capabilities and
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efficient convergence. This methodology shows promise for future applications in continuous speech
recognition, especially in scenarios with limited computational resources [76]. Speech control mechanisms
are increasingly used in industrial operations to enhance efficiency, but they often struggle with performance
degradation due to environmental noise. A recent paper presents an innovative approach using Intelligent
PSO (IPSO) to optimize beamformers that improve speech recognition systems in commercial settings [77].
Traditional methods can distort signals during noise filtration, while conventional optimization algorithms
fail to address the discontinuous nature of recognition accuracy landscapes. IPSO effectively manages these
discontinuities by adjusting velocities and maintaining particle diversity, resulting in superior recognition
rates compared to other algorithms and traditional methods. This makes IPSO a promising tool for
enhancing speech recognition in noisy environments and advancing industrial automation systems.

In [78], the authors present an innovative speech recognition approach by integrating Improved PSO
(IPSO) with HMM. The methodology involves denoising speech signals with a median filter and extracting
pitch, peak spectrum, and Mel-Frequency Cepstral Coefficients (MFCC) features. A key aspect of the
research is using a GA-based vector quantization technique that optimally clusters these features to enhance
the training set, resulting in a highly accurate speech recognition system with a success rate of 97.14%.
This approach effectively addresses common challenges in speech recognition, such as signal noise and
feature extraction limitations, positioning it as a superior alternative to traditional methods in acoustic signal
processing. Reference [20] enhanced ASR systems through a hybrid algorithm that combines Artificial Bee
Colony (ABC) and PSO. This approach focuses on optimal feature selection from speech data to train an
SVM classifier, significantly increasing recognition accuracy and performance. The ASR system involves
three key stages: preprocessing with a Wiener filter to reduce noise, extracting eight statistical and acoustic
features, and utilizing the ABC-PSO algorithm for feature selection. Testing on MATLAB with recorded
speech datasets reveals that this method drastically improves recognition accuracy compared to systems
without feature selection. The study underscores the potential for hybrid algorithms to enhance ASR systems,
making them applicable for real-world scenarios requiring reliable speech recognition. Another research
explores the integration of SVM and PSO to enhance ASR for recognizing digits in Brazilian Portuguese.
SVM generates an optimal hyperplane for efficient pattern categorization, while PSO mimics natural social
behaviors to optimize data representation. The study employs preprocessing techniques, such as mel-cepstral
coefficients and Discrete Cosine Transform (DCT), to convert speech signals into a two-dimensional matrix
for input into the PSO algorithm before training the SVM classifier. The findings indicate that this hybrid
approach significantly improves processing times and classification accuracy compared to SVM alone, with
kernel functions like Radial Basis Function (RBF) enhancing performance. This combination represents a
notable advancement in ASR, offering the potential for more efficient systems capable of handling diverse
languages and dialects [79].

In [81], a novel tool called PSOBBO combines PSO and Biogeography-Based Optimization (BBO) to
improve feature selection efficiency in emotion recognition systems. Fig. 4 illustrates the speech emotion
recognition pipeline from the study. This tool is significant for enhancing human-machine interactions
in various fields, such as health diagnostics and customer service, particularly addressing the challenges
posed by the variability of emotional expression among speakers. The algorithm was rigorously tested
against established databases, demonstrating superior performance over standalone PSO and BBO regarding
classification accuracy and reduced feature dimensionality. Another hybrid model, in [80], which also
employs Discrete Cosine Transform (DCT), achieves a remarkable 99% success rate in command recognition
for Brazilian Portuguese while increasing processing speed by 25 times compared to non-optimized systems.
By being speaker-independent, the ASR can operate effectively in real-world scenarios without requiring
the same voice for training and testing. The study highlights the system’s efficiency compared to traditional
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models like Gaussian Mixture Models (GMM). It discusses its potential for implementation on various data
processing boards, paving the way for practical applications in voice-activated technologies across diverse
environments. Reference [23] explores an innovative method for enhancing text classification systems,
specifically for Arabic texts, by integrating ACO with Chi-square statistics. This approach aims to improve
the performance of SVMs by addressing the challenges posed by the sparsity of the Arabic language and
reducing the dimensionality of training datasets through effective Feature Subset Selection (FSS). The study
demonstrates that this method outperforms six contemporary FSS techniques in precision, recall, and F1
measures when applied to a specially curated corpus of Arabic documents. Ultimately, the combination of
ACO and Chi-square statistics not only aids in managing large amounts of information but also optimizes
SVM performance, paving the way for future research into its applicability across various datasets and
classification tasks.
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Figure 4: Block diagram of hybrid PSO-BBO for speech emotion recognition

4 Limitations and Future Directions

Despite their success in NLP tasks, bio-inspired algorithms face several challenges and limitations.

« High Computational Cost: Bio-inspired algorithms often require numerous iterations to converge to
an optimal solution, leading to high computational demands [27,92]. For instance, genetic algorithms
evaluate a population’s fitness over multiple generations, which can be time-intensive for large datasets.
For example, applying PSO to large corpora like PubMed abstracts in document clustering tasks results
in prolonged computation times due to iterative fitness evaluations. This limits real-time applications,
such as conversational AI, where low-latency responses are essential.

o Scalability Issues: Scaling bio-inspired algorithms to handle massive datasets or complex models is
challenging. The stochastic nature of these algorithms can lead to inefficiencies when applied to
high-dimensional data. Furthermore, the increasing size of modern NLP datasets exacerbates this
challenge [17,101]. The specific task, such as training a DL model for language modeling with hyperpa-
rameters optimized via GA, showed degraded performance when scaling to datasets with millions of
sentences. Such scalability issues can hinder their use in industrial-scale applications like search engines
or recommendation systems.

o  Parameter Sensitivity: The performance of bio-inspired algorithms heavily depends on their parameter
settings (e.g., population size, mutation rate, and crossover rate in GA). Improper tuning can lead
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to suboptimal results [102]. Finding the optimal parameter settings is often non-trivial and requires
domain expertise.

o Lack of Deterministic Guarantees: Unlike traditional optimization methods, bio-inspired algorithms
do not guarantee convergence to a global optimum. Their stochastic nature may result in different
outcomes for the same problem. This lack of consistency can make them less reliable for critical
applications [101]. For example, applying ACO to optimize dependency parsing trees yielded inconsistent
results across multiple runs. This unpredictability can impact reproducibility in scientific research and
production deployments.

« Integration Complexity: Integrating bio-inspired algorithms with existing NLP pipelines can be com-
plex, especially when combining them with deep learning frameworks. Adapting these algorithms
for specific tasks and frameworks often requires custom engineering [92,103]. Consider the scenarios
incorporating GA for feature selection in transformer-based NLP systems that require significant
customization to handle tensor computations. Such complexity can act as a barrier to adoption in
fast-paced industrial environments.

+ Resource and Energy Consumption: Bio-inspired algorithms can be resource-intensive, consuming
significant computational power and energy [104]. This has environmental and cost implications, partic-
ularly when applied to large-scale NLP tasks. Running a GA for hyperparameter tuning on transformer
models required extensive GPU hours, leading to high operational costs and carbon footprint. Such
concerns are becoming increasingly important in sustainable Al research.

Several promising research directions have been proposed to overcome the challenges and unlock
the full potential of bio-inspired algorithms in NLP. Hybrid approaches, which combine bio-inspired
algorithms with traditional optimization methods or deep learning frameworks, offer a pathway to address
computational and scalability issues. For example, hybrid models that utilize PSO for hyperparameter
tuning alongside neural networks for feature extraction have shown potential for improved performance.
Additionally, leveraging ensemble techniques can mitigate the shortcomings of individual methods by
combining their strengths. Algorithmic enhancements are another vital area of focus. Developing advanced
versions of bio-inspired algorithms, such as adaptive GA or multi-swarm PSO, can significantly improve
their efficiency and convergence rates. Innovations like self-adaptive parameters or dynamically changing
fitness functions can make these algorithms more robust and adaptive to various tasks.

Furthermore, parallel and distributed computing frameworks can alleviate computational challenges.
We can effectively manage large-scale NLP tasks by implementing bio-inspired algorithms on cloud
platforms or utilizing GPU and TPU acceleration while reducing processing times. Tailoring bio-inspired
algorithms to specific NLP domains is another promising direction. Domain-specific customizations, such as
incorporating linguistic constraints into the fitness function, can enhance performance in tasks like syntactic
parsing or machine translation. Explainability frameworks for bio-inspired algorithms are also essential to
increase trust and usability. Techniques such as surrogate modeling, visualization of evolutionary paths,
and sensitivity analysis can improve the interpretability of these solutions, making them more suitable for
critical applications.

Finally, energy-efficient designs for bio-inspired algorithms can reduce their environmental impact and
operational costs. Methods like early stopping, sparsity induction, and efficient population sampling offer
opportunities to make these algorithms more sustainable. By addressing these areas, researchers can enhance
the applicability and effectiveness of bio-inspired algorithms in NLP, paving the way for broader adoption
and success in real-world scenarios.
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5 Conclusion

Inspired by natural processes and biological systems, bio-inspired algorithms offer a robust and
adaptable approach to solving complex problems in NLP. This review explored the transformative potential
of bio-inspired algorithms—specifically GA, PSO, and ACO—in enhancing NLP tasks such as text classi-
fication, sentiment analysis, machine translation, and speech recognition. Our objectives were to analyze
their applications, assess comparative advantages, and identify limitations. Key findings reveal that these
algorithms excel in optimization tasks, with GA improving feature selection (e.g., 95% accuracy in [36]), and
PSO enhancing parameter tuning (e.g., 97.14% recognition rate in [78]) However, bio-inspired algorithms
face notable challenges alongside their potential, including high computational cost, scalability issues,
parameter sensitivity, and integration complexity with existing NLP systems. Despite these limitations,
their stochastic and flexible nature makes them a compelling choice for tackling optimization challenges
in NLP, especially when combined with other techniques. While bio-inspired algorithms are not without
challenges, their contributions to NLP are undeniable. With advancements in algorithmic development and
interdisciplinary research, these methods are poised to play a transformative role in the evolution of NLP
technologies, addressing the complexities of human language with a blend of innovation and computational
efficiency. Future research in hybrid approaches, algorithmic enhancements, and sustainability can further
enhance their impact. With continued advancements, bio-inspired algorithms are poised to contribute
significantly to NLP technologies’ evolution.
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Nomenclature

NLP Natural Language Processing
ML  Machine Learning

DL  Deep Learning

PSO  Particle Swarm Optimization
GA  Genetic Algorithms

ACO Ant Colony Optimization
ABC Artificial Bee Colony

SA  Sentiment Analysis

SVM  Support Vector Machine
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