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Intelligent time series forecasting has become a vital tool across sectors such as 

finance, energy, and healthcare, where accurate predictions can enhance operational 

efficiency and strategic decisions. However, modern deep learning models for time 

series often encounter optimisation instability, including exploding and vanishing 

gradients, which can considerably impair forecasting performance. Gradient clipping 

has become a common technique to address these issues by limiting gradient 

magnitudes during training. Despite its significance, existing research on gradient 

clipping is scattered, with different methods, thresholds, and evaluation strategies 

applied across various architectures and fields. There is currently a lack of a 

comprehensive synthesis that systematically explores how gradient clipping affects 

optimisation stability, the effectiveness of different clipping strategies, and their 

practical implications for intelligent time series forecasting. To address this, this study 

presents a systematic literature review (SLR) of gradient clipping techniques, aiming to 

classify clipping strategies, assess their benefits and drawbacks, and identify open 

research challenges. The results offer a structured taxonomy of clipping methods, 

highlight areas needing methodological improvement, and suggest directions for 

future research to improve model stability and forecasting accuracy. 

 
Keywords: Time series, optimization, clipping techniques, algorithms, systematic 

literature review. 

 

1. Introduction 

Sequences of observations or measurements 

gathered, recorded, or viewed at successive and 

evenly spaced time intervals constitute the 

conceptual definition of time series data [1]. On the 

other hand, the temporal ordering of observations is 

preserved because each data point in a time series 

corresponds to a particular timestamp or time period 

[2]. When analyzing the dynamic evolution of a 

phenomenon, variable, or system across time, this 

data structure is especially useful. According to [3], 

the essential characteristics of time series data are 

found in its temporal structure, where the 

dependency between successive data points and the 

order of observations are important. In order to 

better understand the behavior of the process being 

monitored, time series analysis looks for underlying 

patterns, trends, seasonal impacts, and abnormalities 

[4]. 

 

Despite its importance, time series forecasting 

remains a challenging task due to issues such as non-

stationarity, noise, missing values, and abrupt 

structural changes [5]. More than 70% of real-world 

industrial time series data exhibit nonlinear and 

irregular patterns [5], limiting the effectiveness of 

conventional statistical models such as ARIMA. As a 

result, deep learning and other intelligent forecasting 

models have gained widespread adoption. However, 

training such models introduces significant 

optimization stability challenges, including vanishing 

and exploding gradients, slow or unstable 

convergence, and sensitivity to hyperparameter 

configurations. These challenges become more 
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pronounced as data volume and model complexity 

increase, particularly in long-sequence forecasting 

tasks. The projected global data growth to 175 

zettabytes by 2025 [7] further amplifies the need for 

robust optimization mechanisms capable of 

maintaining stability during large-scale training. 

Efficiency and accuracy are widely recognized as 

fundamental requirements in time series forecasting 

across domains such as finance [6],  meteorology [7] 

healthcare, and agriculture [8]. 

Sw  

While deep and recurrent architectures offer 

improved predictive performance, they often suffer 

from computational inefficiencies and unstable 

gradient propagation when scaling to high-

dimensional or long-horizon data [9][10]. Studies 

have shown that achieving high accuracy frequently 

comes at the cost of increased computational 

overhead and that training large-scale deep learning 

models can consume significantly more energy than 

traditional approaches [15]. Within this context, 

gradient clipping has emerged as a critical 

optimization technique to stabilize training by 

constraining gradient magnitudes, preventing 

divergence, and enabling reliable learning in deep 

and recurrent models [20], [21], [22], [23], [24]. 

Despite its widespread use, the design choices, 

effectiveness, and limitations of gradient clipping 

strategies remain insufficiently synthesized, 

motivating a focused investigation into their role in 

achieving optimization stability for intelligent time 

series forecasting. 

 

Although numerous studies and reviews have 

examined gradient clipping within optimization for 

deep learning and time-series forecasting, the 

existing literature remains fragmented and 

methodologically incomplete, creating a clear need 

for a more comprehensive synthesis [11][12][13]. 

Most prior studies [14], [15] focus on only one or two 

classes of clipping strategies, typically norm-based or 

value-based methods, without offering a unified 

taxonomy that systematically compares their 

principles, advantages, limitations, and application 

contexts. Moreover, existing reviews often 

emphasize empirical performance improvements 

while overlooking theoretical considerations such as 

convergence behavior, bias introduced by clipping, 

and interactions with optimization hyperparameters. 

As a result, there is limited guidance for practitioners 

on selecting appropriate clipping strategies across 

different intelligent time series models and 

application domains. This gap underscores the 

necessity for a systematic literature review that 

integrates methodological rigor, theoretical insights, 

and application-driven analysis of gradient clipping 

techniques. 

 

Furthermore, the rapid evolution of gradient clipping 

techniques between 2017 and 2025, driven by 

advances in deep learning architectures and large-

scale time series forecasting, has not been 

systematically captured in existing SLRs. While 

gradient clipping has become a standard stabilization 

mechanism within first-order, gradient-based 

optimizers, prior reviews largely overlook how 

clipping strategies have evolved alongside adaptive 

optimizers, scalable training regimes, and automated 

hyperparameter tuning frameworks. Critical themes 

such as clipping behavior in large-scale and high-

dimensional models, sensitivity to threshold 

selection, computational overhead, and robustness 

under non-stationary time-series data remain 

insufficiently examined. This gap creates limited 

guidance for researchers and practitioners seeking 

principled approaches to ensuring optimization 

stability in intelligent time series forecasting. 

Consequently, a new SLR covering the period 2017–

2025 is necessary to provide a unified taxonomy of 

gradient clipping techniques, transparent review 

methodology, cross-strategy comparison, and 

application-specific insights that are absent from 

previous studies. The focus of this paper is exclusively 

on gradient clipping mechanisms used in conjunction 

with modern first-order optimizers (e.g., Adam, 

RMSprop, Adagrad, AdaDelta) to enhance stability 

and accuracy in time series prediction. Optimization 

paradigms that do not explicitly incorporate gradient 

clipping, such as evolutionary algorithms, swarm 

intelligence, reinforcement learning based 

optimization, derivative-free methods, second-order 

or convex optimization, heuristic search, multi-

objective optimization, and AutoML search 

strategies, are beyond the scope of this review. The 

primary objective of this study is therefore to address 

the following research inquiries: 

 

RQ1: How gradient clipping techniques evolved to 

stabilize optimization in time series forecasting? 

RQ2: Which optimization algorithms benefit most 

from gradient clipping in forecasting? 

RQ3: How can gradient clipping strategies be 

categorized into a taxonomy with applications? 

RQ4: What are future research opportunities and 

open challenges in gradient clipping techniques? 
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The structure of the paper is as follows: Section 2 
delves into related work; Section 3 outlines the 
research methods used; Section 4 details the findings 
from the SLR, by responding to research questions, 
including potential future research directions and 
Section 5 provides a conclusion to the paper. 

2. Related Works  

Extant literature reviews have been widely published 

on optimization techniques [15], [16], [17]. We aim 

to highlight any existing gaps in research that these 

aforementioned SLRs may not have addressed. By 

doing so, we seek to understand the existing SLR 

publications on modern optimisation techniques 

research and determine areas that warrant further 

investigation. [12] conducted a review on deep 

learning algorithms for time series forecasting in 

geotechnics and geosciences. It highlights the 

dominance of RNN-based models, particularly LSTM, 

in handling complex and large-scale data. By 

comparing architectures such as CNNs, GANs, 

transformers, and hybrids, the review concludes that 

deep learning consistently outperforms traditional 

machine learning in predictive accuracy and data 

representation. [18] conducted systematic and 

bibliometric reviews, hybrid approaches combining 

optimization and machine learning for clustering and 

classification. It highlights the growing need for 

sophisticated models to handle complex data and the 

limitations of pure methods. Through a SWOT 

analysis of top algorithms and recent studies, it 

identifies key strengths, weaknesses, and 

opportunities for improving hybrid algorithm 

efficiency. However, the study does not explicitly 

examine gradient clipping or other optimization 

stability techniques, leaving training robustness and 

convergence control in deep and hybrid models 

insufficiently addressed. 

 

[13]conducted comprehensive reviews of advances in 

computational modeling, simulation, and 

optimization across materials, mechanical, and 

energy systems. It emphasizes AI integration with 

traditional methods, highlighting improved accuracy 

and efficiency. By synthesizing state-of-the-art 

developments and proposing novel strategies, the 

study identifies key research trends and future 

directions, reinforcing the pivotal role of 

computational methods in modern engineering 

innovation. Despite its broad scope, the review lacks 

focused analysis of gradient clipping and related 

stabilization mechanisms, thereby overlooking their 

role in mitigating optimization instability in data-

driven learning systems 

 

Systematically reviews interval time series 

forecasting, which models data with upper and lower 

bounds to manage uncertainty and complexity. By 

analysing 125 selected papers, it identifies major 

research gaps such as hybrid modelling, multisource 

data use, improved evaluation, and broader 

applications. The review categorises existing work, 

highlights unresolved challenges, and outlines future 

research directions to advance interval forecasting 

methods. Nonetheless, the review does not 

investigate gradient clipping or optimisation control 

strategies, which are critical for ensuring stable 

training under uncertainty and bounded interval 

representations. 

 

 Provides a comprehensive review of deep learning 

algorithms for time series forecasting in geotechnics 

and geosciences. It evaluates models like RNNs, 

CNNs, GANs, transformers, and hybrids across 

applications such as seismology and construction. 

Highlighting RNNs, especially LSTMs, as the most 

effective, the study concludes that deep learning 

outperforms traditional methods in modelling 

complex patterns and large-scale geoscientific data. 

While the study demonstrates the superiority of deep 

learning models, it does not consider gradient 

clipping or other optimisation stabilisation 

techniques, limiting insights into how training 

instability and exploding gradients impact model 

reliability in complex geoscientific time series. 

Table 1: Comparison Between Our SLR and Prior 

Review Studies 
Author /  

Year 
Review 
type 

Search  
Covered 

GB
O 

SEO  BPO  HEO  

[12]  Narrati
ve 

Not 
stated  

- - - ✓ 
 

[19]  Review  
 

Not 
stated   

✓ 
 

✓ - ✓ 

[13]  Review Not 
stated  

✓ 
 

✓ ✓  ✓ 

 
[15] SLR 2019- 

2024.  

✓ 
 

 ✓ ✓ ✓ 
 

[20]  SLR  Not 
stated  

- - - ✓ 

[21]  Review Not 
stated  

- ✓ 
 

- ✓ 

[14] Review 
 

Not 
stated 

- ✓ ✓ - 

Our SLR 
(2025)  

SLR 2017–
2025 

✓ ✓ 
 

✓ 
 

✓ 
 

Gradient-Based Optimization (GBO), SEO Swarm & Evolutionary, 

BP Bayesian/Probabilistic,HEO Hybrid/Ensemble Source: Authors 

 

3.0 Methodology 

Our systematic literature review on optimization 

techniques in computational approaches has been 
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carried out following the guidelines of [22]. In this 

section we will introduce how the examined papers 

have been selected, prepared for the analysis and an 

overview of the produced research (who are the 

main authors, how the papers are distributed over 

time and on the types of publication).  

 

3.1 Selection of primary study 
To search for primary papers, we have identified the 
following keywords: ("time series" AND (prediction 
OR forecasting)) AND ("optimization" OR optimizer 
OR "hyperparameter tuning") AND ("PSO" OR "GA" 
OR "GWO" OR "ACO" OR "ABC" OR "Bayesian 
optimization" OR SGD OR Adam OR "hybrid 
optimization" OR "ensemble optimization" AND 
("machine learning" OR "deep learning" OR LSTM OR 
CNN OR Transformer) and set as a filter the years 
from 2017 to 2025. The platforms used for the search 
were Google Scholar, IEEE Xplore, Scopus, Digital 
Library, ACM Digital Library, and Science Direct. For 
each paper found, the title was analyzed, then the 
abstract, introduction, and conclusions to determine 
whether it pertained to the established inclusion 
criteria. Then we went on to analyze the rest of each 
paper to find significant contributions and open 
issues. 
 
3.2 The Search process 
In the Search step, the search strategy was 
developed. This strategy consists of the search 
queries and the respective databases. The search 
queries were focused on the following concepts: 
“intelligent time series forecasting: a systematic 
review of optimization techniques in computational 
approaches. The search was conducted in the title, 
abstract, and keyword search fields. To find all 
relevant studies, the above string was formed and 
used, considering possible synonyms.   
                                                     
3.3. Selection results  

Considering the keywords, the following results were 

obtained, divided by platform: • Google Scholar: 42 

papers, IEEE Xplore Digital Library: 12 papers, ACM 

Digital Library: 24 papers, Science Direct: 18 papers. 

Subsequently, duplicate studies were removed. Then, 

papers that did not meet the exclusion criteria were 

eliminated. Finally, 96 papers remain ready for the 

final screening based on the inclusion and exclusion 

criteria in the next section.  

3.4 Insertion and elimination criteria  

At this phase, papers published in scientific 

international journals and proceedings of 

international conferences were considered. All other 

kinds of work, like books, technical reports or master 

theses were not included. Papers dealing with topics 

not belonging to the corpus of knowledge of 

intelligent time series forecasting have been 

excluded. In addition, papers not written in English 

and not indexed were not taken into account. The 

valuation step was performed according to the 

following predetermined insertion and elimination 

criteria:   

Table 2: lists the insertion and elimination criteria for 

the papers in this review.  

Actions    Criteria 

Insertion 

Criteria 

1. Must have publication dates 

ranging from 2017 to 2025. 

2. Must present a theoretical 

framework for optimization 

techniques in time series data 

prediction.  

3. Must evaluate optimization 

techniques in time series data 

prediction and paper must be 

written in English. 

Elimination 

Criteria 

1. Research lacking a theoretical 

framework despite examining 

optimization techniques  

2. Research presenting a theoretical 

framework yet not related to 

optimization techniques 

3. Research published in languages 

other than English. 

Adopted Source: [23] 

 

The publications were then arranged using the 

following variables: (i) Type, (ii) Author, (iii) Year, and 

(iv) optimization approaches. The Type variable 

indicated whether the paper focused on efficiency 

and accuracy, time series data prediction, or 

optimization strategies. The year and author 

variables were used to identify the paper. The 

optimization approaches variable illustrated the 

methodology employed to improve the study's 

accuracy and efficiency. An Excel spreadsheet 

containing all of the variables and associated data 

was prepared for analysis. All pertinent information 

was extracted from the data in the analysis process. 

The keywords utilized, the year of publication, the 

journal in which the paper was published, and the 

optimization methods employed by the study were 

all taken into consideration when analyzing the 

papers.  

Further analysis was conducted on the category and 

its respective selection processes using the above-

mentioned variables. 96 papers were identified from 

the literature search. All these papers were subjected 
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to a filtering and selection process before analysis 

(see Figure 1: papers selection process flow diagram).  

At the screening phases, 55 of these papers had to be 

eliminated based on the title, and 14 were eliminated 

based on the abstract. Another 8 papers from 50 

papers had to be eliminated based on reading the full 

text. At the end of the filtering procedure, 42 papers 

were found to be suitable for qualitative analysis. 

Extraction and classification of data from the papers 

were conducted in the Synthesis step.  

 

 
 

Figure 1: Flow diagram of papers selection process 

 

According to the clipping techniques, the category 

they were dealing with: (i) clipping by norm (ii) 

clipping by value. The final papers for analysis dealing 

with (i.e., optimization techniques, time series data) 

are summarize in Table 3.  

 

 

Table 3: Summary of the final papers for analysis 
Clipping 

Techniques 

Category 

No of Papers Studies 

Clipping by 

norm  

31 

 

[24],[25],[26],[27],[11][28],[29],

[3],[30],[31],[32],[33],[34],[35],[

36],[37],[27],[38],[39],[40],[41], 

[42], [24], [38],[43],[44],[45], 

[46], [47],[48],[49]  

 

Clipping by 11 [50], [51], [52],[53], [54],[55], 

value [56],[57],[58],[59],[50] 

[60] 

 

Source: Authors  

 

As shown in Table 4, norm-based gradient clipping 

has dominated the literature from 2017 to 2025, 

exhibiting steady growth until 2021 before stabilizing 

at a comparatively high level. This trajectory reflects 

the growing recognition of norm-based clipping as a 

reliable mechanism for maintaining optimization 

stability in deep and recurrent time series models. In 

contrast, value-based clipping remains marginal 

across all years, with only incremental increases and 

no comparable growth phase. The persistent 

disparity reported in Table 4 suggests that 

researchers such as (i.e [24],[25],[26],[27]) 

increasingly favor norm-based clipping due to its 

ability to preserve gradient direction and ensure 

stable convergence, whereas value-based 

approaches are largely confined to niche or 

complementary applications rather than serving as a 

primary optimization strategy. 

 

 Table 4: Year-wise distribution of gradient clipping 
categories  

Year Norm-based 

Technique 

Value-based 

Technique 

2017 1 0 

2018 2 1 

2019 4 1 

2020 6 2 

2021 7 2 

2022 5 2 

2023 4 2 

2025 2 1 

Source: Authors  

 

3.5 Quality assessment  

 

The quality of the discovered research was then 

examined in addition to the insertion/elimination 

criteria. The quality assessment is one of the 

important elements that must be looked at, in 

addition to the insertion and elimination criteria [61]. 

To provide a way to evaluate the quality of the 

research papers that were kept for final analysis 

(N=42), a quality assessment checklist comprising 

nine criteria was created. Table 2 provides an 
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illustration of the quality assessment checklist. No 

scholar's work was meant to be criticized by the 

checklist [22]. The checklist was modified from those 

recommended by [22].The three-point scale was 

used to rate each question: "Yes" was worth one 

point, "No" was worth zero, and "Partially" was 

worth half a point. As a result, each paper might 

receive a score between 0 and 8. The more points a 

study receives overall, the more thoroughly it 

answers the research questions. The quality 

assessment findings for each of the 42 papers are 

shown in Table 3. This makes it evident that every 

manuscript has passed the quality assessment, 

indicating that every study is eligible for additional 

analysis. 

 

 

This paper used a variety of assessment criteria. The 

first step in evaluating the quality of the chosen 

papers for the review was to determine whether the 

study had defined objectives, detailed a suitable data 

analysis approach, offered an appropriate data 

gathering method, and presented clearly stated 

conclusions. For instance, the study on optimization 

approaches receives a score of 1 if its aims were 

explicit, a score of 0.5 if they were only partially clear, 

and a score of 0 if they were unclear. The criteria for 

evaluating quality were modified from [62]. [75]. The 

sum of the scores determines the overall score for 

each paper. Only six (6) of the 42 papers received a 

poor rating, while fifteen (15) received a very good 

rating. The findings of quality assessment 4 are 

displayed in Table 4.  

Table 4: Quality assessment 1 outcomes 

Quality (scores) Total  

 Poor 

(1-1.99) 

Fair 

(2-2.99) 

Good 

 (3-3.99) 

V. 

Good 

(4) 

100 

Number of 

papers 

0 6 21 15  

 

Percentage 

of papers 

(%) 

 

 

0% 

 

 

14.2% 

 

 

50% 

 

 

35.7% 

 

Source: [63] 

Secondly, a set of nine criteria derived from [64][65] 

was utilized for quality assessment, shaping a 

method to evaluate the selected research papers (n = 

42) for final analysis. The intent of this criterion 

wasn't to critique scholars' work but to gauge 

research quality, adapted from recommendations by 

[22]. Higher scores indicated a greater alignment 

with research objectives, determined through 

scrutiny of nine (9) quality assessment criteria. The 

first and second authors independently assigned 

scores to each study, reconciling differences through 

discussion and further review of contentious papers. 

Table 5 outlines the quality assessment 2 criteria for 

all the 42 papers. 

Table 5: Quality Assessment criteria 2 

No Checklist measurements 

1 Are the paper's objectives clearly stated? 

2 Was the aim of the paper accomplished? 

3 Are the variables addressed in the study clearly 

outlined? 

4 Is the paper's context clearly articulated? 

5 Are the methods of data collection adequate? 

6 Are the instruments reliable and valid? 

7 Are the data analysis techniques adequate? 

8 Do the findings of the paper contribute to existing 

literature? 

9 Does the paper enhance knowledge? 

Source : [64] [65] 

 

In order to create a thorough approach for evaluating 

the 42 chosen research papers, an additional set of 

nine criteria, taken from [64], was used for quality 

assessment. This method, which was motivated by 

suggestions made by [66], sought to assess the 

caliber of research rather than criticize academics' 

work. A three-point rating system was used for each 

criterion, resulting in a score for each paper that 

ranged from 0 to 9. Examining the nine quality 

assessment criteria revealed that higher scores 

indicated better connection with study aims. Each 

study was given a score by the first and second 

authors separately, and disagreements were settled 

by discussion and additional analysis of controversial 

studies. An summary of the 42 publications' quality 

evaluation results is given in Table 6, demonstrating 

that every study satisfied the requirements and was 

judged appropriate for final analysis. 

Table 6: Quality assessment outcomes 
Papers  Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 % 

Paper1 0.5 1 0 1 1 0.5 1 1 1 77 

Paper2 1 1 1 0.5 1 1 0.5 1 1 88. 

Paper3 0.5 1 1 1 1 1 1 1 0.5 88.8 

Paper4 1 1 1 0.5 1 1 1 1 1 94.4 

Paper5 0 1 0.5 1 1 0.5 1 1 1 77. 

Paper6 1 1 1 1 1 1 0 0.5 1 83.3 

Paper7 0.5 1 1 0.5 1 1 1 0 1 77.7 

Paper8 0.5 1 1 1 1 0.5 1 1 0.5 83.3 

Paper9 1 0.5 1 1 1 1 .5 1 1 77. 

Paper10 1 0 1 1 1 1 1 1 1 88.8 

Paper11 0.5 1 1 1 1 0.5 1 1 1 88.8 

Paper12 0 0.5 1 1 1 1 1 1 0.5 77.7 

Paper13 1 0.5 1 1 0.5 1 1 0.5 1 83.3 

Paper14 1 1 1  1 1 1  1 77.7 
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Paper15 1 1 0.5 1 1 1 0.5 0.5 0.5 77.7 

Paper16 1 0.5 1 1 0.5 1 1 1 1 88. 

Paper17 1 1 1 0.5 1 1 1 0.5 0.5 83.3 

Paper18 0.5 1 1 1 0 1 0 0 1 61.1% 

Paper19 1 1 1 0 1 1 1 0.5 1 83.3% 

Paper20 1 1 1 0.5 1 1 1 1 0.5 88.8% 

Paper21 1 0.5 1 1 0.5 1 1 1 1 88.8% 

Paper22 0.5 1 1 1 1 1 1 1 1 94.4% 

Paper23 1 0 1 0 0.5 1 1 1 1 72.2% 

Paper24 0.5 1 1 1 0 1 0 0 1 61.1% 

Paper25 1 1 1 0 1 1 1 0.5 1 83.3% 

Paper26 1 1 1 0.5 1 1 1 1 0.5 88.8% 

Paper27 1 0.5 1 1 0.5 1 1 1 1 88.8% 

Paper28 0.5 1 1 1 1 1 1 1 1 94.4% 

Paper29 0.5 1 1 1 0 1 0 0 1 61.1% 

Paper30 1 0.5 1 1 1  0.5 1 1 77.7% 

Paper31 1 0 1 1 1 1 1 1 1 88.8% 

Paper32 0.5 1 1 1 1 0.5 1 1 1 88.8% 

Paper33 0 0.5 1 1 1 1 1 1 0.5 77.7% 

Paper34 1 0.5 1 1 0.5 1 1 0.5 1 83.3% 

Paper35 1 1 1  1 1 1  1 77.7% 

Paper36 1 1 0.5 1 1 1 0.5 0.5 0.5 77.7% 

Paper37 0.5 1 1 1 0 1 0 0 1 61.1% 

Paper38 1 1 1 0 1 1 1 0.5 1 83.3% 

Paper39 1 1 1 0.5 1 1 1 1 0.5 88.8% 

Paper40 1 0.5 1 1 0.5 1 1 1 1 88.8% 

Paper41 1 0.5 1 1 1 0 0.5 1 1 77.7% 

Paper42 1 0 1 1 1 1 1 1 1 88.8% 

Source: Authors as suggested by [66] 

 

3.6 Analysing and coding data 

We have grouped the remaining 42 publications 

according to several criteria, such as optimization 

approaches and current issues in optimization 

strategies in time series data investigations, in order 

to address the research questions in this study. 

3.7 Data Extraction  

The reference information for each publication in this 

study was recorded using the Mendeley platform, a 

reference management service. The fields of study, 

methods used, and underlying theories are all 

included in the retrieved data used to answer the 

research questions. 

 

4.0 Findings  

With respect to the published 42 research papers 
about optimization techniques, time series data 
prediction from 2017 to 2025, the findings of this SLR 
are reported based on the four research questions. 
 
RQ1: How gradient clipping techniques evolved to 

stabilize optimization in time series forecasting? 

 

Early research positioned gradient clipping as a 

robustness mechanism to counter exploding 

gradients and instability caused by non-smooth 

objectives and heavy-tailed stochastic noise[60], 

which are prevalent in sequential and time-

dependent learning tasks such as intelligent time 

series forecasting [3],[64],[82].  Figure 2 illustrates 

the distribution and diversity of gradient clipping 

techniques reported in the literature, revealing a 

strong concentration around norm-based variants, 

including distributed clipping, gradient normalization, 

and differentially private (DP) clipping [24][58][34]. 

This dominance suggests that research has largely 

prioritized scalability, stability, and privacy 

preservation in large-scale and distributed training 

settings, particularly relevant for modern deep and 

time-series models. However, the long tail of less 

frequently explored techniques, such as bias-aware, 

velocity-based, quantization-aware, and 

reinforcement learning (RL)-based clipping, highlights 

a fragmented research landscape where many 

approaches remain under-investigated or lack 

rigorous comparative evaluation. Critically, while the 

proliferation of adaptive and DP-related methods 

reflects emerging concerns around robustness and 

privacy, their relatively low adoption compared to 

classical norm-based clipping indicates unresolved 

challenges related to computational overhead, 

hyperparameter sensitivity, and theoretical 

guarantees [3],[64],[82]. Overall, Figure 2 

underscores both the maturity of conventional 

clipping strategies and the need for systematic, 

theory-driven assessments of newer variants to 

understand their true benefits for optimization 

stability in intelligent time series forecasting. 
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Figure 2: Distribution of gradient clipping 

techniques per number of studies  

 
More recent studies, such as (e.g. [29],[58]) reflect an 

evolution toward adaptive, normalized, and 

decentralized gradient clipping, aligning with the 

growing complexity of intelligent time series systems 

deployed across distributed, privacy-sensitive and 

communication-constrained environments. Advanced 

methods incorporate normalization, dynamic 

thresholding, and error-feedback to mitigate over-

clipping while preserving convergence optimality 

under heavy-tailed noise [67][32],[30]. In parallel, 

gradient clipping has been integrated with 

differential privacy, communication compression, 

and quantization to ensure optimization stability 

without sacrificing privacy guarantees or system 

efficiency [40] [68],[33],[4],[59]. Emerging policy-

driven and dynamic clipping strategies further adapt 

thresholds based on gradient distributions and 

training dynamics, reflecting a shift from static 

safeguards toward context-aware stability control 

[69], [70][28][29]. Collectively, these developments 

indicate that gradient clipping has evolved into a 

central optimization stability mechanism 

underpinning reliable and scalable intelligent time 

series forecasting systems. 

 

The reviewed studies consistently find that gradient 

clipping substantially improves optimization stability 

by mitigating gradient explosion, variance inflation, 

and instability caused by heavy-tailed noise and non-

smooth objectives, which are common in deep and 

sequential forecasting models [47][38]. Empirical and 

theoretical evidence show that, despite introducing 

bias, gradient clipping achieves faster and more 

reliable convergence through variance control, 

particularly in high-dimensional and non-convex 

settings [24],[58],[34]. These findings validate 

gradient clipping as a principled optimization 

mechanism rather than a heuristic safeguard. More 

advanced findings indicate that adaptive, normalized, 

and dynamic clipping strategies outperform static 

clipping, especially in decentralized, learning 

environments relevant to large-scale intelligent time 

series forecasting, as suggested by [71],[30],[72]. 

Studies further demonstrate that integrating gradient 

clipping with differential privacy, compression, and 

quantization preserves optimization stability while 

maintaining utility and convergence guarantees 

[40],[33],[50]. Overall, the findings reveal a clear 

evolution from static clipping toward context-aware 

and policy-driven clipping mechanisms, positioning 

gradient clipping as a foundational component for 

robust and scalable intelligent time series forecasting 

optimization [28],[29].  

 

RQ2: Which optimization algorithms benefit most 

from gradient clipping in forecasting? 

 
Across gradient-based optimization (GBO) methods, 

gradient clipping is most extensively integrated into 

first-order and adaptive optimizers, where it plays a 

decisive role in stabilizing training and improving 

forecasting accuracy for deep time series models. 

Standard optimizers such as SGD, momentum-based 

SGD, and mini-batch SGD adopt norm-based or value-

based clipping to control exploding gradients during 

the training of RNNs, LSTMs, GRUs, CNNs, and 

Transformer architectures, which are particularly 

sensitive to long temporal dependencies and non-

stationary inputs [55]. Adaptive methods, including 

AdaGrad, RMSProp, and Adam, further incorporate 

clipping (e.g., AutoClip) to regulate gradient 

magnitudes alongside adaptive learning rates, 

leading to improved convergence consistency and 

reduced performance degradation in deep 

forecasting models [71]. Extensions to second-order 

or quasi-Newton methods with clipping variants have 

been shown to enhance optimization robustness in 

highly non-convex settings and long-horizon 

forecasting tasks, where uncontrolled curvature and 

gradient variance can otherwise impair predictive 

accuracy [55]. Collectively, these studies indicate that 

clipping-enhanced gradient-based optimizers 

consistently improve both training stability and 

forecast reliability across mainstream deep learning 

architectures. As shown in Table 7. 

 

  Table 7: Optimization classes  
Main Class Sub-Class Algorithms Models / Use 

Cases 
Sourc
es 

Adaptive 
Gradient 
Methods 

Adaptive 
Gradient 
Methods 

AdaGrad, 
RMSProp, 
Adam, 
AutoClip,  
  

Deep 
learning 
convergence
,  

[54] 

Second-
Order &  

Newton, 
Free 

(with 
clipping 
variants) 

 

Complex 
non-convex 
models, 
long-horizon 
forecasting 

 

[38] 

 SEO Evolution
ary 
Algorithm
s 

 

GA, DE Hyperparam
eter tuning 
of deep and 
hybrid 
models 

 

 

[43] 
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Swarm 
Intelligen
ce 

PSO, GWO LSTM/GRU 
parameter 
tuning 

[44] 

 

 BPO Bayesian 
Optimizat
ion 

GP-based BO LSTM model 
architecture 
tuning 

 

 

[25] 

Surrogate
-Based 
Optimizat
ion 

 

Random 
Forest  

High-cost 
time-series 
model 
optimization 

 

 

[47] 

 

 HEO Gradient 
Evolution
ary 

PSO with 
Adam (with 
clipping) 

Joint training  

for complex 
models 

 

[27] 

Evolution
ary 

BO and GA Efficient 
global 
search for 
time-series 
models 

 

 

[73] 

Ensemble 
Meta-
Optimizer
s 

Adaptive 
switches, 
voting-based 
optimizers 

Robust 
optimization 
under 
varying data 
patterns 

 

 

 

 

Clipping 
Enhance 

Optimizat
ion  

Stochastic 
Gradient 
Clipping 

 

Norm 
clipping, 
clipping, U-
Clip 

Stable 
training 
under non-
smooth or 
heavy-tailed 
noise 

 

 

[26] 

 

Accelerat
ed 
Clipping 

Clipped 
Momentum 
SGD, 
Nesterov 
with Clipping 

 

Faster 
convergence 
in non-
convex 
landscapes 

 

 

[46] 

 

 

Communicat
ion-efficient  

clipped SGD 

RNN/LSTM 

 Training 

 

 

[43] 

 DP-GBO DP-SGD 
(Individua
l Clipping) 

DP-SGD Privacy-
preserving  

deep 
learning 

[52] 

Batch & 
Group-
wise 
Clipping 

Batch 
Clipping, 
Group-wise, 
Layer-wise 
Clipping 

Memory–
accuracy 
trade-offs 

[45] 

Adaptive 
DP 

DP-SGD- 
Adapt 

Improved 
utility, 

[25] 

Clipping fairness,  

and privacy 

 
Task-
Aware 
Optimizat
ion 

Multi-
Task 
Gradient 
Clipping 

Gradient 
balance & 
clipping  

Multi-task 
learning 
segmentatio
n 

[52] 

Source: Authors 
Across gradient-based optimization (GBO) methods, 

gradient clipping is most extensively integrated into 

first-order and adaptive optimizers, where it plays a 

decisive role in stabilizing training and improving 

forecasting accuracy for deep time series models. 

Standard optimizers such as SGD and mini-batch SGD 

adopt norm-based or value-based clipping to control 

exploding gradients during the training of RNNs, 

LSTMs, GRUs, CNNs, and Transformer architectures, 

which are particularly sensitive to long temporal 

dependencies and non-stationary inputs [55]. 

Adaptive methods, including AdaGrad, RMSProp, and 

Adam, further incorporate clipping (e.g., AutoClip) to 

regulate gradient magnitudes alongside adaptive 

learning rates, leading to improved convergence 

consistency and reduced performance degradation in 

deep forecasting models [71]. Extensions to second-

order or quasi-Newton methods with clipping 

variants have been shown to enhance optimization 

robustness in highly non-convex settings and long-

horizon forecasting tasks, where uncontrolled 

curvature and gradient variance can otherwise impair 

predictive accuracy [55]. Collectively, these studies 

indicate that clipping-enhanced gradient-based 

optimizers consistently improve both training 

stability and forecast reliability across mainstream 

deep learning architectures. 

RQ3: How can gradient clipping strategies be 

categorized into a taxonomy with applications? 

 

Gradient clipping strategies can be categorized into a 

taxonomy reflecting their core principles, 

mathematical scope, and practical implications. 

Value-Based Clipping, which constrains individual 

gradient components, offers a low computational 

cost and simplicity, making it attractive for very early-

stage models, simple RNNs, or low-resource 

environments [50], [51], [52],[53], [54],[55].  

However, its element-wise nature may fail to address 

issues arising from accumulated gradient magnitudes 

in deeper or more complex networks, limiting its 

effectiveness and generalizability. Critically, while 

value-based clipping provides a straightforward 

safeguard against exploding gradients, it does not 

inherently consider the interdependence among 
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gradient dimensions, which can compromise 

optimization stability in sophisticated architectures. 

Table 8: Taxonomy of gradient clipping techniques 

Gradient Clipping  

Value-Based Clipping 

 
Where g_i is the i-th gradient component, c is the 

clipping threshold, and g̃_i is the clipped gradient. 

 

Table 8: Taxonomy of gradient clipping techniques 

type Clipping Advantages Limitation Applications 

Value-
Based 
Clipping 

Element-
wise of 
gradients 

Low 
computational 
cost 

Less 
effective 
for deep 
models 

Simple 
RNNs; low-
resource 
settings 
  

 
Norm-
Based 
Clipping 

 
Rescaling 
of gradient  

 
widely 
adopted 

Overhead 
and 
sensitivity 

Sequence 
forecasting 
architectures 
such as LSTM 

Source: Authors 

 

In contrast, Norm-Based Clipping rescales the entire 

gradient vector to a fixed threshold, improving 

training stability and robustness in advanced models 

such as LSTMs, GRUs, Transformers, and time-series 

forecasting systems [24],[25],[26],[27],[11][28]. 

Despite its advantages, this approach introduces 

computational overhead due to norm calculations 

and is highly sensitive to threshold selection, which 

can lead to either under-clipping (insufficient 

stabilization) or over-clipping (slowed convergence).  

Norm-Based Clipping 

     
Where g is the gradient vector, ||g|| is the L2 norm, 

c is the clipping threshold, and g̃ is the clipped 

gradient 

 

Critically, norm-based clipping reflects a trade-off 

between control over gradient magnitudes and the 

potential for hyperparameter sensitivity, emphasizing 

the importance of careful tuning. Overall, the 

taxonomy highlights that the choice of gradient 

clipping strategy must be aligned with model 

complexity, resource constraints, and optimization 

objectives. As Figure 2. Taxonomy of Gradient 

Clipping Techniques 

 

Figure 2. Taxonomy of Gradient Clipping Techniques 

RQ4: What are future research opportunities and 

open challenges in gradient clipping techniques? 

 

The studies presented so far provide insights that can 

be useful for both machine learning researchers and 

practitioners. Existing literature on gradient clipping 

primarily focuses on its application to improve 

optimization stability, but much of it remains 

introductory and empirical in nature. For example, 

studies by (eg. [37],[27],[38]) explore adaptive 

methods, theoretical dynamics, and interactions with 

other optimization strategies. However, many of 

these studies, such as (i.e [39],[40],[41],[42], [24]) 

lack systematic procedures for applying or evaluating 

clipping techniques across different model 

architectures and datasets. Although some papers 

present promising methods and theoretical insights, 

more is needed to comprehensively understand the 

mechanisms, limitations, and implications of gradient 

clipping in modern deep learning. 

 

This review highlights several key research 

opportunities. First, there is a need for adaptive and 

context-aware clipping methods that can dynamically 

adjust thresholds during training to enhance stability 

without manual intervention. Second, the theoretical 

understanding of clipping dynamics particularly 

concerning convergence, bias, and gradient 

interactions in high-dimensional optimisation 

remains underexplored. Third, research should 

investigate how clipping interacts with other 

optimisation and regularisation techniques, ensuring 

stable training in complex models. Finally, 

applications in differential privacy and distributed 

learning offer promising yet challenging directions, as 

robust strategies and convergence guarantees in 

these areas are still limited. Collectively, these gaps 

present significant opportunities for future studies to 
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develop more rigorous, theoretically grounded, and 

application-aware gradient clipping techniques. 

 

7. Conclusion 

Despite extensive research on gradient clipping as a 

tool for stabilising optimisation in deep learning, 

significant opportunities still exist to enhance 

understanding and application. Current studies 

mainly concentrate on empirical implementations 

and specific model types, leaving gaps in systematic 

methodology and theoretical foundation. This review 

highlights the need for further exploration of the 

dynamics of gradient clipping, its interactions with 

other optimisation strategies, and its effects on 

model expressiveness and convergence. Although 

gradient clipping has been widely adopted, much of 

the literature does not fully incorporate existing 

theoretical frameworks or offer rigorous, 

reproducible methods. Additionally, challenges 

remain in applying clipping techniques to emerging 

areas such as large-scale, distributed learning and 

privacy-preserving training. Therefore, while gradient 

clipping is an established method, future research 

needs to address these limitations to improve both 

practical effectiveness and theoretical understanding. 

The insights from this review provide a foundation 

for developing adaptive, theory-informed, and 

application-aware gradient clipping approaches in 

modern deep learning. 
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