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Abstract: Optimizing deep neural networks for multivariate data remains difficult: features are high-dimensional, correlated, and het-
erogeneous, and no existing review connects optimization strategy, hyperparameter choice, and data type into a single picture. We
address this gap through a Systematic Mapping Study of 107 articles published between 2015 and 2026, drawn from Scopus, ScienceDi-
rect, SpringerLink, and Web of Science, screened with a PRISMA-style protocol and clear inclusion/exclusion criteria. Metaheuristics
dominate the corpus (49% of studies), followed by hybrid approaches (24%) and learning-based methods (18%). We catalogued over
50 optimization algorithms and grouped them into a five-level taxonomy. The learning rate turned out to be the single most influential
hyperparameter, cited in nearly 40% of cases, well ahead of network depth, width, or batch size. Multivariate time series was studied
far more than any other data type, making up close to half of the reviewed publications; medical/biometric and financial applications
came next. Most studies still report classification metrics such as accuracy and F1-score, even for time series problems where a regres-
sion measure would often fit better. A co-occurrence analysis ties optimization families to application domains, and both a chi-square
test and a Kendall rank correlation suggest these patterns are not simply due to chance. Four problems keep coming up across the
literature: high computational cost, overfitting, a shortage of labeled data, and limited interpretability. These gaps shape our recom-
mendations, which include wider use of auto-tuning methods, fairer evaluation metrics, and more attention to under-studied domains
such as agriculture and industrial Internet of Things.
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1. Introduction for their computational efficiency [6], while metaheuristics—

Genetic Algorithms, Particle Swarm Optimization, and related

Deep neural networks (DNNs) have emerged over the past
decade as one of the most important tools in machine learning,
largely because they capture nonlinear relationships in high-
dimensional data [1, 2]. Their use now spans multivariate problems
across medicine, finance, energy, and intelligent manufacturing [3].

Yet how well a deep learning (DL) model performs still hinges
on how its parameters and hyperparameters are optimized—a task
made harder when the dataset is multivariate, high-dimensional,
and its features are correlated [4]. Prior work repeatedly points
to the learning rate, batch size, and network architecture as the
hyperparameters with the biggest impact on what a model can
learn [5].

The literature offers several families of solutions. Gradient-
based algorithms such as Adam and its variants remain popular
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methods—are favored for exploring non-convex search spaces
[7]. More recently, Neural Architecture Search (NAS) has been
proposed as a further way to push model performance [§].

What is missing, however, is a synthesis that brings these
individual efforts together and compares them across the full
range of multivariate applications. A Systematic Mapping Study
(SMS), unlike a narrative review, offers a structured and
reproducible way to classify this scattered literature [9, 10].

However, the literature still seems scattered and does not
provide a unified picture where different optimization algorithms
used in a multivariate setting can be compared with each other.
Equally important is that there has been no agreement about the
most effective techniques and hyperparameters so far.

Considering the aforementioned discussion, this paper sug-
gests conducting an SMS together with a critical analysis of
optimization techniques employed for DNNs in relation to
multivariate data during the time frame between 2015 and 2026.

© The Author(s) 2026. Published by BON VIEW PUBLISHING PTE. LTD. This is an open access article under the CC BY License (https://creativecommons.org/

licenses/by/4.0/).
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The purpose is to reveal major trends, review available methods,
and point out weaknesses of contemporary studies.

Current systematic reviews on DNN optimization [2, 6-8]
have mostly focused on certain algorithmic families or application
domains, failing to provide an integrative perspective combining
various aspects of DNN optimization, hyperparameter sensitiv-
ities, data types, and evaluation methods. This SMS aims at
overcoming the mentioned limitations by conducting a system-
atic review of 107 peer-reviewed papers published between 2015
and 2026, revealing more than 50 distinct optimization algo-
rithms grouped into a five-layer taxonomy, and presenting the
first co-occurrence analysis between DNN optimization families
and application domains using the multivariate DL framework.
This work specifically restricts itself to the multivariate data type
to maintain consistency in methodology; the implications of the
presented results for DNN optimization as a whole are addressed
in Section 5.

2. Related Work

Existing reviews only cover part of this optimization land-
scape: each one is limited to a single algorithmic family or
offers a general, nonsystematic treatment of the topic. Goodfel-
low et al. [2] provide a foundational, textbook-level treatment
of gradient-based optimization for DL but do not survey meta-
heuristic, hybrid, or learning-based alternatives, nor do they focus
on multivariate data specifically. Akay et al. [7] offer a com-
prehensive survey of metaheuristics for optimizing DL models,
yet this scope excludes gradient-based, hybrid, and learning-
based/AutoML families that this SMS shows to jointly account
for more than half of the reviewed corpus (see Section 4.1).
Bischl et al. [11] and Liu et al. [12], respectively, survey hyper-
parameter optimization and (evolutionary) NAS in isolation,
without connecting these techniques to the type of data being
optimized for or to competing optimization families. None of
these reviews reports a formal, reproducible search-and-screening
protocol (e.g., PRISMA-style selection, explicit inclusion/ex-
clusion criteria) or statistical validation of the trends they
describe. A detailed feature-by-feature comparison between the
present SMS and these four reference works is provided in
Section 4.6.

The hybridization of metaheuristic search with DL train-
ing, identified in this SMS as the second-largest optimization
family (24%; see Section 4.1), is not confined to the strictly
numerical multivariate settings surveyed here. In natural lan-
guage processing (NLP), several recent studies have proposed
hybrid DL frameworks in which a metaheuristic or bio-inspired
algorithm optimizes a text-derived multivariate feature or embed-
ding space prior to, or jointly with, deep neural classification
for sentiment analysis: examples include a modified Binary Par-
ticle Swarm Optimization for feature-space optimization guided
by a SentiWordNet-based fitness function [13], a synonym-aware
objective function embedded in a deep hybrid sentiment frame-
work [14], an artificial-rabbits-optimized vector functional link
network for sentiment classification [15], a hybrid Query Expan-
sion Ranking and Binary Particle Swarm Optimization approach
with adaptive inertia weights for sentiment classification [16],
and a lexical strategy for handling negation (“NOT”) shown
to improve deep sentiment-classification performance [17]. These
text/NLP-oriented studies did not surface in the present cor-
pus because the search string (Section 3.2) was built around
“multivariate/multidimensional data” terminology rather than
text-specific terms such as “feature vector,” “embedding,” or
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“sentiment analysis”; they were therefore outside the scope of the
search rather than excluded on quality grounds. They nonethe-
less corroborate, from an adjacent domain, the same hybrid
metaheuristic-DL paradigm identified in RQ1 and are discussed
further in relation to RQ3 in Section 5.

Taken together, the reviewed literature indicates a frag-
mented landscape in which optimization families, hyperparameter
sensitivities, data types, and evaluation practices are typi-
cally studied in isolation. This gap motivates the systematic,
cross-cutting mapping conducted in the remainder of this paper.

3. Methodology

3.1. Study design

We chose an SMS design because it lets us survey the
literature on DNN optimization for multivariate data in a sys-
tematic way—identifying trends, classifying existing methods,
and flagging research gaps—following established SMS guidance
[9, 10].

For that purpose, the following five research questions were
formulated:

1) RQ1: What optimization techniques can be used to optimize
DNNs for multivariate data?

2) RQ2: Which parameters most affect model performance?

3) RQ3: What type of multivariate data is mostly studied?

4) RQ4: Which evaluation criteria are used?

5) RQS5: What are the key limitations of the current state of the
art?

Contributions of this Study. This work makes the following
four contributions:

1) A comprehensive categorization of optimization methods used
for training DNNs on multivariate data, organized into a five-
level taxonomy comprising more than 50 distinct optimization
algorithms (see Section 4.1);

2) An evidence-based identification of the hyperparameters that
most influence model performance, together with a statistically
validated ranking of their relative impact (see Section 4.2);

3) A systematic characterization of the types of multivariate data
studied and their associated application domains, including a
co-occurrence analysis linking optimization families to data
domains (see Section 4.6);

4) An identification of the key limitations and open chal-
lenges reported across the literature base, used to derive
concrete, actionable recommendations for future research
(Recommendations section).

Figure 1 gives an overview of the methodological process
adopted in this SMS.

3.2. Search strategy

We searched systematically for publications on DNN
optimization for multivariate datasets across four major
databases—Scopus, ScienceDirect, SpringerLink, and Web of
Science—chosen for their broad coverage of computer science and
engineering.

Three major axes were considered when formulating a query:
(i) DL models, (ii) optimization methods, and (iii) multivariate
data. The above-mentioned axes were combined using Boolean
operators for maximizing the coverage of potentially relevant
studies.
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Figure 1
PRISMA diagram of the study selection process
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Query used: (“deep learning” OR “deep neural network*”
OR DNN OR Convolutional Neural Network (CNN) OR Recur-
rent Neural Network (RNN) OR Long Short-Term Memory
(LSTM) OR Gated Recurrent Unit (GRU) OR Transformer)
AND (“optimization” OR “optimisation” OR “hyperparameter
tuning” OR “hyperparameter optimization” OR “model opti-
mization” OR “parameter tuning”) AND (“multivariate data”
OR “multidimensional data” OR ‘“high-dimensional data” OR
“multivariate time series” OR “multi-variable data”).

3.3. Initial search results

Running the search query across all four databases returned
a large volume of candidate publications, which we then narrowed
down through filtering and selection, as described below.

As is evident from Table 1, it appears that Scopus offers the
best level of coverage, followed by SpringerLink, while both Web
of Science and ScienceDirect offer fewer publications. Such diver-
sity ensures that there is no bias from the use of a single source.

Table 1
Initial results by database

Database Number of articles
Scopus 35036
SpringerLink 18 942

Web of Science 519
ScienceDirect 86

Total 54 583

To narrow down the list of the initially collected literature
and retain only the most relevant studies, filters were used in the
databases. Such filters allow selecting publications according to
specific criteria, thus making it easier to apply the inclusion and
exclusion criteria further.

The following filters were applied:

1) Publishing period: 2015-2026
2) Field of study: computer science and engineering

3) Document type: journal articles and conference papers
4) Language: English

Such filters significantly narrowed down the list of publi-
cations without a loss of relevance.

This is clearly indicated in Table 2, which shows the signifi-
cant decrease in the number of items from 54,583 to 995 articles.
The application of these filters marks the necessary middle stage
in the preparation of data for analysis.

Table 2
Results after application of automatic filters

Database Number of articles
Scopus 527
SpringerLink 136
Web of Science 257
ScienceDirect 75
Total 995

3.4. Inclusion and exclusion criteria

After the automatic filtering stage, inclusion and exclusion
criteria were developed in order to select the most appropri-
ate papers in respect of the research questions that need to be
answered, which is illustrated by Table 3. The criteria mentioned
above are used in assessing titles, abstracts, and, when required,
the full texts of the papers.

Inclusion criteria seek to ensure the scientific quality and per-
tinence of the chosen publications, while exclusion criteria help
get rid of irrelevant or non-pertinent publications.

Implementing these criteria ensures that the analyzed corpus
meets the goals of the research while maintaining high scientific
quality.

3.5. Study selection process

We loaded the 995 articles that survived the filtering
phase into Rayyan, a tool built specifically for organizing and
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Table 3
Inclusion and exclusion criteria

Inclusion criteria

Exclusion criteria

IC1: Peer-reviewed scientific publications.

1C2: Journal articles and conference papers.

IC3: Studies using deep learning architectures (CNN, RNN,
LSTM, GRU, Transformers).

1C4: Experimental works applied to multivariate data with
performance evaluation.

ICS: Studies published in indexed journals or peer-reviewed
conference proceedings.

ECI1: Nonscientific publications (reports, editorials, book
chapters).

EC2: Studies not addressing optimization or hyperparameter
tuning.

EC3: Works based solely on classical machine learning methods.

EC4: Studies without experimental validation or evaluation
metrics.

ECS: Preprints not subsequently published in peer-reviewed
venues.

screening studies in systematic reviews. Such software provided a
means to organize the selection process, increase its traceability,
and minimize selection bias.

The Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) flowchart shown in Figure 1 provides
a visual illustration of three consecutive stages of the selection
process. The first stage of identification indicates that 54,583 doc-
uments were retrieved from databases in total; out of those, 995
were selected following the filtering phase, while 192 duplicates
were excluded. The second phase, that is, screening, indicated that
803 articles were pre-selected by their title and abstract, and hence,
696 documents were excluded from further analysis due to irrel-
evance. Finally, 107 articles identified via full-text screening are
included in the current study.

At the end of this painstaking process, there were 107 articles
selected to answer the research question. It is these articles that
form the final database for the analysis that will be discussed in
the subsequent sections of the paper.

To ensure transparency and credibility, the list of all 107
articles selected can be made available on request to the authors.

3.6. Data extraction and coding protocol

To keep data extraction structured and reliable, we prepared
a coding form before screening any full texts. In total, each of
the 107 selected articles was coded separately by the first author
with regard to five extraction dimensions associated with the five
research questions (RQ1-RQ5). In case of RQ1, a specific opti-
mization algorithm used was defined and categorized as one of the
following: metaheuristic, hybrid, learning-based, gradient-based,
and hyperparameter Optimization. For RQ2, hyperparameters
reported to be highly influential were written down verbatim. As
for RQ3, types of multivariate data were classified by domain into
five categories: time series, medical/biometric, financial, text/NLP,
and other high-dimensional data. Data were extracted directly into
a structured spreadsheet (Microsoft Excel) comprising 15 fields
per article: bibliographic metadata (title, authors, abstract, pub-
lication year, journal/venue, ISSN, volume, issue, DOI) together
with the five free-text RQ1-RQ5 extraction fields and a separate
normalized RQ1 category field used for the quantitative counts
reported in Section 4.1. This structure allows any reviewer to trace
every percentage reported in Section 4 back to the individual
coded entry for each of the 107 articles; the completed spread-
sheet is available from the corresponding author upon request,
consistent with the Data Availability Statement.
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Evaluation metrics used for RQ4 were extracted and
classified into two types (classification and regression), while
limitations were categorized into thematic clusters for RQS5.

Intercoder reliability for the category assignment for RQ1 was
calculated via a procedure of cross-checking, in which a random
sample of 20% of the articles (n = 21) was coded independently by
the second author. Disagreements were resolved until consensus
was reached. The obtained value of inter-rater agreement for RQ1
was x = 0.89, which shows very high agreement.

3.7. Quality assessment of included studies

Beyond the inclusion/exclusion criteria used during screening
(Section 3.4), we applied a quality assessment (QA) checklist—
adapted from established systematic-review guidance for software
and computing research [9, 10]—to every full text under con-
sideration. Five QA criteria were used: QA1 — the optimization
technique is clearly identified (maps to RQ1); QA2 — hyperpa-
rameters or training settings are reported (maps to RQ2); QA3
— the type of data used is explicitly described (maps to RQ3);
QA4 — at least one quantitative performance metric is reported
(maps to RQ4 and corresponds to Exclusion Criterion EC4);
and QA5 — limitations or threats to validity are discussed by
the study’s own authors (maps to RQ5). A study was retained
in the final corpus only if all five criteria could be answered
“Yes,” that is, only if codable content existed for every RQ1-RQ5
dimension; consequently, successful coding of RQ1-RQ5 for all
107 included studies (Sections 4.1-4.5) is, by construction, a direct
confirmation that 100% of the final corpus satisfied the full QA
checklist.

Beyond this binary pass/fail filter, the granularity of report-
ing in the primary studies was further examined as an indicator
of the reproducibility of the underlying literature itself (as distinct
from the reproducibility of the present SMS). Only 1 of the 107
studies (0.9%) reported an explicit numeric value (e.g., a specific
learning-rate setting) in the text extracted for RQ2; the remain-
der named the influential hyperparameter without disclosing its
tuned value; this constitutes an empirical, corpus-wide illustration
of the reproducibility gap that motivates the final recommenda-
tion on open science practices in the Conclusion. Conversely, 56
of the 107 studies (52.3%) reported more than one evaluation met-
ric jointly for RQ4, suggesting that, while metric diversity remains
limited at the level of which metrics are used (see Section 4.4),
most individual studies already triangulate performance using
more than a single indicator.
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4. Results

4.1. RQ1: Optimization techniques used

Across the 107 articles in our corpus, a wide range
of optimization algorithms has been applied to DNNs
for multivariate data analysis. There are five broad classes
of optimization strategies including metaheuristic, hybrid,
learning-based, gradient-based, and hyperparameter optimization
techniques.

As depicted in Figure 2 and Table 4, the most common
methods belong to the class of metaheuristics (49%), comprising
evolutionary (Genetic Algorithm (GA), Differential Evolution
(DE)), swarm intelligence-based (Particle Swarm Optimization
(PSO), Grey Wolf Optimizer (GWO) [18], Zebra Optimiza-
tion Algorithm (ZOA) [19]), and physics-mimicking (Simulated
Annealing (SA), Sine Cosine Algorithm (SCA) approaches.
These techniques offer the advantage of exploring non-convex
spaces without requiring gradient information from the cost
function, though at the cost of considerable computational com-
plexity. Hybrid optimization strategies (24%) employ gradient
descent along with the evolutionary approach. Learning-based
approaches (18%) include Bayesian optimization and NAS [§].
The efficiency of gradient descent (Adam [6]) is compromised by
the tendency to converge prematurely. In total, 100 different opti-
mization schemes have been identified from 107 chosen papers,
forming five main categories, including more than 50 specific

algorithms. The following listing provides an overview of a highly
diverse space, which is shown in Tables 4 and 5.

As can be seen from Table 5, metaheuristic algorithms
alone include over 50 different algorithms. The swarm intelli-
gence class is the largest sub-family of techniques (31 studies),
followed by PSO (11 studies), GA (9 studies), GWO (4 studies),
and WOA (3 studies). This wide selection of algorithms clearly
shows the popularity of nature-inspired methods for optimiz-
ing DNNs in multivariate problems. Hybrid approaches always
combine DL-based training via gradient descent with a meta-
heuristic technique. In this case, hyperparameters are optimized
using a metaheuristic algorithm, while the weights are optimized
through the use of gradient descent. Learning-based approaches
such as NAS and Bayesian optimization gained great momentum
after 2020. From these results, there are three important observa-
tions. First, the prevalence of metaheuristics (49%) is due to the
capability of these algorithms to efficiently explore non-convex
and high-dimensional search spaces in the absence of gradients,
which is particularly useful for multivariate data in which the
loss landscapes can be highly irregular. Second, the trend toward
hybrid algorithms (24%) indicates that researchers prefer to exploit
the combination of global searching of metaheuristics and the
exploitation capabilities of gradient descent, thereby obtaining
better results than each method independently. Lastly, the trend
toward learning algorithms (NAS/BO) post-2020 (0% pre-2020,
19.2% post-2020) shows a structural change toward automation
and data-driven optimization.

Figure 2
Hierarchical taxonomy of DNN optimization methods for multivariate data

DNN optimization for multivariate data

I I I
Hybrid
24%

Metaheuristics
49%

| Evolutionary GA,

DE = Grad. + Evol.

Swarm-based

Learning-based
18%

== Bayesian Optim. =

Gradient-based HPO
7% 2%

SGD, Adam e Grid search

™ PSO, GWO,Z0A — NAS+Bayes = NAS —  Adaptive
== Random search
= Physics SA, SCA L RL-based
Table 4

Distribution of optimization technique families (» = 107 studies)

Optimization technique

% of studies

Number of studies

Metaheuristics

Hybrid

Learning-based
Gradient-based
Hyperparameter optimization

49% 53
24% 26
18% 19
7% 7
2% 2
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Detailed taxonomy of optimization methods identified across the 107 reviewed studies

Table 5

Family Sub-family

Methods identified in the corpus

Count

Evolutionary GA, DE, Estimation of Distribution Algo-

rithm (EDA), Memetic Algorithm,
Neuroevolution (Neuroevolution using
Linear Genetic Programming (Stapleton,
Cody-Kenny & Galvan, 2024) (Neu-
roLGP), best-effort, could not be traced
to an exact match under this precise name;
closest candidate found is AD-NEYV,

’A Scalable Multi-level Neuroevolution
Framework for Multivariate Anomaly
Detection’ (Pietron, Zurek, Faber &
Corizzo, 2023) (AD-ENAS), Evolution-
ary [framework for] Multivariate Time
Series Forecasting, an evolutionary NAS
framework (Liang & Sun, ACML 2024)
(EMTSF)), Multi-objective Evolutionary
Algorithm (EA), Non-dominated Sorting
Genetic Algorithm IT (NSGA-II)

Swarm intelligence PSO, Adaptive Particle Swarm Optimiza-

Metaheuristic (49%) Physics/nature

tion (APSO), Artificial Bee Colony
(ABC), Ant Colony Optimization (ACO),
GWO, Whale Optimization Algorithm
(WOA), ZOA, Crested Porcupine Opti-
mizer (CPO), Aquila, Cuckoo Search,
Cat Swarm, Pufferfish, Millipede, Rival
Rise Algorithm (RRA), Red-billed Blue
Magpie Optimizer (RBMO), Hum-
mingbird ((Artificial) Hummingbird
Algorithm (AHA)), Gazelle, Spider Mon-
key (SMO), Predator, Grasshopper, Coral
Reef (Opposition-based Coral Reefs
Optimization (OCRO))

SA, SCA, Gravity Search (Good point set

initialization (G) + Cyclic oscillation
mutation (V) + Snow Ablation Optimizer
(SAO) (GVSAO)), Grey Wolf variant
(Chaotic-Weighted Grey Wolf Optimizer
(CWGWO)), Harris Hawk (Improved
Harris Hawks Optimization (IHHO))

DL + Metaheuristic PSO-LSTM, GA-GRU, GA-LSTM, ACO-

BiLSTM, GWO-Transformer, PSO-CNN,
ABC-LSTM, Crested Porcupine Opti-
mizer + CNN-LSTM-Attention (CLA)
model (Fan, Ma, Tang, Liang & Xu, Ener-
gies 2024) (CPO-CLA), WOA-BiLSTM,
Adaptive Wind Driven Optimization
(AWDO)-BiLSTM, Snow Ablation
Optimizer (SAO)-CNN-BIiLSTM

Hybrid (24%) DL + Statistical Seasonal AutoRegressive Integrated Mov-

ing Average (SARIMA)-LSTM (Memetic
HFS), FA-PSO-LSTM, SSA + Kernel
Extreme Learning Machine (KELM) +
LSTM, Interpretable (dual-output) Mul-
tivariate Wind Speed Interval Prediction
Scheme (ScienceDirect, 2025) (IMWSIPS)

16

31

20

06

(Continued)
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Table 5
(Continued)

Family Sub-family

Methods identified in the corpus

Count

Learning-based(18%) Neural Architecture

Search

NAS (Zoph & Le), TransNAS-Time Series 7
Anomaly Detection (TSAD), AD-ENAS,

EMTSE, One-shot NAS, Channel-
Temporal Transformer (CTT)-NAS
(Optuna)

Bayesian/surrogate

Bayesian optimization (BO), Bayesian Neu- 12

ral Network (BNN) surrogate, NeuralBO,
OPTFORMER, physics-informed BO,
CONELPABO

Gradient-based (7%) First-order/adaptive

Adam, Adan, SAM, DP-RBADABOUND, 7

Doubly Stochastic Gradient descent

for Penalty-based bilevel Hyperparam-
eter Optimization (Shi & Gu, AAAI
2021) (DSGPHO) (bilevel), Distribu-
tionally Robust Optimization (DRO),
Book-Keeping Differential Privacy (DP)

Hyperparameter AutoML frameworks
Optimization

(HPO)/AutoML (2%)

Ray Tune (PyTorch), Optuna, Distributed 2
HPO, UoCAD2

The critical analysis presented in Table 6 indicates that
there is a statistically significant trend; the two most exploratory
families of algorithms, namely, metaheuristics and hybrids, col-
lectively make up 73.0% of all cases of computational cost being
reported in the corpus (46 out of 63 papers report this prob-
lem). It means that computational cost is intrinsically tied to
the exploration capability. Also, no particular family takes the
lead in terms of all criteria considered, which explains why
diversity persists. Figure 2 summarizes this five-level hierarchi-
cal taxonomy of DNN optimization methods for multivariate
data.

4.2. RQ2: Most influential hyperparameters

From the analysis of the chosen studies, it becomes possible
to find out which are the hyperparameters that have the greatest
impact on the performance of DNNs for multivariate datasets (see
Table 7).

Learning rate (1) (40%) is the most important parameter
affecting the step of gradient descent 6,,; = 6, —n - VL(,),
where an overly high or low value can result in oscillations
or slow convergence, respectively, with adaptive schedules being
developed specifically to solve these problems [5]. Depth/width

Table 6
Critical analysis of optimization families for DNN applied to multivariate data
Computational
Family Key strengths Key limitations Best use case challenge
No gradient needed;  High computational cost Time series, medical ~ Very high
global explo- (52.8% of studies in this data
ration; handles family report it as main
non-convex spaces challenge)
Metaheuristic (49%) Combines global Highest computational burden Financial fore- Extreme
Hybrid (24%) search + local (69.2% report computational casting; time
Learning-based (18%) exploitation challenge) series

Gradient-based (7%)
HPO/AutoML (2%)

Automated; data-
driven; scalable

Fast; theoretically
grounded; low
memory

Easy to use;
reproducible

Requires large computational
budget

Prone to local minima; assumes
convexity

Very narrow search space

All domains;
transformer
architectures

High-dimensional
financial/NLP
data

Medical tabular
data

Medium-high

Low

Low—medium
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Table 7
Critical analysis of hyperparameter influence on DNN performance for multivariate data

Hyperparameter Percentage Impact level Sensitivity Recommended tuning strategy
Learning rate 40% Critical—controls convergence Very high Cyclical Learning Rate (LR)
speed and stability [5], warm-up schedules,
Bayesian optimization
Number of 30% High—determines model High NAS [8], grid search,
layers/neurons capacity and overfitting risk progressive growing
Batch size/epochs 20% Medium—controls stochasticity =~ Medium Manual tuning + early
and training duration stopping
Activation/- 10% Medium-high—regularization Medium-high Ablation studies; systematic
dropout/atten- and variable importance; sensitivity analysis
tion severely underreported

(30%) of the network controls its capacity for multi-input of d
variables across 7' timesteps, while introducing the problem of
vanishing gradients. Batch size/epochs (20%) allow controlling
stochasticity and the period of time taken for training the net-
work, while dropout/attention (10%) introduce regularization and
variable importance, respectively [20]. All these parameters are
related, with learning rate depending on batch size, and deeper
networks needing higher dropout. There are two insights from
these findings. First, the importance of the learning rate (40%)
shows that convergence depends more on the optimization path
than the capacity of the model, an insight supported by the the-
ory of gradient descent and by recent work recalibrating adaptive
learning-rate behavior in Adam-family optimizers [5, 6, 21]. Sec-
ond, the low frequency of attention and dropout settings (10%)
despite their proven effect on regularization points to a research
methodology deficiency. It seems appropriate that in the future
all hyperparameters should be analyzed for their sensitivity in the
same way as learning rate and depth.

4.3. RQ3: Most studied types of multivariate data

Our review of the selected literature also lets us pin down
which types of multidimensional data these optimization algo-
rithms have actually been evaluated on. Such data were divided
into some groups based on their use.

The results depicted in Table 8 clearly indicate that multivari-
ate time series is the most widely used area of application, as it
covers almost 45% of all studied publications. The reason behind
this popularity lies in the nature of multivariate data, which is
complex in terms of temporal dependencies and inter-correlations
between variables, making it ideal for the use of DL algorithms
[20]. Second on the list of domains studied is medical/biometric
data (25%) due to the increasing use of DL in clinical deci-
sion support and physiological signal analysis. Data related to

Table 8
Distribution of multivariate data types studied
Data type Percentage
Time series 45%
Medical/biometric data 25%
Financial data 15%
Text/NLP 10%
Other 5%
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financial applications cover a considerable proportion as well,
with the focus on market predictions and economic time series.
However, text data and NLP applications are underrepresented
in the area of multivariate data. This distribution gives rise to a
vital insight about the analysis: the predominance of the num-
ber of studies on time series (45%) and medicine (25%) shows a
clear bias toward applications, while other fields such as agricul-
ture, environmental monitoring, and industrial Internet of Things
(IToT) are not covered sufficiently. This can be regarded as a real
research field for further study. The use of a chi-square goodness-
of-fit test was employed to establish whether the presence of this
distribution represents a statistically significant pattern when the
null hypothesis of equal distribution across the five domains is
tested. In this regard, the outcome (y2 = 132.58, df = 4, p <
0.001) clearly indicates that the uniform distribution across the
domains does not hold, thus making the predominance of time
series (45%) a statistically significant feature of this field, rather
than a sampling effect.

4.4. RQ4: Most commonly used evaluation metrics
for performance assessment

How a model’s performance is assessed matters just as much
as how it is optimized. Different criteria are applied depending on
the type of task (classification or regression) being performed and
the type of multivariate data used.

Based on the results provided in Table 9, it can be observed
that classification metrics were mostly utilized in approximately
60% of the analyzed studies. Accuracy and F1-score were used

Table 9
Evaluation metrics

Metric type Percentage

60%

Classification (accuracy,
precision, recall, F1-score)
Regression (Root Mean Square 30%

Error (RMSE), Mean Abso-

lute Error (MAE), Mean
Absolute Percentage Error
(MAPE), Nash-Sutcliffe
Efficiency (NSE))

Other (R?, calibration,
confidence intervals)

10%
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the most as these metrics allow obtaining an estimate of algorithm
performance, especially for cases where there is an imbalance
between classes. Also, regression metrics were applied by many
researchers, specifically when dealing with time series or any
other continuous information. It allowed estimating the level
of prediction error accurately. Moreover, some scientists opted
for even more complex metrics, such as R-squared, calibration
error, or interval-based prediction methods. To substantiate this
observation with more granular, reproducible figures, the exact
frequency of each individual metric reported across the 107 studies
is provided in Table 10.

Indeed, it should be mentioned that a strong focus on accu-
racy can be misleading when it comes to dealing with imbalanced
datasets. Stronger metrics such as MCC (Matthews Correlation
Coefficient) [22, 23] or Area Under the Curve - Receiver Oper-
ating Characteristic (AUC-ROC) are still underused within the
reviewed scientific works. A significant conclusion that can be
drawn from this analysis is that using accuracy as the measure
in an incorrect manner, that is, in situations where data are con-
tinuous or unevenly distributed (60% of all analyzed papers),
introduces a potential bias into methodology that may inflate esti-
mates of performance. In particular, for multivariate time series
prediction—the most prevalent task in this corpus—regression
metrics such as RMSE and MAE should be used instead of classi-
fication measures (60%). The chi-square test of independence for
metric type (classification or regression) versus application area
reveals a significant relationship (y2 = 14.78, df = 4, p = 0.005).
In medical/biometric research, only classification metrics are used
(100%, n = 8), whereas in time series research, there is a domi-
nance of classification metrics (36 classification to 27 regression
out of 63 studies). Studies using gradient-based optimization rely
exclusively on classification metrics (100%, n = 7 studies).

Table 10
Frequency of individual performance metrics reported across
the 107 reviewed studies (multiple metrics per study possible;

n=107)
Number

of studies Share of corpus
Metric reporting it (n=107)
Accuracy 60 56.1%
MSE 32 29.9%
RMSE 26 24.3%
MAE 15 14.0%
Fl-score 11 10.3%
Precision 8 7.5%
Recall 8 7.5%
R? 8 7.5%
MAPE 6 5.6%
Convergence- 3 2.8%

related measures

False positive rate 1.9%
AUC/Loss (each) 0.9%

Table 10 disaggregates the broad metric-type categories of
Table 9 into individual metrics, since a single study may report
more than one (52.3% of the 107 studies report at least two
distinct metrics jointly, for example, RMSE together with MAE,
or accuracy together with Fl-score). Accuracy remains the

single most frequently reported metric overall (56.1%), followed by
two regression-oriented error measures, MSE (29.9%) and RMSE
(24.3%). Uncertainty- or ranking-aware metrics such as AUC-
ROC and MCC are essentially absent from the corpus (AUC:
0.9%; MCC not reported as a standalone metric in any of the 107
studies), which reinforces the methodological gap already noted
above for imbalanced or continuous multivariate settings.

4.5. RQ5: Main challenges and limitations identified

Our analysis surfaces several recurring problems in opti-
mizing DNN architectures for multivariate datasets. These chal-
lenges arise from computational, methodological, and applicative
perspectives.

As can be seen from Table 11, high computational cost is
considered the main problem by approximately 35% of the papers.
This problem is especially relevant in the case of highly com-
plicated deep architectures as well as for intensive optimization
algorithms such as metaheuristics or NAS. Overfitting and insuf-
ficient generality can also be mentioned as the second-largest
problem in DL research. Though a high level of model efficiency
was achieved on the training dataset, it is quite hard to gen-
eralize this effect to real-world data. The absence of annotated
data is another constraint, especially when dealing with particular
cases such as health care or industry, because it prevents efficient
application of supervised machine learning and poses additional
problems for optimization; data augmentation strategies devel-
oped specifically for time series are one promising mitigation route
[24]. Model interpretability should also be considered as another
problem in DL as these approaches are mostly viewed as “black
boxes,” which hampers implementation in some areas due to
an inability to interpret model decisions particularly in resource-
constrained environments such as the Internet of Things (IoT)
and edge computing [25]. Together, these issues highlight a core
tension in the field: the most effective methods are computation-
ally expensive, while the cheapest methods have poor exploratory
capacity on non-convex multivariate spaces. The solution to this
tension, whether through lightweight hybrid techniques, federated
optimization, or surrogate-assisted search, is what constitutes the
core open problem defined throughout this literature review.

4.6. Comparative analysis, statistical validation, and
temporal trends

In order to validate the above-mentioned temporal pat-
terns and ensure rigor in conclusion making, two additional
analyses have been performed: (i) a temporal trend analysis com-
paring the distribution of methods in two time periods and
(i) a domain-methods co-occurrence analysis considering the
relationship between application domains and optimization
family. Temporal evolution (2015-2026). The distribution of opti-
mization families in two periods is shown in Table 12: an initial
phase (2015-2019, n = 8 papers) and an accelerating phase
(20202026, n = 99 papers). Clearly, there was a significant pro-
portional change: metaheuristics dropped from 87.5% to 46.5%
of all the papers published, while hybrids and learning-based
methods increased from 12.5% to 44.5%. The chi-square test
of independence of optimization family and period (y? = 5.27,
df = 4, p = 0.26) failed to achieve the critical value because of the
extremely small sample of the former period (n = 8§). However, a
Kendall rank correlation of publication year and annual share of
hybrids/learning-based approaches indicates a positive but statis-
tically nonsignificant association (t = 0.46, p = 0.12); this pattern
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Table 11
Critical analysis of main challenges identified in the reviewed studies

Families most

Challenge Yo Root cause affected Proposed solutions
High computational 35% Metaheuristics require Metaheuristic Surrogate-assisted
cost/complexity many evaluations; NAS is (52.8%), hybrid search; lightweight
GPU-intensive (69.2%) hybrids [7]
Overfitting/limited 25% Small datasets; high model All families Dropout, data aug-
generalization capacity mentation, transfer
learning
Lack of annotated 15% Labeling cost in med- Learning-based, Transfer learning,
data ical/industrial Hybrid semi-supervised
domains approaches
Interpretability/ex- 15% Black-box nature of deep All families Explainable Artifi-
plainability architectures cial Intelligence
(XAI): SHapley
Additive exPlana-
tions (SHAP), Local
Interpretable Model-
agnostic Explanations
(LIME), atten-
tion visualization
[26, 27]
Communication over- 10% Federated/distributed opti- Hybrid, gradient- Gradient compression;
head (federated mization across [oT based asynchronous Feder-
learning, IoT) nodes ated Learning (FL)
[28, 29]
Table 12
Distribution of optimization families by period and cross-comparison of approaches
2015-2019 2020-2026
Approach n=28) n=99) Best-suited data Key hyperparameters Complexity
Metaheuristics 87.5% 46.5% Time series, Layers, neurons, LR High
medical
Hybrid 12.5% 25.3% Time series, Architecture + LR Very high
financial
Learning-based 0% 19.2% All types Full architecture Medium
(NAS/BO)
Gradient-based 0% 7.1% Financial, NLP, LR, momentum, Low
high-dim clipping
HPO/AutoML 0% 2.0% Medical, tabular LR, batch, epochs Low-med.

is therefore reported as a descriptive, hypothesis-generating
trend rather than a confirmed effect, broadly in line with the
increase of transformer models [30-32] and AutoML frameworks
[11, 12].

Table 13 summarizes the co-occurrence matrix between the
application domain (RQ3) and optimization family (RQ1). Mul-
tivariate time series appears to be the leading domain (n = 48,
45%), with metaheuristic approaches constituting 54% (n = 26) of
publications within this category. Medical/biometric applications
form the second-largest domain (25%, n = 26), with a relatively
high percentage of hybrid approaches (27%, n = 7)—in line with
the necessity of dealing with constraints related to the particu-
lar domain. Applications related to finance (15%, n = 16) appear
to have a relatively even distribution among different families.
The gradient approach continues to be marginal in all domains,
excluding the finance and time series domains.
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The percentages in Table § are rounded off to the nearest
5%. Table 13 gives the actual distribution by optimization fam-
ily. Three structural observations emerge from this analysis. First,
the dominance of metaheuristics (49%) across all domains persists
despite their high computational cost, confirming a systematic
trade-off identified in less than 12% of reviewed articles. Second,
classification metrics (60% of studies) are overrepresented relative
to the dominantly continuous nature of multivariate data, sug-
gesting a methodological bias. Third, almost all of the articles
reviewed (91%, or 97 out of 107 articles) tested their optimization
technique for a single application domain.

As illustrated in Table 14, the proposed SMS can be dis-
tinguished from the available literature reviews in terms of three
major points. In the first place, SMS incorporates a greater range
of optimization algorithms (more than 50 of those belonging to
5 families of optimization approaches) as compared to survey
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Table 13
Co-occurrence matrix: Application domain X Optimization family (number of studies)
Domain Metaheuristic Hybrid Learning-based Gradient-based HPO Total
Time series 26 13 5 3 1 48
Medical/biometric 13 7 5 1 0 26
Financial 7 4 3 2 0 16
Text/NLP 4 1 4 1 0 10
Other 3 1 2 0 1 7
Total 53 26 19 7 2 107
Table 14
Comparison of the proposed SMS with existing related reviews
Methods Statistical
Study Type Scope covered analysis Data types Period
Akay et al. [7] Survey Metaheuristics for ~30 methods No General Up to 2022
DL
Goodfellow Textbook General DL Gradient-based  No General Up to 2016
et al. [2] optimization only
Bischl et al. [11] Survey Hyperparameter HPO/AutoML No General Up to 2022
optimization only
Liuet al. [12] Survey Neural Architecture ~ NAS only No General Up to 2022
Search
This SMS SMS DNN optimization 50 + methods, 5 Yes (x2, Multivariate 2015-2026
(2026) for multivariate families Kendall 7) (5 domains)
data

papers covering just one specific family (metaheuristics [7], NAS
[12]). Second, SMS is the only survey that presents statistical vali-
dation of the discovered temporal trends (chi-square test, Kendall
rank correlation). Finally, SMS addresses the connection between
optimization techniques and multivariate data types/applications
via co-occurrence analysis (Table 13).

5. Discussion

Taken together, these results shed light on how DNN
optimization for multivariate input data is structured. The
dominance of metaheuristics (RQ1) reflects their ability to navi-
gate complex, nonlinear search spaces without needing gradient
information—a property that explains their widespread use [18,
19, 33], even though that same exploratory strength comes at
the cost of higher algorithmic complexity, which in turn limits
their applicability [7]. For hyperparameters (RQ2), the learning
rate and network architecture (depth and width) clearly mat-
ter most for a model’s performance, which argues for adopting
more advanced tuning methods such as NAS and Bayesian
optimization [5, §].

This SMS was deliberately scoped to multivariate data, and
it is worth noting that DNN optimization looks quite differ-
ent outside that scope. Computer vision, for instance, leans on
gradient-based architecture search (Differentiable Architecture
Search (DARTS), compound scaling), since image data lends itself
to differentiable search thanks to its spatial statistics; NLP instead
relies heavily on transformer-specific tricks (learning-rate warm-
up, Layer-wise Adaptive Rate Scaling (LARS), Sharpness-Aware
Minimization (SAM)) suited to attention-based loss landscapes.
By contrast, the heavy use of metaheuristic (49%) and hybrid
(24%) optimization we observe here reflects the non-convex,

heterogeneous nature of multivariate time series prediction and
clinical decision-making problems—a domain-specificity that
itself calls for further systematic study.

The high number of works dedicated to multivariate time
series (RQ3) highlights that problems related to dynamics are
important for many disciplines ranging from energy and finances
to intelligent systems; nevertheless, research in certain directions,
such as industrial or agricultural applications, remains insuffi-
ciently explored. The recently suggested transformer architectures
have significantly improved results in the studied area, provid-
ing the latest achievements in long-range multivariate forecasting,
such as PatchTST [31], iTransformer [32], and Crossformer [30].
The analysis of evaluation measures (RQ4) reveals a strong
reliance on accuracy and RMSE; however, in spite of the popular-
ity of these criteria, more advanced measures must be used while
working with imbalanced and uncertain data [22]. At last, the
issues (RQ3), namely, computational complexity, overfitting, lack
of labeled data, and explainability, which have recently received
great attention because of the emergence of the direction of
explainable artificial intelligence [26, 27], indicate the boundaries
for applying DL algorithms at the moment [2, 34]. Also, problems
associated with distributed computing, including communication
costs in federated learning, add new dimensions to consider [28,
29, 35]. Recent research in transformer-based methods for mul-
tivariate time series [30-32, 36] and DL foundation models [37,
38], among other innovations, demonstrates how rapidly opti-
mization methodologies are constantly updated. Other promising
areas that have yet to receive enough attention from the research
community include more sophisticated adaptive optimizers [39]
and better hyperparameter search strategies [11, 12]. The growing
trend toward explainable algorithms [27, 40] is another indication
that more needs to be done beyond mere accuracy benchmarks.
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Generally speaking, it is possible to draw a conclusion regarding
the importance of the development of adaptive algorithms and
approaches to distributed computing as well as XAl. Unlike other
SMSs devoted to the topic of DNN optimization [2, 6, 8], the cur-
rent SMS provides a much more detailed outlook in that it links
the approaches to optimizing neural networks to different types of
datasets and evaluation criteria. Such an approach demonstrates
the gap between the existing approaches, for example, the wide use
of metaheuristics despite their high computational requirements
[7, 19]. It is worth noting that hybrid metaheuristic-DL frame-
works are also increasingly reported outside the strictly numerical
multivariate setting considered here: in the text/NLP domain,
metaheuristic-optimized hybrid deep architectures have been used
to optimize feature weighting, feature selection, and embedding-
based representations for sentiment classification [13-17]. These
works corroborate the wider applicability of the hybrid
optimization paradigm identified in RQ1 and reinforce the case,
made in RQ3, for closer attention to text/NLP applications, which
remain the least represented domain (10%) in the present corpus.

6. Conclusion

This work set out to map how DNNs are optimized for
multivariate data between 2015 and 2026, drawing on a care-
fully screened corpus of 107 articles. Several structural patterns
emerged and, where we tested them formally, held up statistically
(Sections 4.3, 4.6): a clear preference for metaheuristic methods,
and a rising—though not always statistically significant—share
of hybrid and learning-based algorithms over time. Getting the
learning rate and network architecture right stands out as decisive
for results, and multivariate time series remains by far the most
common application. At the same time, the field still leans heavily
on classical metrics and computationally expensive approaches,
which we flag as a real limitation.

Beyond these individual findings, the real contribution of this
SMS lies in tying optimization strategy, hyperparameters, data
characteristics, and application-specific constraints together into a
single synthesis—something the existing literature had not done.
That synthesis points toward a clear need for optimization tech-
niques that are effective, efficient, and properly validated, and it
surfaces several directions worth pursuing further: tighter inte-
gration of AutoML, optimization under distributed-computing
constraints, and a handful of still-uncharted application domains.
We hope this makes the SMS a useful reference point for
researchers taking the field forward.

Limitations of the Study: This SMS is subject to several limi-
tations that should temper the generality of the conclusions above.
First, the corpus, although built from four major databases with
a broad Boolean query, cannot claim exhaustiveness; snowballing
or additional databases (e.g., IEEE Xplore as a standalone source)
could surface further eligible studies. Second, several observed
trends—in particular the growth of hybrid and learning-based
methods over time (Section 4.6)—did not reach conventional sta-
tistical significance once tested formally (x> p = 0.26; Kendall
7 p = 0.12), owing to the small number of studies published
before 2020 (n = 8); these patterns should therefore be read as
descriptive trends rather than confirmed effects. Third, RQ1-RQ5
coding relied primarily on a single coder, with independent
cross-checking limited to a 20% random subsample (RQ1 only,
x = 0.89); systematic double-coding of all five dimensions by both
authors would further strengthen reliability. Finally, because cod-
ing was based on the information reported in each primary study,
any under-reporting in the original literature—for instance, the
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near-absence of explicit numeric hyperparameter values noted in
Section 3.7—constrains the granularity of the conclusions that
can be drawn about RQ?2 in particular.

Recommendations

Drawing on the results of this SMS, we outline the follow-
ing recommendations for researchers, practitioners, and funding
agencies.

First, since metaheuristics are used more dominantly
although they have a significant computational requirement, it
is advised to develop more efficient or combined optimization
methods for multivariate data with respect to efficiency and
scalability.

Second, considering the importance of learning rate and
architecture among the studied hyperparameters, it is highly
recommended to employ auto-tuning techniques like Bayesian
optimization and NAS as a standard way of doing research in
this area.

Third, an overuse of metrics such as accuracy and RMSE is
observed, especially in cases where datasets have an imbalanced
structure. This issue has led to the suggestion of using other
evaluation measures such as MCC and AUC-ROC.

Fourth, the insufficient presence of applications in areas like
agriculture, industrial IoT, and environmental monitoring opens
another avenue for applied research that is encouraged to apply
DNN optimization principles to these nascent fields.

Fifth, considering the increasingly important roles of XAI
techniques and federated learning, future research on DNN opti-
mization needs to adopt criteria of XAI evaluation while taking
communication costs into account as a new constraint when
performing optimizations in distributed systems.

Finally, open science approaches to publishing datasets, soft-
ware, and pre-trained models are highly recommended to address
the problem of data scarcity that is one of the key weaknesses of
the surveyed literature.
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