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Abstract: Swarm-based analysis technology represents a class of computational approaches inspired by biological systems, such as 
bees or ants, to solve complex and high-dimensional problems through the collective behavior of interacting agents. This review 
provides an overview of swarm intelligence methods in drug discovery, covering foundational concepts, major algorithms, and 
representative applications in molecular docking, drug screening, de novo molecular design, and combinatorial chemical space 
exploration. We summarize classical swarm-based approaches and discuss recent hybrid frameworks integrating swarm intelligence 
with machine learning, deep learning, and large language model (LLM)-based multi-agent systems. In addition to highlighting their 
potential for adaptive search and multi-objective optimization, we critically examine current limitations, including scalability, 
convergence reliability, parameter sensitivity, and computational cost in high-dimensional biomedical settings. We further emphasize 
that many emerging frameworks, particularly LLM-enhanced and multi-agent swarm systems, remain at an early stage and have not 
yet been extensively validated in real-world drug discovery pipelines. Overall, swarm-based methods provide flexible and interpretable 
strategies for complex optimization tasks, while continued advances in data integration, benchmarking, and biologically informed 
modeling will be important for their broader application in drug discovery. 
Keywords: swarm intelligence model, drug discovery, artificial intelligence, large language model

Introduction
Drug discovery is a complex, multi-stage process involving target identification, lead optimization, and rigorous safety and 
efficacy evaluations.1 This process requires navigating large and high-dimensional search spaces while balancing multiple, 
often competing objectives, such as biological activity, toxicity, pharmacokinetics, and synthetic feasibility.2 Despite 
substantial progress in experimental high-throughput technologies, structural biology, and data-driven predictive modeling, 
many candidates still fail during development, timelines frequently exceed a decade, and costs continue to rise.3 These 
persistent challenges continue to drive the development of computational strategies that can efficiently explore high- 
dimensional search spaces, generate novel molecular structures, and support multiple stages of the drug discovery pipeline.

Swarm intelligence (SI) represents a class of computational methods inspired by the collective behavior of decentralized 
and self-organized systems observed in nature, such as ant colonies, bird flocks, and bee swarms.4 Algorithms such as particle 
swarm optimization (PSO), ant colony optimization (ACO), and artificial bee colony (ABC) methods model how agents 
interact locally to produce coordinated global behavior.5 These approaches are typically population-based and rely on iterative 
updates driven by shared information, allowing them to explore complex search spaces without requiring gradient information 
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or large amounts of labeled data.6 Their ability to handle discrete and continuous optimization problems, as well as to 
accommodate multiple objectives, has led to applications in biomedical domains.7 In recent years, several reviews have 
summarized the development of swarm intelligence algorithms and their applications in optimization problems. However, 
most prior surveys have either focused broadly on computational intelligence methods or discussed swarm-based techniques 
without emphasizing their translational role across the modern drug discovery pipeline.4–6

In drug discovery, swarm-based methods have been applied to a range of tasks, including molecular docking, drug 
screening, de novo molecular design, feature selection in quantitative structure-activity relationship (QSAR) and quanti
tative structure-property relationship (QSPR) modeling, and exploration of large combinatorial chemical spaces.8–11 These 
applications leverage the swarm intelligence to address the high dimensionality, multimodality, and uncertainty inherent in 
pharmaceutical optimization problems. In drug screening, adaptive and multi-swarm strategies help maintain diversity and 
avoid focusing too early on a small set of candidates.8 In de novo molecular design, multi-objective formulations allow 
different drug-relevant properties, such as activity, stability, drug-likeness, and synthesizability, to be optimized 
simultaneously.9 In QSAR and QSPR modeling, swarm methods support efficient selection of relevant features and 
parameter settings without exhaustive search.10 For large-scale combinatorial spaces, where the number of possible drug 
combinations grows rapidly, swarm methods improve tractability by decomposing the search into smaller interacting 
components through cooperative co-evolution, while constraint-aware strategies focus the search on feasible regions.11

Recent work has increasingly explored the integration of SI with artificial intelligence (AI) including machine 
learning (ML) and deep learning (DL), aiming to combine data-driven prediction with search-based optimization.12,13 

Hybrid frameworks couple swarm algorithms with neural networks or learned representations to enable more efficient 
and smoother exploration of chemical space. In emerging directions, large language models are incorporated as 
components within swarm-like multi-agent systems.14 These models can incorporate information from diverse biome
dical sources and provide structured guidance without task-specific retraining. Such integrations aim to mitigate 
limitations of standalone swarm methods while preserving advantages such as relatively low data requirements, 
transparent search processes, and natural support for multi-objective optimization.

The role of swarm-based methods in drug discovery continues to evolve alongside advances in computational 
technologies. This review summarizes swarm-based analysis approaches in this domain, covering core algorithms, 
representative applications, recent methodological extensions, and existing challenges (Figure 1). The literature discussed 
in this review was identified through searches of major scientific databases, including PubMed, Web of Science, and 
Google Scholar, using keywords related to swarm intelligence, particle swarm optimization, ant colony optimization, 
molecular docking, virtual screening, de novo molecular design, QSAR/QSPR modeling, and multi-agent systems. 
Priority was given to representative studies describing major methodological developments, applications in drug 
discovery, and emerging computational frameworks. By integrating insights from the literature, we aim to characterize 
the potential and limitations of swarm-based approaches and to highlight promising directions for future research.

Overview of Swarm Intelligence Algorithms
The development of swarm intelligence methods has evolved through several stages over the past three decades. Early 
work primarily focused on heuristic optimization strategies designed to solve combinatorial and continuous optimization 
problems. More recently, swarm-based algorithms have increasingly been integrated with broader AI frameworks, where 
they are integrated with machine learning, deep learning and large language models to enhance model performance and 
enable large-scale data-driven discovery.

The Classical Era: Heuristic Search
The early development of swarm intelligence algorithms was primarily centered on heuristic optimization strategies 
inspired by collective behaviors observed in biological systems (Figure 1). Among these, particle swarm optimization 
(PSO) is one of the most widely studied approaches, originally motivated by the coordinated movement of bird flocks 
during foraging.15 In PSO, candidate solutions are modeled as particles that move through the search space, guided by 
both their own past best positions and the best solution identified by the swarm.
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Another foundational swarm-based algorithm is ant colony optimization (ACO), which is inspired by the foraging 
behavior of ants that deposit pheromone trails to guide others toward efficient paths between their nest and food sources.5 

In ACO, artificial pheromone trails and probabilistic path selection are used to construct solutions, enabling the identification 
of high-quality paths in combinatorial optimization problems such as routing, scheduling, and graph traversal.

Building on these early developments, a variety of additional swarm-based algorithms have been proposed to tackle 
diverse optimization tasks. For instance, the artificial bee colony (ABC) algorithm models the foraging behavior of 
honeybee colonies, where employed, onlooker, and scout bees collectively balance exploration and exploitation.16 

Similarly, the firefly algorithm (FA) was inspired by the attraction behavior of fireflies, in which candidate solutions 
are guided toward brighter peers that represent better objective values.17

While these methods have shown effectiveness in global optimization tasks, their performance is often problem- 
dependent and sensitive to parameter settings (Table 1). In biomedical applications, they have been explored for tasks 

Figure 1 Overview of swarm intelligence algorithms and their applications in drug discovery. The upper panel illustrates the major categories of swarm-based computational 
approaches, including Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), and Artificial Bee Colony (ABC), to more recent hybrid frameworks integrating 
machine learning and deep learning methods. The lower panel summarizes representative applications of swarm-based approaches in drug discovery, including molecular 
docking, drug screening, de novo molecular design, and drug combination discovery.

Table 1 Major Swarm Intelligence Approaches in Drug Discovery

Algorithm Typical Drug Discovery 
Applications

Key Strengths Key Weaknesses

Particle Swarm Optimization (PSO) Molecular docking; 
QSAR feature selection; 
Drug combination search; 
De novo drug design

Efficient global search, simple 
implementation, suitable for continuous 
optimization and multi-objective 
problems

Sensitive to parameter settings, may converge 
prematurely, computational cost increases in 
large search spaces

Ant Colony Optimization (ACO) QSAR feature selection; 
Combinatorial optimization; 
Molecular design

Effective for combinatorial and discrete 
optimization problems, adaptive search 
behavior

Slow convergence on continuous problems; 
high computational cost for large graphs; 
pheromone parameter tuning required

Artificial Bee Colony (ABC) QSAR/QSPR 
hyperparameter tuning; 
Feature selection; 
Virtual screening support

Good balance of exploration and 
exploitation; few control parameters; 
robust on non-smooth 
surfaces

Performance may vary across datasets and 
optimization tasks

Firefly Algorithm (FA) QSAR feature selection; Automatic subdivision into subswarms; 
good for multimodal landscapes; reduces 
premature convergence

High computational cost
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such as feature selection, molecular docking optimization, and biomarker discovery. However, their scalability and 
robustness remain limited in high-dimensional and noisy settings commonly encountered in biological and clinical data, 
which has limited their widespread adoption in large-scale data-driven studies.

The Hybrid Era: Integrating with ML/DL
The development of SI methods has increasingly moved toward integration with both predictive and generative machine 
learning (ML) and deep learning (DL) frameworks (Figure 1). SI is commonly used as an optimization component within 
ML/DL pipelines rather than as a standalone method.18

One common use of hybrid SI-ML approaches is feature-selection and hyperparameter tuning. In biomedical 
applications, including QSAR modeling and classification tasks, methods such as PSO and ACO are used for feature 
selection, which can improve the performance of models such as SVM and random forests for drug screening.19 SI has 
been used in molecular docking and virtual screening, to optimize model parameters or search processes.8 In deep 
learning settings, SI is primarily used for tuning hyperparameters or network structures.20 Compared with grid search or 
random search, SI provides an efficient way to explore the parameter space. However, the computational cost can be 
high, especially when training large models. Hybrid approaches combining SI with generative ML/DL models have been 
explored for molecular design and optimization, where swarm-based search is applied in latent or graph-based chemical 
spaces to guide the generation of candidate molecules with desired properties.21 Overall, these integrations extend 
classical optimization strategies into data-intensive AI-driven settings.

Applications of Swarm-Based Methods in Drug Discovery
Molecular Docking
Molecular docking is a computational technique used to predict how a ligand binds to a target macromolecule, typically 
a protein, and to estimate the strength of their interaction.22,23 Its goal is to identify the most appropriate binding pose of 
a ligand within a protein’s binding site by searching the conformational space and evaluating each pose using a scoring 
function. The process of docking flexible ligand with rigid receptor can be depicted into three stages:24,25 1) translation: the 
ligand is moved in the three-dimensional Cartesian space to position it within or near the target protein’s binding site. 2) 
orientation: the ligand is rotated as a rigid body to explore different spatial orientations within the binding site. 3) 
conformation adjustment: the internal flexibility of the ligand is considered by adjusting the torsion angles of its rotatable 
bonds. As a result, docking programs output one or more low-energy binding conformations, which can be used for virtual 
screening, binding mode analysis, and structure-based drug design.24 In practice, molecular docking involves two core 
components: the search algorithm and the scoring function.26 The search algorithm explores possible ligand postures by 
sampling translation, orientation, and internal conformational degrees of freedom (eg, torsion angles of rotatable bonds). 
The scoring function evaluates each candidate poses by estimating the binding affinity based on intermolecular interactions 
such as van der Waals forces, electrostatics, and hydrogen bonding.27

In molecular docking, swarm intelligence methods are employed as search strategies to explore the ligand-target 
conformational space, while the scoring function evaluates the quality of each searched pose. Most docking software 
packages adopt flexible ligand docking under the assumption that the binding site is already known, requiring prior 
identification of the region containing potential binding sites.28 To enhance docking accuracy and efficiency, various SI- 
based strategies have been developed. A multi-swarm competitive algorithm29 improves docking for highly flexible 
ligands by combining competitive feedback between swarms with adaptive gradient-based local refinement. A parallel 
master-slave multi-swarm particle swarm optimization (PSO) strategy30 facilitates information exchange and fully 
parallel execution, resulting in improved docking accuracy and virtual screening performance compared with Vina- 
based methods. AutoDock Vina itself employs an empirical, knowledge-based scoring function to approximate protein- 
ligand binding free energy and combines stochastic global sampling with iterative local optimization using a quasi- 
Newton search method. Moldina,31 built on AutoDock Vina, integrates PSO to enable simultaneous multi-ligand 
docking, achieving comparable accuracy while reducing computational time by several hundred-fold. RDPSOVina32 

replaces Vina’s original search strategy with a random drift particle swarm optimization algorithm while retaining the 
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same scoring function, enhancing global exploration via stochastic drift and mutation mechanisms. For DNA-ligand 
docking, specialized SI frameworks have been developed. For example, FCMGSO33 integrates Fuzzy C-Means 
Clustering with Glowworm Swarm Optimization to provide an efficient and accurate approach for DNA-ligand mapping. 
These examples illustrate how integrating SI with established docking frameworks can improve both the efficiency and 
accuracy of ligand-target interaction predictions.

In some cases, it is necessary to dock a ligand across the entire surface of a protein without prior knowledge of the 
binding site to either identify potential binding sites or reproduce the crystallographic docking pose. This approach is 
referred to as blind docking.26,34 The key distinction between blind docking and conventional docking is that the search 
algorithms must explore the entire protein surface to identify candidate binding sites.35 For example, a hybrid docking 
algorithm34 combines quantum particle swarm optimization with a diversity-guided attractor strategy and a modified 
Solis-Wets local search to enhance search quality. This framework supports both conventional and blind docking by 
enabling global-scale exploration. LightDock36 is an open-source docking platform for protein-protein, protein-peptide, 
and protein-DNA interactions. It uses glowworm swarm optimization to globally sample the interaction energy land
scape, capturing multiple binding modes through swarm-based clustering and score-based ranking. These approaches 
demonstrate how SI can facilitate comprehensive, global searches in complex docking scenarios where the binding site is 
unknown.

Swarm-based docking methods are particularly useful for complex docking tasks involving flexible ligands or large 
conformational spaces. Compared with conventional local search approaches, swarm-based methods can improve global 
exploration by maintaining multiple candidate solutions during optimization. Hybrid methods that combine swarm 
optimization with established docking platforms, such as AutoDock Vina, suggest that swarm-based strategies are 
effective when integrated with efficient scoring functions and local refinement procedures. However, some swarm- 
based methods improve docking accuracy at the cost of increased computational complexity or longer optimization 
times, indicating a trade-off between search performance and computational efficiency.

QSAR/QSPR Modelling for Drug Screening
QSAR models quantify the relationship between molecular structures and their biological activities, while QSPR predicts 
physicochemical properties.37,38 QSAR typically involves calculating molecular descriptors, selecting the most relevant 
features, building a predictive model using statistical or machine learning methods, and applying the model to predict 
activities of new compounds and guide molecular design.

In practice, QSAR modeling can be decomposed into two core components: molecular descriptors which capture 
diverse molecular features, and the predictive model, which maps these features to target biological activity or 
physicochemical property. SI methods are widely employed within this framework as optimization tools. They are 
used not only for selecting the most relevant descriptors but also for tuning model hyperparameters, such as kernel 
settings, regularization coefficients, or other model-specific parameters. By simultaneously optimizing descriptor subsets 
and model hyperparameters, SI-based strategies enable QSAR models to capture key factors governing molecular activity 
or properties, thereby improving predictive performance and generalization.

The integration of SI into QSAR modeling can be broadly categorized into feature selection-oriented and predictive 
model selection-oriented methods. In feature selection, SI algorithms optimize high-dimensional descriptor spaces to 
identify subsets most relevant to biological activity or properties, improving model interpretability, generalization, and 
reducing redundancy. Examples include a hybrid Sinh Cosh Optimizer with the Arithmetic Optimization Algorithm for 
indoloquinoline derivatives,39 a chaotic-map-enhanced golden jackal optimizer for high-dimensional QSAR datasets,40 

and binary swarm-based methods such as hybrid whale optimization for drug-induced liver injury prediction.41 Other SI 
applications, including firefly algorithm-SVR frameworks42 and modified binary PSO for cholinesterase inhibitor 
QSAR,43 further demonstrate the effectiveness of SI-driven feature selection in enhancing predictive accuracy and 
model robustness. In predictive model selection, SI algorithms optimize QSAR model structure and parameters, 
including model type, hyperparameters, and architecture. For example, a coati optimizer with elite opposite-based 
learning improved kernel ridge regression hyperparameter selection, enhancing classification and regression performance 
across seven chemical datasets.44
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Overall, these studies demonstrate that SI provides a versatile and effective framework for both feature and predictive 
model optimization in QSAR modeling. By efficiently navigating high-dimensional descriptor spaces and guiding model 
configuration, SI-driven approaches enhance predictive accuracy, robustness, and generalization, highlighting their 
significant potential for accelerating data-driven drug discovery. However, the effectiveness of SI-based QSAR 
approaches often depends on dataset quality, descriptor design, and optimization settings. In some studies, the perfor
mance improvements over conventional optimization methods are relatively small and vary across datasets and predic
tion tasks. In addition, optimization can become computationally expensive when large descriptor sets, or complex 
predictive models are involved. In practice, SI-based methods appear to be most useful for high-dimensional QSAR 
problems where traditional search strategies become inefficient or difficult to scale.

Drug Combination Discovery
Identifying effective drug combinations is important for improving therapeutic efficacy, overcoming resistance, and 
reducing adverse effects.45 However, the vast combinatorial search space of possible drug pairs presents substantial 
challenges for traditional experimental and computational screening methods.46

Swarm-based approaches have been applied to explore large, high-dimensional search spaces for identifying 
candidate drug combinations. For example, in breast cancer therapy, PSO was used to infer model parameters and 
predict combinations of inhibitors targeting the MAPK and PI3K/AKT pathways.47 In addition, Kang et al48 further 
combined PSO with genetic algorithms to iteratively search for effective drug combinations involving imatinib in 
leukemia.

The performance of these approaches, however, depends strongly on the design of the objective function, the 
underlying biological model, and the quality of experimental feedback. Future work should focus on improving the 
scalability, robustness, and translational relevance of swarm-based drug combination discovery methods. For example, 
integrating swarm-based optimization with graph neural networks, reinforcement learning, or patient-specific data may 
improve the ability to optimize efficacy, toxicity, and resistance profiles simultaneously. In addition, closer collaboration 
between computational and experimental researchers will be important for validating predicted drug combinations 
through in vitro and in vivo studies and for improving the translation of computational predictions into clinically 
relevant therapeutic strategies.

De-Novo Drug Design
De novo drug design creates novel molecules with desired properties by exploring chemical space.49 SI has been 
employed to iteratively refine candidate molecules within this vast search space. Early applications adapted swarm 
algorithms such as PSO to combinatorial molecular design. For example, Hartenfeller et al50 developed the COLIBREE 
framework, which applies PSO to fragment-based de novo design around predefined scaffolds, using building blocks 
derived from pseudo-retrosynthetic fragmentation and similarity-based scoring functions. Subsequent work extended 
swarm-based methods to multi-objective optimization, addressing trade-offs in drug discovery, such as potency, toxicity, 
and solubility. For instance, Reutlinger et al51 applied ant colony optimization (ACO) to polypharmacology-guided 
design, where fragment selection is influenced by predicted activities across multiple targets.

Recent work has explored the integration of SI with learned molecular representations, allowing optimization in 
continuous latent spaces. For example, Winter et al52 combined PSO with a variational autoencoder-derived representa
tion, enabling gradient-free optimization of multiple molecular properties, including predicted binding affinity to targets 
such as EGFR and BACE1, as well as properties related to drug-likeness. Similarly, ChemMORT53 integrates PSO with 
learned molecular representations to optimize multiple ADMET-related properties during molecule generation. In this 
framework, candidate molecules are iteratively refined based on predicted property scores to identify structures that 
balance efficacy, safety, and physicochemical constraints.

Beyond latent representation-based approaches, alternative SI frameworks operate directly on molecular structures. 
For instance, Devi et al54 introduced MOBifi, a multi-objective biofilm-inspired algorithm that models process such as 
attachment, maturation, and dispersal through chemotaxis-like movements and Pareto-based selection. In single-objective 
settings, Liu et al11 proposed SIB-SOMO, a swarm-based method that works directly on discrete molecular graphs 
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without relying on latent representations, iteratively modifying molecules through substructure exchange, mutation, and 
random perturbations.

The effectiveness of these approaches depends strongly on the molecular representation, scoring function, and 
optimization objectives used during the search process. Latent-space methods rely on the quality of learned molecular 
representations, while graph-based methods depend on chemically meaningful mutation and substructure operations. 
In practice, swarm-based approaches appear particularly useful for multi-objective optimization problems where 
exhaustive exploration of chemical space is difficult. Future work may further improve these methods through 
integration with reaction prediction, synthetic accessibility estimation, and experimentally guided molecular 
constraints.

Hybrid Large Language Model and Swarm Technologies in Drug Discovery
Recent work has begun to explore the integration of large language models (LLMs) with swarm-based search strategies 
in drug discovery. In these approaches, LLMs provide structured knowledge, reasoning, or candidate generation, while 
swarm-inspired mechanisms iteratively refine hypotheses or molecular designs. This hybrid approach generally takes two 
forms: augmenting traditional swarm algorithms using LLMs, and designing multi-agent systems in which LLM-driven 
agents operate as cooperative “swarms” for hypothesis generation and molecular optimization tasks.

LLM-Enhanced Swarm Intelligence
LLMs have recently been incorporated into swarm optimization frameworks to guide updates, propose candidate 
solutions, or modify search operators. For example, Shinohara et al55 introduced Language Model Particle Swarm 
Optimization (LMPSO), in which particle updates are generated by an LLM conditioned on the current position, personal 
best, and global best solutions. This formulation allows the method to produce structured outputs, such as sequences or 
expressions, within a PSO-inspired framework. The approach has been evaluated on combinatorial optimization tasks, 
including the traveling salesman problem and symbolic regression, demonstrating feasibility in structured search spaces. 
Although not yet applied to drug discovery, its ability to handle discrete and structured representations suggests potential 
for molecular graph or sequence optimization in de novo drug design.

More broadly, the incorporation of LLMs into swarm optimization frameworks offers a promising direction for 
de novo drug discovery, particularly in tasks that require reasoning over chemical knowledge, multi-step design 
constraints, or optimization in discrete molecular spaces. By conditioning LLM-driven updates on domain-specific 
prompts, such as reaction rules, pharmacophore constraints, or ADMET filters, these hybrid approaches can 
generate chemically plausible modifications guided by relevant biochemical constraints. Furthermore, the capacity 
of LLMs to interact with external tools, including database queries, predictive models, and synthesizability 
assessments, enables the incorporation of additional constraints into the search process without requiring model 
retraining.

Multi-Agent LLM Swarms and Agentic Frameworks
Multi-agent systems powered by LLMs consist of multiple LLM instances functioning as distinct agents, each assigned 
specific roles, tools, or subtasks. These agents communicate through defined protocols and iteratively refine solutions 
based on shared information. Such systems can benefit from principles drawn from SI, such as parallel exploration and 
distributed coordination, enabling more effective search over complex solution spaces than single-model approaches. In 
drug discovery, this paradigm can be applied to tasks such as hypothesis generation, target validation, and early-stage 
lead optimization, where multiple types of evidence and reasoning steps need to be integrated.

A representative example is PharmaSwarm,56 a multi-agent framework designed for hypothesis-driven drug discov
ery. In this system, specialized agents perform tasks such as genomic data analysis, knowledge graph querying, pathway 
analysis, and binding affinity estimation. An evaluator agent ranks candidate hypotheses based on criteria including 
plausibility and predicted efficacy, and the system iteratively refines proposed targets and compounds through feedback 
across agents. This design enables the integration of heterogeneous data sources within a single workflow while 
maintaining traceability of intermediate steps.
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More broadly, multi-agent LLM systems provide a flexible way to coordinate complex drug discovery processes that 
involve multiple interdependent tasks. Their swarm-like behavior arises from the interaction of agents that explore 
different aspects of the problem space and update shared hypotheses over time.

Overall, LLM-enhanced swarm intelligence and multi-agent systems represent a promising direction for drug 
discovery platforms. By combining population-based search with agent-based reasoning and access to biomedical 
knowledge, these approaches may support more flexible exploration of complex search spaces and assist in identifying 
candidate therapeutic strategies. However, most current studies remain at an early stage, and their practical impact in 
real-world drug discovery settings has yet to be fully established.

Discussion
Drug discovery is a multi-dimensional, multi-step process involving complex search and optimization. This review has 
highlighted the potential of swam-based intelligence algorithms in this domain. Swarm-based methods provide a set of 
population-based optimization strategies that are well suited for a range of drug discovery tasks. Compared with purely 
data-driven approaches, these methods are less dependent on large, labeled datasets and can be used in settings where 
data are limited or heterogeneous. Moreover, their search process is relatively transparent, allowing the evolution of 
candidate solutions to be tracked and individual updates to be examined. Swarm algorithms also naturally support multi- 
objective optimization, enabling the simultaneous consideration of factors such as biological activity, toxicity, and 
physicochemical properties. Their distributed search mechanisms provide robustness in the presence of noisy or uncertain 
objective evaluations, and their flexible structure allows them to be adapted to diverse challenges across the drug 
discovery pipeline.

Challenges and Limitations
While swarm-based methods are effective for exploring large chemical spaces and handling multi-objective trade-offs, 
they also have several inherent limitations. A key challenge is scalability: as the search space grows or as evaluations 
involve computationally intensive steps such as docking or molecular simulations, the overall cost can increase 
substantially.

Another limitation is the heuristic nature of swarm algorithms. Swarm algorithms rely on stochastic search and do not 
guarantee convergence to a global optimum, particularly in high-dimensional or discrete chemical spaces. In de novo 
design, this can result in molecules that are chemically valid but show limited novelty or require further assessment of 
synthetic feasibility, and in some cases the generated structures may be variations of known scaffolds.

In addition, drug discovery often involves balancing multiple objectives, such as activity, toxicity, and solubility. 
While swarm-based methods can generate diverse trade-off solutions, selecting the most relevant candidates typically 
requires domain expertise or further downstream analysis. As the number of objectives increases, the optimization 
process becomes more complex, which may reduce efficiency in certain settings.

Recent studies integrating large language models (LLMs) and multi-agent systems with swarm-based optimization 
represent an emerging direction in computational drug discovery. However, many current studies remain proof-of- 
concept reports or early methodological explorations rather than extensively validated applications in pharmaceutical 
research. Their practical value in medicinal chemistry and translational drug discovery therefore remains uncertain. 
Several limitations require further investigation, including hallucination effects, reproducibility, interpretability, and the 
computational cost of complex multi-agent optimization workflows.

Furthermore, benchmarking standards remain insufficiently standardized, with many studies relying on different 
datasets, scoring metrics, and experimental settings, limiting reproducibility and direct comparison across methods. 
Comparative evaluations between swarm-based approaches and alternative optimization strategies, such as gradient- 
based optimization and evolutionary algorithms, also remain relatively limited in many application domains. Several 
unresolved issues therefore persist, including parameter sensitivity, convergence stability, scalability in high-dimensional 
chemical spaces, and the limited translational validation of computationally generated candidates in experimental and 
clinical settings.
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Future Perspectives
Swarm-based methods have demonstrated utility across multiple stages of drug discovery, yet several areas 
warrant further development. Scalability remains a key consideration, particularly as chemical space and biome
dical data continue to expand, requiring more efficient optimization in high-dimensional settings. Another 
important direction is the integration of heterogeneous data sources, including chemical structures, omics data, 
clinical records, and literature, to better capture complex biological relationships. In such context, maintaining 
interpretability of the search process is important, especially for applications requiring mechanistic insight. Recent 
developments involving LMMs and multi-agent systems provide additional opportunities, as these models can 
offer structured guidance, such as candidate modifications or biologically informed suggestions, within swarm- 
based frameworks. Finally, systematic benchmarking across tasks, datasets, and methodological settings remains 
necessary to more clearly define the strengths and limitations of these approaches in real-world drug discovery 
pipelines. Future swarm-based frameworks may also benefit from tighter integration with experimental validation 
pipelines, including high-throughput screening, patient-derived systems, and real-world clinical data. Improving 
the ability of computationally prioritized candidates to translate into experimentally reproducible and clinically 
relevant outcomes remains an important challenge. Continued efforts toward standardized benchmarking, transla
tional validation, and closer collaboration between computational researchers and experimental scientists will be 
important for advancing the practical utility and clinical relevance of swarm-based approaches in modern drug 
discovery.

In conclusion, swarm-based methods provide a flexible framework for exploring complex search spaces in drug 
discovery, with applications spanning molecular docking, virtual screening, de novo design, and QSAR/QSPR modeling. 
Despite challenges related to scalability, convergence, and sensitivity to problem formulation, their ability to operate 
under limited data and support interpretable, multi-objective optimization suggests they will remain a valuable compo
nent in both research and applied drug discovery.
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