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Abstract. This systematic mapping review examines application-
driven parallel Differential Evolution (DE) as a scalable optimization
approach Ffor engineering, energy, computing, and intelligent
systems. The review is based on a Scopus-only corpus searched on
24 May 2026 using TITLE-ABS-KEY queries related to DE, parallel
computing, distributed computing, GPU acceleration, and scalable
optimization. From 220 records, 25 unique studies published
between 2021 and 2026 were included after screening by year,
document type, language, relevance, and methodological alignment.
Because the corpus contains heterogeneous benchmark studies,
application studies, and hybrid intelligent-system frameworks, the
evidence was synthesized thematically rather than through meta-
analysis. The synthesis distinguishes explicit parallel-DE
implementations from broader scalable DE applications in which
scalability is achieved through decomposition, model reformulation,
or integration with computationally expensive systems. The findings
indicate that GPU acceleration, CUDA, MPI migration, cooperative
coevolution, Spark/Hadoop distribution, and resource-aware
dispatch frequently report reduced computational cost while
preserving or improving solution quality under the evaluated
conditions. However, cross-study comparison remains limited by
heterogeneous benchmarks, incomplete hardware reporting,
inconsistent scalability metrics, and uneven baseline selection. This
review contributes a cross-domain taxonomy linking application
constraints, DE mechanisms, computational architectures,
evaluation metrics, and reported outcomes.
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1 INTRODUCTION

Differential Evolution (DE) is a population-based evolutionary algorithm For continuous,
nonlinear, multimodal, and derivative-free optimization. Its basic search logic improves
candidate solutions through mutation, crossover, and selection, enabling global
exploration and local exploitation within a comparatively simple control-parameter
structure [1]. Recent review literature confirms that DE remains influential in engineering
design, computational intelligence, data analytics, power systems, and scientific
computing because it is robust, flexible, and compatible with black-box objective

Functions [2], [3].

Although DE is robust, its population-based structure can become computationally
expensive in modern application settings. Large decision spaces, high-dimensional
benchmark suites, simulation-based objective functions, deep-learning architectures,
distributed infrastructures, and near-real-time operational constraints may require many
Fitness evaluations. In such cases, sequential DE may be insufficient because evaluation
cost, data movement, and hardware constraints become part of the optimization problem

itself.

This review uses Five related but distinct concepts. Parallel DE refers to implementations
in which individuals, subpopulations, or operators are executed concurrently. Distributed
DE refers to DE running across multiple nodes, workers, clusters, or distributed data
platforms. GPU-accelerated DE refers to DE implementations that exploit massively
parallel GPU kernels such as CUDA. Scalable DE is a broader term that includes parallel
execution, distributed execution, decomposition, resource-aware scheduling, or model
reformulation to handle computational growth. DE used inside a computationally
expensive application refers to studies where DE is not always the only parallel
component, but the optimization task is shaped by simulation, learning, data-processing,

or operational constraints.

Four scalability mechanisms guide the conceptual framework of this review: hardware
acceleration, distributed population execution, problem decomposition, and application-
aware resource management. Hardware acceleration includes CUDA/GPU and many-

threaded computation. Distributed population execution includes MPI, island migration,
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Spark, Hadoop, cloud, and edge settings. Problem decomposition includes cooperative

coevolution and differential grouping for large-scale optimization. Application-aware
resource management includes cases where DE is embedded in intelligent systems,

neural controllers, predictive models, or domain-specific computational pipelines.

Previous DE surveys have provided broad algorithmic histories, parameter-control
analyses, and general reviews of DE variants [2], [3], [4]. Surveys on GPU-based swarm
intelligence and cooperative coevolution have also explained hardware and
decomposition perspectives [5], [6], [7]. However, fewer reviews organize recent DE
studies from the perspective of application-driven scalability across engineering, energy,
computing, big data, and intelligent-system domains. The originality of this paper lies in
mapping application constraints to DE mechanisms, computational architectures,
evaluation metrics, and reported outcomes rather than ranking DE variants universally.

The review period 2021-2026 was selected because it captures recent developments in
GPU acceleration, distributed data-processing platforms, edge/cloud computing, neural
architecture search, and post-2020 reproducibility expectations in computational
optimization. The corpus includes both benchmark-only studies and real-world
application studies, but they are not compared as if they had identical evidential weight.
Instead, benchmark studies are used to understand algorithmic scalability, whereas

application studies are used to understand domain-level feasibility and value.

This review addresses the following research questions: RQ1: How have recent studies
implemented or contextualized parallel, distributed, GPU-accelerated, and scalable DE
across application domains? RQ2: Which application constraints motivate the use of
scalable DE mechanisms? RQ3: Which computational architectures and DE mechanisms
are associated with particular problem characteristics? RQ4: What reporting,
reproducibility, validity, and sustainability gaps remain in application-driven scalable DE
research?

2. METHODS

21 Review Design and Search Strategy
This article adopts a systematic mapping review design with PRISMA-informed reporting.
The design was selected because the aim is to classify and synthesize heterogeneous

evidence across applications, mechanisms, architectures, and metrics rather than to
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estimate a pooled quantitative effect. Consequently, the synthesis is thematic and

classificatory, not a meta-analysis of speedup or solution-quality effects [8], [9].

Scopus was the only database used in this review. It was selected because it provides
broad interdisciplinary coverage of engineering, computer science, energy, applied
optimization, and intelligent systems. The search was executed on 24 May 2026 using the
Following Field-based query: TITLE-ABS-KEY ( "differential evolution" AND ( "parallel
programming" OR GPU OR CUDA OR OpenMP OR MPI OR multicore OR "distributed
computing" OR "island model" OR "cooperative coevolution" OR "many-threaded" OR
"heterogeneous computing" OR Spark OR Hadoop OR cloud OR edge OR acceleration )
AND ( optimization OR "global optimization" OR "computational performance" OR

scalability OR acceleration ) ).

Supplementary query variants were used inside Scopus to improve recall for application
terms including engineering, smart grid, microgrid, big data, feature selection, neural
networks, generative adversarial networks, resource allocation, and intelligent control.
These variants are summarized in Appendix A for transparency. The Ffinal selection
remained restricted to records indexed in Scopus and falling within the 2021-2026
publication window. Early-access and 2026 records were retained only when bibliographic

metadata, DOI, or publisher records were available at the time of search.

2.2 Eligibility Criteria and Study Types

Eligible studies had to use DE or a DE-based hybrid method as a meaningful optimization
component and had to address at least one scalability mechanism: explicit parallel
execution, distributed execution, GPU acceleration, cooperative decomposition, resource-
aware dispatch, cloud/edge/fog execution, Spark/Hadoop implementation, or application-
aware computational reformulation. The review therefore includes two evidence
categories: core parallel-DE studies and contextual scalable-DE studies. Core studies
explicitly implement or evaluate parallel DE. Contextual studies use DE inside
computationally demanding applications where scalability is achieved indirectly through

modelling, decomposition, or hybrid integration.

Studies were excluded if DE was mentioned only incidentally, if scalability was not

substantively related to the method or application, if the work focused exclusively on
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unrelated evolutionary algorithmes, if essential bibliographic metadata were unavailable,

or if no relevant performance indicator was reported. The expected outcomes of
scalability were runtime reduction, speedup, convergence behavior, solution quality,
accuracy, energy consumption, GPU-hour efficiency, real-time Feasibility, or domain-

specific operational performance.

2.3 Screening, PRISMA Counts, Extraction, and Quality Assessment

The initial Scopus search identified 220 records. No duplicates were removed before
screening because the corpus was exported from a single database. During title-and-
abstract screening, 166 records were excluded: 54 were outside the 2021-2026 period, 49
failed the document-type, language, or peer-reviewed-source criteria, and 63 were
outside the topical focus. A total of 54 reports were retrieved and assessed for eligibility.
After full-text assessment, 29 reports were excluded: 12 did not use DE as a core method,
7 did not include a scalable or computationally expensive mechanism, 4 lacked relevant
performance indicators, and 6 did not align with the target application scope. The final

corpus contained 25 unique included studies.

Screening, coding, and reporting-quality assessment were conducted collaboratively by
both authors using predefined inclusion criteria and a shared extraction sheet rather
than as an independent double-screening process. Coding decisions were resolved
through discussion and rechecking against the eligibility criteria. The extraction fields
were year, domain, optimization task, DE variant or mechanism, parallelization strategy,
hardware or platform, benchmark or dataset, runtime metric, solution-quality metric,
limitation, and whether the study represented core parallel DE or contextual scalable DE.
Reporting quality was assessed using criteria adapted to computational optimization:
clarity of algorithm description, parameter settings, benchmark or dataset description,
hardware/platform specification, runtime or scalability reporting, baseline Fairness,
random-seed or repeated-run reporting, communication overhead, code availability, and
energy-consumption reporting. This assessment evaluates reporting completeness and
comparability; it is not a clinical or experimental risk-of-bias exclusion tool. These criteria

are used to interpret the strength and comparability of the evidence [10].
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dentification! Database identification | Records removed before screening
Records identified from Scopus database search Duplicates removed: n = 0
{n=220} Automation-based exclusions: n = 0

Other pre-screening removals: n = 0

Screening Screening exclusions
> Records excluded at ing st: =166
Records screened by title, abstract, keywords, ecor ,s excluded at screening stage (n )
- * Outside 2021-2026: n = 54
document type, language, and publication year )
(n=220) + Document type/language/peer-reviewed-source
mismatch: n = 49
+ Outside the topical focus: n = 63

Retrieval , Retrieval status
Reports sought for retrieval after initial screening Reports not retrieved
(n-=-54) (n=20)
Eligibility l Eligibility exclusions
Eligibility assessment Full-text reports excluded (n = 29)
9 Yy
Full-text reports assessed for eligibility P * DE not used as a core method: n = 12
(n = 54) + No scalable/computationally expensive mechanism: n =

7
+ Lacked relevant performance indicators: n = 4
+ Outside target application scope: n = 6

m Included corpus

Studies included in thematic synthesis
(n=25)
Reports of included studies (n = 25)

Note: Percentages and synthesis categories are cross-tagged where studies address more than one domain or scalability mechanism.

Figure 1. PRISMA-Informed Flow of Study Selection

2.4. Theoretical Background

DE exposes concurrency at multiple levels. Fitness evaluations can be executed
independently, individuals can be evaluated in parallel, subpopulations can evolve in
island models, and high-dimensional variables can be decomposed into smaller
subcomponents. This structure explains why DE is frequently paired with GPU
acceleration, MPI, Spark/Hadoop, cooperative coevolution, and resource-aware scheduling

(5], (1], [12], 1131,

Adaptive DE variants manage the balance between diversity and selection pressure by
adjusting control parameters, mutation strategies, or crossover rates. Classical self-
adaptive and strategy-adaptive DE studies remain important for fFoundational theory [14],
[15], [16], while recent adaptive-DE surveys show that contemporary DE research
increasingly treats parameter control, strategy selection, population resizing, and learning

mechanisms as dynamic design choices [4].
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In scalable DE, computation is not merely an external implementation issue. Hardware

architecture, data-transfer cost, communication overhead, decomposition quality,
baseline fairness, and energy consumption can influence both runtime and search
behavior. Therefore, this review treats scalable DE as an application-aware computational

framework rather than simply a faster version of sequential DE.

3. RESULT AND DISCUSSION

3.1. Corpus Overview and Cross-Tagging Rule

The final corpus contained 25 unique included studies. Because several studies address
more than one application domain or scalability mechanism, thematic categories are
cross-tagged rather than mutually exclusive. For example, a resource-aware DE study for
neural-network controllers can be tagged as engineering, intelligent control, and

distributed optimization. Percentages in domain and mechanism tables therefore indicate

representation within the corpus but may sum to more than 100% .

Table 1. Master evidence table of the 25 unique included studies.
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Table 2. Publication trend in the 2021-2026 corpus
Year No. of studies Percentage
2021 1 4%
2022 7 28%
2023 4 16%
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2024 4 16%
2025 3 12%
2026 6 24%

Table 3. Domain distribution with cross-tagging.

No. of
Domain category . Percentage Interpretive note
studies
Engineering and Includes medical simulation, truss
simulation-based 10 40% sizing, machining, circuit, and
optimization protein modelling.
Includes wind-wave systems,
Energy systems and . microgrid dispatch, smart-grid
8 32%
smart infrastructure measurement, RO desalination, and
energy-aware edge/cloud.
Includes LSGO, Spark/Hadoop,
Computing, big data,
edge/cloud, Fog/loT, GPU
and distributed 12 48%
benchmarks, and multitask
intelligent systems
optimization.
Includes NN controllers, GAN
Neural networks,
search, pruning, MetaDE, strategy
generative models, 10 40%

diversity, and intelligent resource

and intelligent control
management.

Table 4. Core parallel-DE and contextual scalable-DE evidence categories.

Evidence No. of
Definition
category studies
Core explicit Studies where parallel execution, GPU, CUDA, MPI|,
parallel-DE 16 Spark/Hadoop, or many-threaded implementation is
studies central to the method.
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Evidence No. of
Definition
category studies
Studies where DE is used in a computationally
Contextual
expensive, model-assisted, or application-aware setting,
scalable-DE 9
but explicit parallel execution is not the main
studies

contribution.

3.2. Mechanisms, Metrics, and Reporting Quality

The reviewed literature reveals substantial diversity in the mechanisms used to improve
the scalability of Differential Evolution (DE). As summarized in Table 5 CUDA/GPU
acceleration is the most frequently reported mechanism, appearing in 12 studies (48%).
This finding indicates that fine-grained parallelization of population-based evolutionary
operations remains a dominant strategy for reducing computational time, particularly
when fitness evaluations or optimization procedures can be executed concurrently.
Model-assisted or hybrid DE and contextual scalable DE approaches were each identified
in six studies (24%), while cooperative coevolution or decomposition appeared in four
studies (16%). MPI- or island-based migration and resource-aware or heterogeneous
dispatch were each reported in three studies (12%), whereas Spark/Hadoop-based
distribution appeared in two studies (8%). Only one study (4%) primarily relied on a small-
population strategy as its scalability mechanism. Because several studies employed more
than one mechanism, the percentages in Table 5 are not mutually exclusive and therefore
do not sum to 100%.

Table 5. Frequency of DE scalability mechanisms.

Mechanism No. of studies Percentage
CUDA/GPU acceleration 12 48%
MPI or island migration 3 12%
Spark/Hadoop distribution 2 8%
Cooperative coevolution/decomposition 4 16%
Resource-aware or heterogeneous dispatch 3 12%
Small-population strategies 1 4%
Model-assisted or hybrid DE 6 24%
Contextual scalable DE, not explicit parallel DE 6 24%
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The overlap among scalability mechanisms is an important characteristic of the corpus.

For example, cooperative coevolution may decompose a large-scale optimization problem
into subcomponents while simultaneously exploiting GPU acceleration for parallel Fitness
evaluation. Similarly, island-based DE can combine population migration with MPI-based
communication, while application-oriented studies may integrate DE with Spark, Hadoop,
machine-learning models, rough-set techniques, or heterogeneous computing resources.
Consequently, scalability in the reviewed studies should not be interpreted solely as a
property of a particular hardware platform. Instead, it emerges from the interaction
among algorithmic structure, problem decomposition, computing architecture, and
application-specific constraints. This multidimensional relationship Forms the basis of the

taxonomy presented later in Figure 2.

The evaluation practices identified in the corpus also demonstrate that scalability is
assessed from multiple perspectives. As shown in Table 6, objective or solution quality is
the most commonly reported evaluation criterion, appearing in 20 studies (80%), followed
closely by runtime or execution time in 18 studies (72%). These results suggest that most
researchers attempt to demonstrate computational improvement without sacrificing
optimization effectiveness. Domain-specific operational outcomes are reported in 13
studies (52%), reflecting the application-driven nature of the reviewed literature, while
explicit speedup ratios are presented in 10 studies (40%). Convergence behavior is
examined in nine studies (36%), and accuracy, classification performance, or other model-

quality measures are reported in eight studies (32%).

By contrast, relatively few studies examine the system-level costs associated with
parallel or distributed computation. Table 6 shows that energy consumption is evaluated
in only Four studies (16%), communication overhead in three studies (12%), and GPU hours
or training cost in two studies (8%). This imbalance is significant because a reduction in
wall-clock execution time does not necessarily imply greater overall computational
efficiency. A parallel DE implementation may achieve substantial speedup while
simultaneously increasing communication traffic, energy consumption, hardware
utilization, or infrastructure cost. Therefore, future evaluations of scalable DE would
benefit from combining traditional optimization metrics with explicit measures of

computational and resource efficiency.
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Table 6. Frequency of evaluation metrics used in the corpus.

Evaluation metric No. of studies Percentage
Runtime or execution time 18 72%
Speedup ratio 10 40%
Objective or solution quality 20 80%
Convergence behavior 9 36%
Accuracy/classification/model quality 8 32%
Energy consumption 4 16%
Communication overhead 3 12%
GPU hours or training cost 2 8%
Domain-specific operational outcome 13 52%

A related issue concerns the completeness and consistency of experimental reporting.
The reporting-quality assessment presented in Table 7 indicates that most studies
provide adequate descriptions of the optimization problem and algorithmic approach.
Twenty-four studies (96%) clearly describe their benchmark, dataset, or application
context, while 23 studies (92%) provide a clear description of the DE algorithm or variant
employed. Runtime or scalability measures are reported by 20 studies (80%), and
parameter settings are documented in 17 studies (68%). These results indicate that the

corpus is generally strong in describing what was optimized and which DE mechanism

was used.
Table 7. Reporting-quality assessment summary
Reporting item No. of studies  Percentage
Clear algorithm/variant description 23 92%
Parameter settings reported 17 68%
Benchmark/dataset/application context described 24 96%
Hardware/platform specified 16 64%
Runtime/scalability metric reported 20 80%
Baseline fairness clearly justified 15 60%
Random seeds/repeated-run protocol reported 9 36%
Communication/data-transfer overhead reported 5 20%
Code or implementation available 4 16%
Energy consumption reported 4 16%
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However, Table 7 also reveals several weaknesses that affect reproducibility and cross-

study comparison. Hardware or platform specifications are provided in only 16 studies
(64%), while baseline fairness is clearly justified in 15 studies (60%). More importantly,
only nine studies (36%) explicitly report random seeds or repeated-run protocols.
Communication or data-transfer overhead is discussed in just five studies (20%), and
implementation code is publicly available For only Four studies (16%). Energy consumption
is similarly reported by only Four studies (16%). These limitations make it difficult to
determine whether reported performance improvements originate from algorithmic
advances, superior hardware, implementation-specific optimization, or differences in

experimental configuration.

The hardware and software reporting patterns provide further evidence of this
reproducibility challenge. As detailed in Table 8, GPU models are explicitly reported in 11
studies (44%), whereas CPU models are identified in only nine studies (36%). Software,
compiler, or library versions are reported in eight studies (32%), memory specifications in
six studies (24%), and detailed cluster configurations in only Ffive studies (20%).
Furthermore, only four studies (16%) provide access to implementation code. Such
incomplete reporting is particularly problematic for parallel DE because performance can
depend strongly on GPU architecture, CPU characteristics, memory hierarchy,
interconnect bandwidth, compiler optimization, parallel libraries, and the number of
available processing units. Consequently, nominal speedup values cannot always be

directly compared across studies.

Table 8. Hardware and software reporting summary.

Hardware/software reporting item No. of studies Percentage
CPU model reported 9 36%
GPU model reported 1 44%
Cluster configuration reported 5 20%
Memory reported 6 24%
Software/compiler/library version reported 8 32%
Implementation code available 4 16%

Taken together, Tables 5-8 indicate that the current literature places greater emphasis

on demonstrating optimization performance and execution-time improvements than on
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et

providing standardized evidence of computational scalability. GPU-based acceleration

represents the most visible implementation strategy, but scalable DE increasingly
encompasses algorithmic decomposition, distributed processing, hybrid intelligent
systems, and resource-aware execution. At the same time, heterogeneous evaluation
metrics and incomplete hardware and software descriptions limit the comparability of
reported results. These observations motivate the application-aware evaluation
Framework synthesized in Figure 2, which organizes scalable DE research according to
the relationship among application constraints, DE mechanisms, computational

architectures, evaluation metrics, and reported outcomes.

Figure 2 presents this taxonomy as an integrated representation of the evidence
identified in the systematic mapping review. Rather than treating parallelism as an
isolated implementation feature, the taxonomy conceptualizes scalable DE as a pipeline
in which application requirements influence the choice of DE mechanism; the mechanism
is mapped to a computational architecture; the resulting implementation is evaluated
using computational, optimization, and domain-specific metrics; and the reported
outcomes are interpreted within the quality and reproducibility of the experimental
evidence. This structure provides a more systematic basis for comparing explicit parallel-
DE implementations with broader application-driven DE studies in which scalability is
achieved through decomposition, hybridization, distributed computing, or model

reformulation.

Application DE Computing Evaluation Reported
constraint mechanism architecture metric outcome
. High dimension 1. GPU kernels - CUDA/GPU; . Runtime; 1. Feasibility
Ry MPI speedup
. Expensive 1 2. Island migration | Spark/Had o 2. Lower cost
: : . Spark/Hadoo . Quality;
simulation 3. Decomposition CT o/Ed P convetr);ence 3. Better/maintained
. Clou ge ;
Al ataig ine 4. Resource-aware . Energy s
. Real-time need dispatch »Heterogeneous i ] . Limited
nodes . Domain metric comparability

Figure 2. Taxonomy of application-aware scalable DE evaluation

3.3. Engineering and Simulation-Based Optimization
Engineering and simulation-based applications provide the clearest evidence for parallel
DE when objective-function evaluation dominates runtime. In power electronic circuit

design, resource-aware distributed DE dispatches candidates across heterogeneous
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resources to train neural-network controllers [17]. Hyperthermia treatment planning

combines DE with CUDA-supported three-dimensional bioheat simulation to make
repeated treatment-planning evaluations more feasible [18]. Manufacturing parameter
identification similarly benefits when GPU-accelerated simulation makes repeated

Johnson-Cook parameter evaluation tractable [30]

Structural and scientific-computing cases further show the role of GPU and island-based
strategies. Truss sizing uses CUDA-based cooperative multi-search and island migration
to reduce runtime while maintaining acceptable design quality [31], while massively
parallel speciation-based DE supports protein structure prediction with reported
diversity and speedup advantages [34]. Contextual engineering studies such as machining
parameter search and FPRM circuit power optimization demonstrate application value
but are treated more cautiously because explicit parallel DE is not their central

contribution [32], [33].

3.4. Energy Systems, Power Networks, and Smart Infrastructure

Energy-system studies illustrate why algorithm-level acceleration must be interpreted
alongside application-level value. GPU-accelerated DE for hybrid wind-wave layout
optimization reports computational speedup together with higher energy output and
lower wave loads [19]. Small-population parallel DE For multi-period microgrid dispatch
targets time-sensitive scheduling under renewable variability [20]. These studies suggest
that speedup matters most when it improves operational Feasibility, reliability, or
sustainability. Other energy-related studies are more contextual. Knowledge-assisted DE
improves non-contact voltage measurement by embedding smart-grid domain
knowledge [35], while dimensionless modelling For reverse osmosis reduces the
complexity of thermodynamic and economic search [36]. These cases show that
scalability may arise not only from hardware acceleration but also from problem

reformulation and domain-aware modelling.

3.5. Computing, Big Data, and Distributed Intelligent Systems
Computing and distributed intelligent-system studies treat scalability as an architectural
problem. GPU-based cooperative coevolution decomposes large-scale optimization

problems and evaluates subcomponents in parallel [11]. Spark-based cooperative
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coevolution extends this logic to distributed clusters [13], whereas RST-DE embeds DE

into Hadoop and Spark pipelines for feature selection over large datasets [21].

Edge, cloud, fog, and mobile crowdsensing studies show that DE can operate as a
component within broader intelligent systems. DE-supported LSTM tuning contributes to
auto-scaling and offloading decisions in edge/cloud environments [22], while hybrid
Aquila-Differential optimization improves task allocation indicators in mobile
crowdsensing [23]. In such hybrid cases, performance improvements should not be
attributed to DE alone because fuzzy Q-learning, rough sets, predictive models, or other

optimizers may also contribute.

3.6. Strategy Selection and Reporting Recommendations

Neural-network and intelligent-control studies reveal a growing role for DE in model
design, controller optimization, pruning, and architecture search. GAN architecture search
uses DE with dynamic similarity-aware weight sharing to reduce GPU-hour burden while
maintaining competitive generative performance [24]. Individual-level strategy diversity
makes the search more communication-free and GPU-oriented [25], while MetaDE uses

DE to evolve DE configurations [28].

Model-compression and intelligent-control studies also show the limits of attribution. DE
can search pruning parameters for lightweight lithology identification [39], train neural-
network controllers in power electronics [17], or support model-assisted machining
optimization [32]. However, when DE is embedded in larger learning systems, the observed
outcomes result from interaction among DE, the learning architecture, datasets, and

implementation choices.

3.7. Discussion

The synthesis supports the central interpretation that application-driven parallel DE
should be selected according to problem structure, computational bottleneck, and
hardware environment. GPU acceleration is most appropriate when repeated numerical
evaluation dominates runtime and computation can be vectorized. MPI migration and
island models are suitable when subpopulations can evolve semi-independently.
Spark/Hadoop distribution is suitable For data-intensive Feature selection or large-scale

distributed processing. Cooperative coevolution is appropriate for high-dimensional
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decomposition, while resource-aware dispatch is useful when heterogeneous resources

differ in computational capacity.

Algorithm-level speedup and application-level value should be distinguished. A study may
report a large speedup on a specific GPU, but the practical value depends on whether
the Faster execution improves treatment planning, energy dispatch, architecture search,
feature selection, or real-time feasibility. Conversely, an application may report strong
domain outcomes without proving that DE itself was the sole cause of improvement. This
is particularly important For hybrid frameworks that include neural networks, fuzzy Q-

learning, rough sets, predictive models, or other metaheuristics.

Reported speedups cannot be compared directly across studies unless hardware,
software, benchmarks, implementation details, and measurement protocols are
comparable. A speedup obtained on a CUDA implementation may not translate to another
GPU, CPU, cluster, or cloud environment. Communication overhead also matters:
distributed DE can reduce computation time but may introduce migration,
synchronization, serialization, and data-transfer costs. Only a minority of studies report
communication overhead, code availability, random seeds, or energy consumption, which

limits cross-study quantitative comparison.

Sustainability is an underdeveloped dimension in the corpus. Faster execution does not
automatically imply lower energy consumption because total energy use depends on
device power draw, execution duration, data movement, and cluster utilization, especially
when GPUs or distributed clusters are used intensively. Future scalable optimization
studies should therefore report runtime and solution quality together with hardware
power, energy consumption, GPU hours, and carbon-aware deployment considerations
where Feasible.

Table 9. Suitability matrix For selecting scalable DE strategies

Most suitable

Problem
scalable DE Rationale Reporting caution
characteristic
strategy
High arithmetic Transfer and
Expensive numerical GPU/CUDA

intensity and repeated synchronization costs
simulation acceleration ) )
Fitness evaluation must be reported.
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Most suitable

Problem
scalable DE Rationale Reporting caution
characteristic
strategy
Cooperative Reduces search
High-dimensional Decomposition quality
coevolution or dimension and enables
continuous strongly affects
differential subproblem
optimization solution quality.
grouping parallelism
Suitable when data Classifier/dataset
Distributed data or Spark/Hadoop
locality and parallel choices complicate
Feature selection distribution
preprocessing matter attribution.
Matches
individuals/tasks to Needs monitoring and
Heterogeneous Resource-aware
available fair baseline
devices/resources dispatch
computational comparison.
resources

Reduces scheduling
Real-time deployment

Time-sensitive Small-population latency while
evidence remains
dispatch or MPI-based DE preserving search
limited.
diversity
Performance
DE with weight Controls GPU-hour
Neural architecture attribution can be
sharing/GPU cost and supports
or model tuning mixed with learning
training exploration
components.

As summarized in Table 9, the selection of a scalable Differential Evolution (DE) strategy
should be aligned with the computational characteristics of the target problem rather
than based solely on the availability of parallel hardware. GPU/CUDA acceleration is
particularly suitable for expensive numerical simulations with repeated Fitness
evaluations, whereas cooperative coevolution or differential grouping is more
appropriate for high-dimensional continuous optimization because it enables problem
decomposition and subproblem-level parallelism. Spark- or Hadoop-based distribution is
better suited to distributed data and feature-selection problems, while resource-aware
dispatch is advantageous in heterogeneous computing environments where tasks must
be matched to available CPU, GPU, memory, or processing resources. For time-sensitive
applications, small-population or MPI-based DE can reduce scheduling latency while

maintaining search diversity, whereas neural architecture search and model tuning may
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benefit from DE combined with GPU training and weight-sharing mechanisms. However,

Table 9 also highlights that each strategy introduces specific reporting concerns,
including synchronization and data-transfer costs, decomposition quality, attribution of
improvements across hybrid components, workload imbalance, baseline fairness, and
limited real-time deployment evidence. Therefore, future scalable DE studies should
report not only runtime and solution quality but also hardware configuration,
communication overhead, energy consumption, GPU hours, repeated-run protocols, and
other resource-efficiency indicators to support reproducible and meaningful cross-study

comparisons.

Based on the reporting-quality assessment, future scalable DE studies should report
hardware specifications, software versions, parameter settings, random seeds, repeated-
run protocols, baseline Fairness, communication overhead, data-transfer costs, energy
consumption, and code availability. These items are essential for reproducibility because
optimization quality and runtime are jointly shaped by the algorithm and the

computational environment.

This review has several threats to validity. First, the corpus is Scopus-centered and may
miss relevant studies indexed only in IEEE Xplore, Web of Science, ACM Digital Library,
ScienceDirect, or institutional repositories. Second, the search string may influence
retrieval sensitivity because scalable DE appears under different terms such as island
model, many-threaded optimization, cooperative coevolution, heterogeneous computing,
or resource-aware dispatch. Third, thematic coding involves interpretive judgment,
especially when a study belongs to multiple categories. Fourth, the corpus is
heterogeneous across benchmarks, hardware, domains, and performance metrics, limiting
quantitative comparison. Fifth, publication bias may Favor studies reporting positive
speedup or solution-quality improvements. These threats were mitigated by using explicit
inclusion criteria, cross-tagging rules, reporting-quality assessment, and cautious

interpretation of hybrid-study outcomes.

4. CONCLUSION

This systematic mapping review shows that application-driven parallel Differential

Evolution is best understood as an application-aware scalable optimization framework
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rather than a universally faster algorithm. The reviewed corpus indicates that scalable

DE strategies should be selected according to problem structure, computational
bottleneck, dimensionality, evaluation cost, and hardware environment: GPU acceleration
is suitable For repeated numerical evaluation, cooperative coevolution supports high-
dimensional decomposition, distributed fFrameworks support data-intensive and cluster-
based optimization, and resource-aware dispatch is useful in heterogeneous
environments. The review contributes a taxonomy that connects application constraints,
DE mechanisms, computational architectures, evaluation metrics, and reported outcomes,
but it does not provide a universal ranking of parallelization strategies. Cross-study
quantitative comparison remains limited because the corpus is heterogeneous and
reporting of hardware, baselines, communication overhead, code, random seeds, and
energy consumption is uneven. Future research should therefore prioritize standardized
reporting, reproducible implementations, benchmark protocols, and sustainability-aware

evaluation for scalable DE.
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APPENDIX A. Protocol Summary and Extraction Codes

Database used: Scopus only. Search date: 24 May 2026. Field syntax: TITLE-ABS-KEY. Main

search terms combined "differential evolution" with parallel programming, GPU, CUDA,

OpenMP, MPI, multicore, distributed computing, island model, cooperative coevolution,
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many-threaded, heterogeneous computing, Spark, Hadoop, cloud, edge, acceleration,
optimization, global optimization, computational performance, and scalability.
Supplementary Scopus query variants included: (1) "differential evolution" AND
engineering AND (parallel OR GPU OR CUDA OR scalability); (2) "differential evolution”
AND (smart grid OR microgrid OR energy) AND (dispatch OR optimization OR scalability);
(3) "differential evolution" AND (big data OR feature selection OR Spark OR Hadoop OR
distributed computing); and (4) "differential evolution" AND (neural networks OR GAN OR
intelligent control OR resource allocation) AND (GPU OR parallel OR scalable). Screening
codes: period, document type/language, topical relevance, DE centrality, scalability
mechanism, performance metric, and application alignment. Extraction codes: year,
domain, task, DE mechanism, platform, benchmark/dataset, runtime metric, solution-

quality metric, limitation, evidence category, and reporting-quality items.
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